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Preface
Due to a convergence of large open-source datasets, significant improvements in the parallelization capabilities of hardware (notably, multi-thousand core graphics processing units), and renewed academic interest in
decades-old neural network algorithms, primary subfields of AI have flourished in the past 5 years. Natural
Language Processing, Computer Vision, and robotics have attained impressive performance across many key
AI tasks.
In this thesis we focus not on the development of new AI algorithms, but on their application to a series of
important problems in healthcare and medicine. Machine learning and AI will impact industries that generate
significant amounts of data, by extracting insights that humans cannot. Healthcare and medicine are examples
of such industries and thus are excellent use cases for AI deployment.
Our story is divided into 4 sections - neuroscience, psychiatry, drug screening, and dermatology - all
linked by the common thread of using AI to enhance the expert, either in-clinic or in the analysis of data.
This underlying motif is the connection to a paradigm in AI development popularized as the virtual cycle of
AI: build a product that has front-facing user value, generate data with it, use that data to train AI algorithms
that improve your product, acquire more data, etc.
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Predictions of nuclear labels (DAPI or Hoechst) from unlabeled images. (a) Upper-left-corner
crops of test images from datasets in Table 4.2; please note that images in all figures are small
crops from much larger images and that the crops were not cherry-picked. The first column
is the center transmitted image of the z-stack of images of unlabeled cells used by the model
to make its prediction. The second and third columns are the true and predicted fluorescent
labels, respectively. Predicted pixels that are too bright (false positives) are magenta and
those too dim (false negatives) are shown in teal. Condition Red Outset 4 and Condition
Yellow Outset 2 shows false negatives. Condition Green Outset 3 and Condition Blue Outset
1 show false positives. Condition Yellow Outsets 3 and 4 and Condition Green Outset 2 show
a common source of error, where the extent of the nuclear label is predicted imprecisely.
Other outsets show correct predictions. Scale bars are 40 µm. (b) The scatter plots compare
the true fluorescence pixel intensity to the model’s predictions, with inset Pearson r values.
The solid line is the best linear fit. See Supplementary Figure 4.19 for a detailed breakdown.
Under each scatter plot is a further categorization of the errors and the percentage of time
they occurred. Split is when the model mistakes one cell as two or more cells. Merged is
when the model mistakes two or more cells as one. Added is when the model predicts a cell
when there is none (i.e., a false positive), and missed is when the model fails to predict a cell
when there is one (i.e., a false negative). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

4.7

Predictions of cell viability from unlabeled live images. The trained model was tested for its
ability to predict cell death, indicated by labeling with propidium iodide staining shown in
green. (a) Upper-left-corner crops of cell death predictions on the datasets from Condition
Green (Table 4.2). Similarly to Figure 4.6, the first column is the center phase contrast image
of the z-stack of images of unlabeled cells used by the model to make its prediction. The
second and third columns are the true and predicted fluorescent labels, respectively, shown
in green. Predicted pixels that are too bright (false positives) are magenta and those too dim
(false negatives) are shown in teal. The true (Hoechst) and predicted nuclear labels have
been added in blue to the true and predicted images for visual context. Outset 1 in a shows
a misprediction of the extent of a dead cell, and Outset 3 in a shows a true positive adjacent
to DNA-free debris which was predicted to be propidium iodide positive. The other outsets
show correct predictions. (b) The scatter plot compares the true fluorescence pixel intensity
to the model’s predictions, with inset Pearson values, on the full Condition Green test set.
The solid line is the best linear fit. See Supplementary Figure 4.20 for a detailed breakdown.
(c) A further categorization of the errors and the percentage of time they occurred. Split is
when the model mistakes one cell as two or more cells. Merged is when the model mistakes
two or more cells as one. Added is when the model predicts a cell when there is none (i.e. a
false positive), and missed is when the model fails to predict a cell when there is one (i.e. a
false negative). The scale bars are 40 µm. . . . . . . . . . . . . . . . . . . . . . . . . . . . 135
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4.8

Predictions of cell type from unlabeled images. The model was tested for its ability to predict from unlabeled images which cells are neurons. The neurons come from cultures of
induced pluripotent stem cells differentiated toward the motor neuron lineage but which contain mixtures of neurons, astrocytes, and immature dividing cells. (a) Upper-left-corner crops
of neuron label (TuJ1) predictions, shown in green, on the Condition Red data (Table 4.2).
The unlabeled image that is the basis for the prediction and the images of the true and predicted fluorescent labels are organized similarly to Figure 4.6. Predicted pixels that are too
bright (false positives) are magenta and those too dim (false negatives) are shown in teal.
The true and predicted nuclear (Hoechst) labels have been added in blue to the true and predicted images for visual context. Outset 3 in a shows a false positive: a cell with a neuronal
morphology that was not TuJ1 positive. The other outsets show correct predictions. (b) The
scatter plot compares the true fluorescence pixel intensity to the model’s predictions, with
inset Pearson values, on the full Condition Red test set. The solid line is the best linear fit.
See Supplementary Figure 4.20 for a detailed breakdown. (c) A further categorization of
the errors and the percentage of time they occurred. The error categories of split, merged,
added and missed are the same as in Figure 4.6. There is an additional ”human vs human”
column, showing the expected disagreement between expert humans predicting which cells
were neurons from the true fluorescence image, treating a random expert’s annotations as
ground truth. The scale bars are 40 m. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

4.9

The repeated module, the basic building block of this deep network model. Data flows from
the bottom to the top, along the indicated edges. Red operations contain variables to be
learned, green operations have no trained variables, and blue operations are batch normalization [189]. This module is parameterized with three values: the width w, the size of the
first convolution kernel k, and the stride s. CEXPAND is a constant, which we set to 5.41
after hyperparameter tuning. It is used in one of three configurations: (1) in the in-scale configuration, k = 3 and s = 1; (2) in the down-scale configuration, k = 4 and s = 2; (3) in the
up-scale configuration, k = 4, s = 2, the max pool is dropped, and the expand convolution is
replaced with a transposed convolution11, followed by a center crop to make the convolution
transpose more space invariant. In this crop, activations within two rows or columns of the
border are discarded. All convolutions and the max pooling are VALID, meaning they don’t
use any imputed missing activation values. . . . . . . . . . . . . . . . . . . . . . . . . . . . 137
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4.10 The deep neural network, the full statistical model used for label prediction. The rectangles
and hexagons are the network modules: the rectangles are in-scale, the hexagons with flat
bottoms are down-scale, and the hexagons with flat tops are up-scale. The octagons at the
bottom are raw pixels read from the unlabeled image stack, and the octagons at the top are
model heads, from which the predicted patches are derived for each fluorescent label. The
colors correspond to the spatial scale of each particular module. Purple is the native scale,
blue is 2⇥ downscale, green is 4⇥ downscale, orange is 8⇥ downscale, and red is 16⇥
downscale. The top number in each module is the number of rows and columns of its output
layer. The bottom two numbers are the widths of the modules expansion and reduction layers,
respectively. The network reads from a concentric set of five square patches, ranging in size
from 72⇥72 pixels to 250⇥250 pixels, processes each one independently, merges them, does
more processing, then predicts a number of 8⇥8 patches. . . . . . . . . . . . . . . . . . . . 138
4.11 Sample manual error annotations for the nuclear label (DAPI) prediction task on the Condition Green data. The unlabeled image that is the basis for the prediction and the images of
the true and predicted fluorescent labels are organized similarly to Figure 4.6, but the fourth
column instead displays manual annotations. Merge errors are shown as red dots, add errors
are shown as light blue dots, and miss errors are shown as pink dots. There are no split errors. All other dots indicate agreement between the true and predicted labels. Outset 1 shows
an add error in the upper left, a miss error in the center, and six correct predictions. Outset
2 shows a merge error. Outset 4 shows an add error and four correct predictions. Outset
3 shows one correct prediction, and a cell clump excluded from consideration because the
human annotators could not determine where the cells are in the true label image. The scale
bars are 40 µm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139
4.12 Sample manual error annotations for the cell death label (propidium iodide) prediction task
on the Condition Green data. The unlabeled image that is the basis for the prediction and
the images of the true and predicted fluorescent labels are organized similarly to Figures
4.6 and 4.7, but the fourth column instead displays manual annotations, and the true and
predicted nuclear (DAPI) labels have been added for visual context. Merge errors are shown
as red dots, add errors are shown as light blue dots, miss errors are shown as pink dots, and
add errors which were reclassified as correct debris predictions are shown as yellow dots.
There are no split errors. Outset 2 shows an add error at the bottom and a reclassified add
error shown at top. The top error was reclassified because of the visible debris in the phase
contrast image. Outset 5 shows an add error at the top and a reclassified add error at the
left. Outset 7 shows a reclassified add error. Outset 8 shows a merge error at the top and a
reclassified add error at the bottom. All other dots in the outsets show correct predictions.
Note, the dead cell on the left in Outset 3 is slightly positive for the true death label, though
it is very dim. The scale bars are 40 µm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140
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4.13 Machine learning workflow for model development. (a) Example z-stack of transmitted light
images with five colored squares showing the models multiscale input. The squares range
in size, increasing approximately from 72⇥72 pixels to 250⇥250 pixels, and they are all
centered at the same fixation point. Each square is cropped out of the transmitted light image
from the z-stack and input to the model component of the same color in b. (b) Simplified
model architecture. The model is composed of six serial sub-networks (towers) and one or
more pixel-distribution-valued predictors (heads). The first five towers process information at
one of five spatial scales and bring the information into spatial alignment at the native spatial
scale. The sixth and last tower processes the aligned information. (c) Predicted images at an
intermediate stage of image prediction. The model has already predicted pixels to the upper
left of its fixation point, but hasn’t yet predicted pixels for the lower right part of the image.
The input and output fixation points are kept in lockstep and are scanned in raster order to
produce the full predicted images. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141
4.14 Predictions of neurite type from unlabeled images. (a) Upper-left-corner crops of dendrite
(MAP2) and axon (neurofilament) label predictions on the Conditions Yellow and Blue datasets.
The unlabeled image that is the basis for the prediction and the images of the true and predicted fluorescent labels are organized similarly to Figure 4.6. Predicted pixels that are too
bright (false positives) are magenta and those too dim (false negatives) are shown in teal. The
true and predicted nuclear (DAPI) labels have been added to the true and predicted images in
blue for visual context. Outset 4 for the axon label prediction task in Condition Yellow shows
a false positive, where an axon label was predicted to be brighter than it actually was. Outset
1 for the dendrite label prediction task in Condition Blue shows a false negative, where a
dendrite was predicted to be an axon. Outset 4 in the same row shows an error in which the
model underestimates the extent and brightness of the dendrite label. Outsets 1,2 for the axon
label prediction task in Condition Blue are false negatives, where the model underestimated
the brightness of the axon labels. All outsets in this row show the model does a poor job predicting fine axonal structures in Condition Blue. All other outsets show correct predictions.
Scale bars are 40 m. (b) Pixel intensity scatter plots and the calculated Pearson coefficients
for the correlation between the intensity of the actual label for each pixel and the predicted
label. See Supplementary Figure 4.20 for a detailed breakdown. . . . . . . . . . . . . . . . 142
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4.15 An evaluation of the ability of the trained network to exhibit transfer learning. (a) Upper-leftcorner crops of nuclear (DAPI) and foreground (CellMask) label predictions on the Condition
Violet dataset, representing 9% of the full image. The unlabeled image used for the prediction
and the images of the true and predicted fluorescent labels are organized similarly to Figure
4.6. Predicted pixels that are too bright (false positives) are magenta and those too dim
(false negatives) are shown in teal. In the second row, the true and predicted nuclear labels
have been added to the true and predicted images in blue for visual context. Outset 2 for
the nuclear label task shows a false negative in which the model entirely misses a nucleus
below a false positive in which it overestimates the size of the nucleus. Outset 3 for the
same row shows the model underestimate the sizes of nuclei. Outsets 3,4 for the foreground
label task show prediction artifacts; Outset 3 is a false positive in a field that contains no
cells, and Outset 4 is a false negative at a point that is clearly within a cell. All other outsets
show correct predictions. The scale bars are 40 m. (b) Pixel intensity scatter plots and the
calculated Pearson coefficients for the correlations between the pixel intensities of the actual
and predicted label. Although very good, the predictions have visual artifacts such as clusters
of very dark or very bright pixels (e.g., boxes 3 and 4, second row). These may be a product
of a paucity of training data. See Supplementary Figure 4.21 for a detailed breakdown. . . . 143
4.16 Predictions of neuron subtype from unlabeled images. (a) Upper-left-corner crops of motor
neuron label (Islet1) predictions for Condition Red dataset. The unlabeled image that is
the basis for the prediction and the images of the true and predicted fluorescent labels are
organized similarly to Figure 4.6, but in the first row the true and predicted nuclear (DAPI)
labels have been added to the true and predicted images in blue for visual context, and in
the second row the true and predicted neuron (TuJ1) labels were added. Outset 1 shows a
false positive, in which a neuron was wrongly predicted to be a motor neuron. Outset 4
shows a false negative above a false positive. The false negative is a motor neuron that was
predicted to be a non-motor neuron, and the false positive is a non-motor neuron that was
predicted to be a motor neuron. The two other outsets show correct predictions. The scale
bars are 40 m. (b) Pixel intensity scatter plots and the calculated Pearson coefficients for the
correlation between the intensity of the actual label for each pixel and the predicted label.
See Supplementary Figure 4.21 for a detailed breakdown. . . . . . . . . . . . . . . . . . . 144
4.17 Dependence of model performance on the number of images in the transmitted light z-stack.
The x-axis is the number of images in the model input. The y-axis is the cross entropy loss on
fluorescence label prediction on a validation set. Each dot is the loss of a single model after
training for 4 million steps with the optimal learning rate of 3e-6. Two models were trained
for each configuration, yielding 26 dots. The curve is the degree 5 polynomial which best fits
the data under the least squares loss. The more distinct z-depths provided to the model, the
better it performs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145
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4.18 Comparison of the proposed model to DeepLab and U-Net. The curves show cross entropy
loss on the training and validation data, as a function of the number of training steps. The
proposed model achieved a lower loss than U-Net, which achieved a lower loss than DeepLab.
All models were trained for at least 10 million steps, which took around 2 weeks per model
training on a cluster of 64 machines. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146
4.19 Breakdown of scatter plots from Figure 4.6. Each subfigure shows the original scatter plot,
along with scatter plots restricted to true / predicted pixel pairs where the true intensity is
above the indicated threshold. These additional plots help explain how well the model can
predict the intensity of a pixel, given the true pixel intensity is above a certain level. (a) Condition Red. There were no true pixels with intensity > 0.8 for this condition. (b) Condition
Yellow. (c) Condition Green. (d) Condition Blue. . . . . . . . . . . . . . . . . . . . . . . . 147
4.20 Breakdown of scatter plots from Figures 4.7 and 4.8 and Supplementary Figure 4.14 in the
same style as Supplementary Figure 4.19. (a) Figure 4.7. (b) Figure 4.8. (c) Supplementary
Figure 4.14. The first row is Condition Yellow, MAP2 prediction. The second row is Condition Yellow, Neurofilament prediction. The third row is Condition Blue, MAP2 prediction.
The fourth row is Condition Blue, Neurofilament prediction. . . . . . . . . . . . . . . . . . 148
4.21 Breakdown of scatter plots from Supplementary Figures 4.3 and 4.9 in the same style as Supplementary Figure 4.19. (a) Supplementary Figure 4.15. The first row is DAPI prediction.
The second row is CellMask prediction. (b) Supplementary Figure 4.16. . . . . . . . . . . . 149
5.1

Deep convolutional neural network layout. Our classification technique is a deep convolutional neural network (CNN). Data flow is from left to right: an image of a skin lesion (e.g.
melanoma) is sequentially warped into a probability distribution over clinical classes of skin
disease using Googles Inception-v3 CNN architecture pretrained on the ImageNet dataset
(1.28 million images over 1000 generic object classes) and fine-tuned on our own dataset of
129,450 skin lesions comprised of 2,032 different diseases. 757 training classes are defined
using a novel taxonomy of skin disease and a partitioning algorithm that maps diseases into
training classes (e.g. acrolentiginous melanoma, amelanotic melanoma, lentigo melanoma).
Inference classes are more general and are composed of one or more training classes (e.g.
malignant melanocytic lesions - the class of melanomas). The probability of an inference
class is calculated by summing the probabilities of the training classes according to taxonomy structure.
** Inception-v3 CNN architecture reprinted from https://research.googleblog.com/2016/03/trainyour-own-image-classifier-with.html . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152
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5.2

A schematic illustration of the taxonomy and example test set images. a. A subset of
the top of the tree-structured taxonomy. The full taxonomy contains 2,032 diseases and is
organized based on visual and clinical similarity of diseases. Red indicates malignant, green
indicates benign, and orange indicates conditions that can be either. Black is melanoma. The
first two levels of the taxonomy are used in validation. Testing is restricted to the tasks of b.
b. Example test set images highlight the difficulty of malignant vs benign discernment for
the three medically-critical classification tasks we consider: epidermal lesions, melanocytic
lesions, and melanocytic lesions visualized with a dermoscope.

5.3

. . . . . . . . . . . . . . . 153

General Validation Results Here we show ninefold cross-validation classification accuracy
with 127,463 images organized in two different strategies. In each fold, a different ninth
of the dataset is used for validation, and the rest is used for training. Reported values are
the mean and standard deviation of the validation accuracy across all n = 9 folds. These
images are labelled by dermatologists, not necessarily through biopsy; meaning that this
metric is not as rigorous as one with biopsy-proven images. Thus we only compare to two
dermatologists as a means to validate that the algorithm is learning relevant information. a,
Three-way classification accuracy comparison between algorithms and dermatologists. The
dermatologists are tested on 180random images from the validation set 60 per class. The
three classes used are first-level nodes of our taxonomy. A CNN trained directly on these three
classes also achieves inferior performance to one trained with our partitioning algorithm (PA).
b, Nine-way classification accuracy comparison between algorithms and dermatologists. The
dermatologists are tested on 180 random images from the validation set 20 per class. The nine
classes used are the second-level nodes of our taxonomy. A CNN trained directly on these
nine classes achieves inferior performance to one trained with our partitioning algorithm. c,
Disease classes used for the three-way classification represent highly general disease classes.
d, Disease classes used for nine-way classification represent groups of diseases that have
similar aetiologies. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155
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5.4

Skin cancer classification performance of the CNN and dermatologists. a, The deep
learning CNN outperforms the average of the dermatologists at skin cancer classification
using photographic and dermoscopic images. Our CNN is tested against at least 21dermatologists at keratinocyte carcinoma and melanoma recognition. For each test, previously
unseen, biopsy-proven images of lesions are displayed, and dermatologists are asked if they
would: biopsy/treat the lesion or reassure the patient. Sensitivity, the true positive rate, and
specificity, the true negative rate, measure performance. A dermatologist outputs a single
prediction per image and is thus represented by a single red point. The green points are
the average of the dermatologists for each task, with error bars denoting one standard deviation (calculated from n = 25, 22 and 21 tested dermatologists for keratinocyte carcinoma,
melanoma and melanoma under dermoscopy, respectively). The CNN outputs a malignancy
probability P per image. We fix a threshold probability t such that the prediction y̆ for any
image is y̆ = P

t, and the blue curve is drawn by sweeping t in the interval 01. The AUC

is the CNNs measure of performance, with a maximum value of 1. The CNN achieves superior performance to a dermatologist if the sensitivityspecificity point of the dermatologist
lies below the blue curve, which most do. Epidermal test: 65 keratinocyte carcinomas and
70 benign seborrheic keratoses. Melanocytic test: 33 malignant melanomas and 97 benign
nevi. A second melanocytic test using dermoscopic images is displayed for comparison: 71
malignant and 40 benign. The slight performance decrease reflects differences in the difficulty of the images tested rather than the diagnostic accuracies of visual versus dermoscopic
examination. b, The deep learning CNN exhibits reliable cancer classification when tested
on a larger dataset. We tested the CNN on more images to demonstrate robust and reliable
cancer classification. The CNNs curves are smoother owing to the larger test set. . . . . . . 156
5.5

t-SNE visualization of the last hidden layer representations in the CNN for four disease
classes. Here we show the CNNs internal representation of four important disease classes by
applying t-SNE, a method for visualizing high-dimensional data, to the last hidden layer representation in the CNN of the biopsy-proven photographic test sets (932 images). Coloured
point clouds represent the different disease categories, showing how the algorithm clusters
the diseases. Insets show images corresponding to various points. Images reprinted with
permission from the Edinburgh Dermofit Library (https://licensing.eri.ed.ac.uk/i/ . . . . . . 157
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5.6

Disease-partitioning algorithm. This algorithm uses the taxonomy to partition the diseases
into fine-grained training classes. We find that training on these finer classes improves the
classification accuracy of coarser inference classes. The algorithm begins with the top node
and recursively descends the taxonomy (line 19), turning nodes into training classes if the
amount of data contained in them (with the convention that nodes contain their children)
does not exceed a specified threshold (line 15). During partitioning, the recursive property
maintains the taxonomy structure, and consequently, the clinical similarity between different
diseases grouped into the same training class. The data restriction (and the fact that training
data are fairly evenly distributed amongst the leaf nodes) forces the average class size to be
slightly less than maxClassSize. Together these components generate training classes that
leverage the fine-grained information contained in the taxonomy structure while striking a
balance between generating classes that are overly fine-grained and do not have sufficient
data to be learned properly, and classes that are too coarse, too data abundant and that prevent
the algorithm from properly learning less data-abundant classes. With maxClassSize = 1, 000
this algorithm yields 757 training classes. . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

5.7

Procedure for calculating inference class probabilities from training class probabilities.
Illustrative example of the inference procedure using a subset of the taxonomy and mock
training/inference classes. Inference classes (for example, malignant and benign lesions)
correspond to the red nodes in the tree. Training classes (for example, amelanotic melanoma,
blue nevus), which were determined using the partitioning algorithm with maxClassSize =
1, 000, correspond to the green nodes in the tree. White nodes represent either nodes that
are contained in an ancestor nodes training class or nodes that are too large to be individual
training classes. The equation represents the relationship between the probability of a parent
node, u, and its children, C(u); the sum of the child probabilities equals the probability of the
parent. The CNN outputs a distribution over the training nodes. To recover the probability
of any inference node it therefore suffices to sum the probabilities of the training nodes that
are its descendants. A numerical example is shown for the benign inference class: Pbenign =
0.6 = 0.1 + 0.05 + 0.05 + 0.3 + 0.02 + 0.03 + 0.05. . . . . . . . . . . . . . . . . . . . . . . 161
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5.8

Confusion matrix comparison between CNN and dermatologists. Confusion matrices
for the CNN and both dermatologists for the nine-way classification task of the second validation strategy reveal similarities in misclassification between human experts and the CNN.
Element (i, j) of each confusion matrix represents the empirical probability of predicting class
j given that the ground truth was class i, with i and j referencing classes from Extended Data
Table 2d. Note that both the CNN and the dermatologists noticeably confuse benign and
malignant melanocytic lesionsclasses 7 and 8with each other, with dermatologists erring on
the side of predicting malignant. The distribution across column 6inflammatory conditionsis
pronounced in all three plots, demonstrating that many lesions are easily confused with this
class. The distribution across row 2 in all three plots shows the difficulty of classifying malignant dermal tumours, which appear as little more than cutaneous nodules under the skin. The
dermatologist matrices are each computed using the 180images from the nine-way validation
set. The CNN matrix is computed using a random sample of 684images (equally distributed
across the nine classes) from the validation set. . . . . . . . . . . . . . . . . . . . . . . . . 162

5.9

Saliency maps for nine example images from the second validation strategy. Saliency
maps for example images from each of the nine clinical disease classes of the second validation strategy reveal the pixels that most influence a CNNs prediction. Saliency maps show
the pixel gradients with respect to the CNNs loss function. Darker pixels represent those with
more influence. We see clear correlation between the lesions themselves and the saliency
maps. Conditions with single lesions - a, b, c, d, e, f - tend to exhibit tight saliency maps
centered around the lesions themselves. Conditions with spreading lesions - g, h, i - exhibit
saliency maps that similarly occupy multiple points of interest in the images. (a) malignant
melanocytic lesion (b) malignant epidermal lesion (c) malignant dermal lesion (d) benign
melanocytic lesion (e) benign epidermal lesion (f) benign dermal lesion (g) inflammatory
condition (h) genodermatosis (i) cutaneous lymphoma. . . . . . . . . . . . . . . . . . . . . 163

5.10 Extension of Figure 3 with a different dermatological question. a. Identical plots and
results to Figure 3(a), except that dermatologists are asked if a lesion appears (a) malignant,
or (b) benign. This is a somewhat unnatural question to ask - in-clinic, the only actionable
decision is whether or not to biopsy/treat a lesion. The blue curves for the CNN are identical
to Figure 3. b. Figure 3(b) reprinted for visual comparison to a.

. . . . . . . . . . . . . . . 164

5.11 Key factors for skin cancer care include early detection and tracking over time. Top Row:
superficial spreading melanoma, evolving in time [367]. Bottom left: comparison between
malignant and benign lesions shows the difficulty in early detection. Bottom right: examples
of patients afflicted with many lesions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165
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5.12 Data Synthesis. Skin lesions are blended with raw body images to generate detection and
tracking data. (Left) Example biopsied skin lesion and raw body images. Top diagrams
show the lesion segmentation mask and the gradient field along with semantic regions used
to calculate blending locations. (Middle) Generated training images for detection and corresponding label masks. Red areas represent blended malignant lesions, yellow areas represent
blended benign lesions. (Right) Generated training images for tracking, along with a few
example pixel-wise correspondences. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167
5.13 Detection and Tracking System. The network is trained on synthetic data and tested on
real data. Top row shows the detection pipeline, bottom row shows tracking. The detection
network is composed of a convolution section followed by a deconvolution section, with
skip-link connections between non-adjacent layers. The network outputs per-pixel labels
over two malignant, two benign, and one background class. In the top right we show the
raw prediction heat map and the detection result after post processing. The tracking network
takes the convolutional component of the detection network, and splits it up into a smaller
convolutional part, and an atrous convolutional part. The two tracking images are each fed
through the network and merged by a subtraction before the per-pixel shift prediction.

. . . 170

5.14 Detection and Tracking Image Results. Left: Detection results, Right: Tracking results.
Four examples from our detection pipeline, compared to a baseline sliding-window classifier
technique. Top row: original image. Second row: raw output of the network. Third row: final
results after post-processing. Fourth row: final results from the baseline. Two examples from
our tracking pipeline, compared to SIFT-Flow and Deformable Spatial Pyramid baselines,
using a = 0.05. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176
5.15 Quantitative Results. Detection results (top): ROC curve comparing our technique against
a baseline sliding window method and two non-expert humans. Recall rate is shown in the
parenthesis of the legend. Tracking Results (bottom): mean percentage of correct keypoints
(PCK) as a function of a = p/L, where p is the number of pixels, and L is the diagonal length
of the image. We compare our method, with and without feature matching (fm), to SIFTFlow
and Deformable Spatial Pyramids. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176
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Chapter 1

Introduction
This thesis is composed of four chapters in neuroscience, psychiatry, drug screening, and dermatology - all
linked by the common thread of using AI to enhance the expert.
In Chapter 2: Neuroscience, we show that humans categorize visual scenes based on the functionality
of the scene, and that our brain’s visual system is split into two networks: the first processes visual features,
and the second connects information about the current scene with a broader temporal and spatial context. We
go on to make a case for the scalability of neuroscience, adopting a paradigm focused on the recording of
in-vivo information and the reporting of that information to external sources, contemplating how techniques
will change as our ability to measure and interpret the activity of individual neurons grows to encompass the
entire brain. We highlight a number of critical fields and technologies which we believe will be paramount to
this topic.
In Chapter 3: Psychiatry, we demonstrate that an AI system composed of a camera and eye-tracker can
classify Fragile-X-Syndrome Autism against generic developmental disorders directly from a video stream,
by monitoring the interaction between a patient and physician. This system can diagnose autism in under 60
seconds, orders of magnitude faster than the hours to days of psychologist-time typically required.
Chapter 4: Drug Screening focuses on cellular biology, where we build a computer vision system capable of predicting molecular stain protocols of neurons in petri dishes, imaged via bright-field and confocal
microscopy. This automation has the potential to significantly increase the iterative speed of drug trials. In
experiments where neurons are perturbed with drugs (i.e. for Alzheimer’s Disease) and stained - a process
which disrupts the life-cycle of the neurons and can harm or kill them - we offer an equally accurate technique
which passively monitors them and provides the same degree of insight. We name this technique In-Silico
Labeling.
Finally, in Chapter 5: Dermatology, we apply computer vision to the classification, detection, and tracking of skin cancers in clinical and dermoscopic photographs. We begin by demonstrating that a deep neural
network can achieve the performance of board-certified dermatologists at classifying skin cancers against
benign neoplasms. We then build a system for the detection and tracking of single lesions, both cancerous
1
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and benign, from far-away photographs of body sections.

1.0.1

Neuroscience

How do we know that a kitchen is a kitchen by looking? Traditional models posit that scene categorization is
achieved through recognizing necessary and sufficient features and objects, yet there is little consensus about
what these may be. However, scene categories should reflect how we use visual information. We therefore
test the hypothesis that scene categories reflect functions, or the possibilities for actions within a scene. Our
approach is to compare human categorization patterns with predictions made by both functions and alternative models. We collected a large-scale scene category distance matrix (5 million trials) by asking observers
to simply decide whether two images were from the same or different categories. Using the actions from
the American Time Use Survey, we mapped actions onto each scene (1.4 million trials). We found a strong
relationship between ranked category distance and functional distance (r=0.50, or 66% of the maximum possible correlation). The function model outperformed alternative models of object-based distance (r=0.33),
visual features from a convolutional neural network (r=0.39), lexical distance (r=0.27), and models of visual
features. Using hierarchical linear regression, we found that functions captured 85.5% of overall explained
variance, with nearly half of the explained variance captured only by functions, implying that the predictive
power of alternative models was due to their shared variance with the function-based model. These results
challenge the dominant school of thought that visual features and objects are sufficient for scene categorization, suggesting instead that a scenes category may be determined by the scenes function.
Research on visual scene understanding has identified a number of regions involved in processing natural
scenes, but has lacked a unifying framework for understanding how these different regions are organized and
interact. We propose a new organizational principle, in which scene processing relies on two distinct networks that split the classically defined Parahippocampal Place Area (PPA). The first network consists of the
Transverse Occipital Sulcus (TOS, or the Occipital Place Area) and the posterior portion of the PPA (pPPA).
These regions have a well-defined retinotopic organization and do not show strong memory or context effects,
suggesting that this network primarily processes visual features from the current view of a scene. The second
network consists of the caudal Inferior Parietal Lobule (cIPL), Retrosplenial Cortex (RSC), and the anterior
portion of the PPA (aPPA). These regions are involved in a wide range of both visual and non-visual tasks
involving episodic memory, navigation, and imagination, and connect information about a current scene view
with a much broader temporal and spatial context. We provide evidence for this division from a diverse set of
sources. Using a data-driven approach to parcellate resting-state fMRI data, we identify coherent functional
regions corresponding to scene-processing areas. We then show that a network clustering analysis separates
these scene-related regions into two adjacent networks, which show sharp changes in connectivity properties. Additionally, we argue that the cIPL has been previously overlooked as a critical region for full scene
understanding, based on a meta-analysis of previous functional studies as well as diffusion tractography results showing that cIPL is well-positioned to connect visual cortex with other cortical systems. This new
framework for understanding the neural substrates of scene processing bridges results from many lines of
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research, and makes specific predictions about functional properties of these regions. Two major initiatives
to accelerate research in the brain sciences have focused attention on developing a new generation of scientific instruments for neuroscience. These instruments will be used to record static (structural) and dynamic
(behavioral) information at unprecedented spatial and temporal resolution and report out that information in
a form suitable for computational analysis. We distinguish between recording — taking measurements of
individual cells and the extracellular matrix — and reporting — transcoding, packaging and transmitting the
resulting information for subsequent analysis — as these represent very different challenges as we scale the
relevant technologies to support simultaneously tracking the many neurons that comprise neural circuits of
interest. We investigate a diverse set of technologies with the purpose of anticipating their development over
the span of the next 10 years and categorizing their impact in terms of short-term [1-2 years], medium-term
[2-5 years] and longer-term [5-10 years] deliverables.
This chapter is joint work with Chris Baldassano, Michelle Greene, Diane M. Beck, Fei-Fei Li, Thomas
Dean, Biafra Ahanonu, Mainak Chowdhury, Anjali Datta, Daniel Eth, Nobie Redmon, Oleg Rumyantsev,
and Ysis Tarter.

1.0.2

Psychiatry

This section proposes a system for fine-grained classification of developmental disorders via measurements
of individuals eye-movements using multi-modal visual data. While the system is engineered to solve a
psychiatric problem, we believe the underlying principles and general methodology will be of interest not
only to psychiatrists but to researchers and engineers in medical machine vision. The idea is to build features
from different visual sources that capture information not contained in either modality. Using an eye-tracker
and a camera in a setup involving two individuals speaking, we build temporal attention features that describe
the semantic location that one person is focused on relative to the other persons face. In our clinical context,
these temporal attention features describe a patients gaze on finely discretized regions of an interviewing
clinicians face, and are used to classify their particular developmental disorder.
This chapter is joint work with Guido Pusiol, Fei-Fei Li, Arnold Milstein, Mike Frank, and Scott Hall.

1.0.3

Drug-Screening

Imaging is a central method in life sciences, and the drive to extract information from microscopy approaches
has led to methods to fluorescently label specific cellular constituents. However, the specificity of fluorescent
labels varies, labeling can confound biological measurements, and spectral overlap limits the number of
labels to a few that can be resolved simultaneously. Here, we developed a deep learning computational
approach called in silico labeling” (ISL) that reliably infers information from unlabeled fixed or live biological
samples that would normally require invasive labeling. ISL predicts different labels in multiple cell types from
independent laboratories. It makes cell type and state predictions by integrating in silico labels, and is not
limited by spectral overlap. The network exhibits transfer learning, enabling it to adapt to new samples with
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small training datasets. ISL thus provides, for negligible additional cost, biological insights from images of
unlabeled samples that would be undesirable or impossible to acquire otherwise.
This chapter is joint work with Eric Christiansen, Samuel J. Yang, D. Michael Ando, Ashkan Javaherian,
Gaia Skibinski, Scott Lipnick, Elliot Mount, Alison ONeil, Kevan Shah, Alicia K. Lee, Piyush Goyal, Liam
Fedus, Ryan Poplin, Marc Berndl, Lee L. Rubin, Philip Nelson, and Steven Finkbeiner.

1.0.4

Dermatology

Skin cancer - the most common human malignancy [1] [352] [401] - is primarily diagnosed visually, beginning with an initial clinical screening, followed potentially by dermoscopic analysis, a biopsy, and histopathological examination. Automated classification of skin lesions using images is a challenging task due to the
fine-grained variability of skin lesion appearance. Deep convolutional neural networks (CNN) [246] [248]
show great promise for general and highly variable tasks over many fine-grained object categories [361]
[233] [189] [410] [411] [171]. Here we show classification of skin lesions using a single CNN, trained endto-end directly from images using only their pixels and disease labels as inputs. We train a CNN on a dataset
of 129,450 clinical images - two orders of magnitude larger than previous datasets [275] - consisting of
2,032 different diseases. We test its performance against 21 board-certified dermatologists on biopsy-proven
clinical images with two critical use cases: binary classification of (1) malignant carcinomas versus benign
seborrheic keratoses, and (2) malignant melanomas versus benign nevi. Case (1) represents the identification
of the most common cancers, and case (2) represents identification of the deadliest skin cancer. The CNN
achieves performance on par with all tested experts across both tasks, demonstrating, for the first time, an
artificial intelligence with dermatologist-level skin cancer classification capability. It is projected that 6.3 billion smartphone subscriptions will exist by the year 2021 [77]. Outfitted with deep neural networks, mobile
devices can extend the reach of dermatologists outside of the clinic, and enable low-cost universal access to
vital diagnostic care.
Dense object detection and temporal tracking is needed across applications domains ranging from peopletracking to analysis of satellite imagery over time. The detection and tracking of malignant skin cancers and
benign moles poses a particularly challenging problem due to the general uniformity of large skin patches,
the fact that skin lesions vary little in their appearance, and the relatively small amount of data available.
Here we introduce a novel data synthesis technique that merges images of individual skin lesions with fullbody images and heavily augments them to generate significant amounts of data. We build a convolutional
neural network (CNN) based system, trained on this synthetic data, and demonstrate superior performance to
traditional detection and tracking techniques. Additionally, we compare our system to humans trained with
simple criteria. Our system is intended for potential clinical use to augment the capabilities of healthcare
providers. While domain-specific, we believe the methods invoked in this work will be useful in applying
CNNs across domains that suffer from limited data availability.
This chapter is joint work with Sebastian Thrun, Rob Novoa, Justin Ko, Yunzhu Li, Brett Kuprel, Helen
Blau, and Susan Swetter.

Chapter 2

Neuroscience
2.1

Visual Scenes are Categorized by Function

Although more than half a century has passed since Attneave issued this challenge, we still have little understanding of how we categorize and conceptualize visual content. The notion of similarity, or family
resemblance, is implicit in how content is conceptualized (Wittgenstein, 2010), yet similarity cannot be defined except in reference to a feature space to be operated over [147, 278]. What feature spaces determine
environmental categories? Traditionally, it has been assumed that this feature space is comprised of a scenes
component visual features and objects [36, 56, 273, 348, 397]. Mounting behavioral evidence, however, indicates that human observers have high sensitivity to the global meaning of an image [128, 152, 332], and
very little sensitivity to the local objects and features that are outside the focus of attention [346]. Consider
the image of the kitchen in Figure 2.1. If objects determine scene category membership, then we would
expect the kitchen supply store (left) to be conceptually equivalent to the kitchen. Alternatively, if scenes are
categorized (labeled) according to spatial layout and surfaces [24, 314, 420], then observers might place the
laundry room (center) into the same category as the kitchen. However, most of us share the intuition that the
medieval kitchen (right) is in the same category, despite sharing few objects and features with the top image.
Why is the image on the right a better category match to the modern kitchen than the other two?
Figure 2.8 illustrates our approach. We constructed a large-scale scene category distance matrix by querying over 2,000 observers on over 63,000 images from 1055 scene categories (Figure 2.8A). Here, the distance
between two scene categories was proportional to the number of observers who indicated that the two putative categories were different. We compared this human categorization pattern with an function-based pattern
created by asking hundreds of observers to indicate which of several hundred actions could take place in each
scene (Figure 2.8B). We can then compute the function-based distance for each pair of categories. We found a
striking resemblance between function-based distance and the category distance pattern. The function model
not only explained more variance in the category distance matrix than leading models of visual features and
objects, but also contributed the most uniquely explained variance of any tested model. These results suggest
5
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Figure 2.1: The top image depicts a kitchen. Which of the bottom images is also a kitchen? Many influential
models of visual categorization assume that scenes sharing objects, such as the kitchen supply store (left), or
layout, such as the laundry room (middle) would be placed into the same category by human observers. Why
is the medieval kitchen also a kitchen despite having very different objects and features from the top kitchen?
that a scenes functions provide a fundamental coding scheme for human scene categorization. In other words,
of the models tested, the functions afforded by the scene best explains why we consider two images to be
from the same category.

2.1.1

Methods

Creating Human Scene Category Distance Matrix
The English language has terms for hundreds of types of environments, a fact reflected in the richness of
large-scale image databases such as ImageNet [102] or SUN [460]. These databases used the WordNet [285]
hierarchy to identify potential scene categories. Yet we do not know how many of these categories reflect
basic- or entry-level scene categories, as little is known about the hierarchical category structure of scenes
[425]. Therefore, our aim was to discover this category structure for human observers at a large scale.
To derive a comprehensive list of scene categories, we began with a literature review. Using Google
Scholar, we identified 116 papers in human visual cognition, cognitive neuroscience, or computer vision
matching the keywords scene categorization or scene classification that had a published list of scene categories. 1535 unique category terms were identified over all papers. Our goal was to identify scene categories
with at least 20 images in publically available databases. We removed 204 categories that did not meet this
criterion. We then removed categories describing animate entities (e.g. Crowd of people, N=44); specific
places (e.g. Alaska, N=42); events (e.g. forest fire, N=35); or objects (e.g. playing cards, N=93). Finally,
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Figure 2.2: (A) We used a large-scale online experiment to generate a distance matrix of scene categories.
Over 2,000 individuals viewed more than 5 million trials in which participants viewed two images and indicated whether they would place the images into the same category. (B) Using the LabelMe tool [362] we
examined the extent to which scene category similarity was related to scenes having similar objects. Our perceptual model used the output features of a state-of-the-art convolutional neural network [383], to examine
the extent to which visual features contribute to scene category. To generate the functional model, we took
227 actions from the American Time Use Survey. Using crowdsourcing, participants indicated which actions
could be performed in which scene categories.
we omitted 62 categories for being close synonyms of another (e.g. country and countryside). This left us
with a total of 1055 scene categories. To obtain images for each category, 722 categories were found in the
SUN database [459], 306 were taken from ImageNet [102], 24 from the Corel database, and three from the
15-scene database of [130, 242, 314].
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We will refer to the 1,055 scene categories as putative categories. Good categories have both high
within-category similarity (cohesion), as well as high between-category distance (distinctiveness) [190, 357].
We performed a large-scale experiment with over 2,000 human observers using Amazons Mechanical Turk
(AMT). In each trial, two images were presented to observers side by side. Half of the image pairs came from
the same putative scene category, while the other half were from two different categories that were randomly
selected. Image exemplars were randomly selected within a category on each trial. In order to encourage participants to categorize at the basic- or entry-level [199, 425], we gave participants the following instructions:
Consider the two pictures below, and the names of the places they depict. Names should describe the type
of place, rather than a specific place and should make sense in finishing the following sentence I am going
to the . , following the operational definition applied in the creation of the SUN database [459]. To ensure
that the instructions were understood and followed, participants were also asked to type in the category name
that they would use for the image on the left-hand side. These data were not analyzed. Participants were not
placed under time pressure to respond, and images remained on screen until response was recorded.
Potential participants were recruited from a pool of trusted observers with at least 2,000 previously approved trials with at least 98% approval. Additionally, participants were required to pass a brief scene vocabulary test before participating. In the vocabulary test, potential participants were required to match ten
scene images to their appropriate category name (see Supplementary Material for names and images). 245
potential participants attempted the qualification test and did not pass. Trials from 14 participants were omitted from analysis for inappropriate typing in the response box. Trials were omitted when workers pasted
the image URL into the category box instead of providing a name (N=586 trials from 3 workers), for submitting the hit before all trials were complete (N=559 trials from 4 workers), for typing category names in
languages other than English (N=195 trials from 2 workers), typing random character strings (N=111 trials
from 2 workers), or for typing in words such as same, left, or pictures, implying that the instructions were
not understood (N=41 trials from 3 workers). Workers were compensated $0.02 for each trial. We obtained
at least 10 independent observations for each cell in the 1055 by 1055 scene matrix, for a total of over 5
million trials. Individual participants completed a median of 5 hits of this task (range: 136,497). There was
a median of 1,116 trials in each of the diagonal entries of the matrix, and a median of 11 trials in each cell of
the off-diagonal entries.
From the distribution of same and different responses, we created a dissimilarity matrix in which the
distance between two scene categories was defined as the proportion of participants who indicated that the two
categories were different. From the 1,055 categories, we identified 311 categories with the strongest withincategory cohesion (at least 70% of observers agreed that images were from the same category). In general,
categories that were omitted were visually heterogeneous, such as community center, or were inherently
multimodal. For example, dressing room could reflect the backstage area of a theatre, or a place to try on
clothes in a department store. Thus, the final dataset included 311 scene categories from 885,968 total trials,
and from 2,296 individual workers.
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Creating the Scene Function Spaces
In order to determine whether scene categories are governed by functions, we needed a broad space of possible actions that could take place in our comprehensive set of scene categories. We gathered these actions from
the lexicon of the American Time Use Survey (ATUS), a project sponsored by the US Bureau of Labor Statistics that uses U.S. census data to determine how people distribute their time across a number of activities.
The lexicon used in this study was pilot tested over the course of three years (Shelley, 2005), and therefore represents a complete set of goal-directed actions that people can engage in. This lexicon was created
independently from any question surrounding vision, scenes, or categories, therefore avoiding the potential
problem of having functions that were designed to distinguish among categories of visual scenes. Instead,
they simply describe common actions one can engage in in everyday life. The ATUS lexicon includes 428
specific activities organized into 17 major activity categories and 105 mid-level categories. The 227 actions
included in our study included the most specific category levels with the following exceptions:
The superordinate category Caring for and Helping Non-household members was dropped as these actions
would be visually identical to those in the Caring for and Helping Household members category. In the ATUS
lexicon, the superordinate-level category Work contained only two specific categories (primary and secondary
jobs). Because different types of work can look very visually different, we expanded this category by adding
22 categories representing the major labor sectors from the Bureau of Labor Statistics. The superordinatelevel category Telephone calls was collapsed into one action because we reasoned that all telephone calls
would look visually similar. The superordinate-level category Traveling was similarly collapsed into one
category because being in transit to go to school (for example) should be visually indistinguishable from being
in transit to go to the doctor. All instances of Security procedures have been unified under one category for
similar reasons. All instances of Waiting have been unified under one category. All Not otherwise specified
categories have been removed. The final list of actions can be found in the Supplemental Materials.
To compare this set of comprehensive functions to a human-generated list of functions applied to visual
scenes, we took the 36 function/affordance rankings from the SUN attribute database [324]. In this set,
observers were asked to generate attributes that differentiated scenes.
Mapping Functions Onto Images
In order to test our hypothesis that scene category distance is reflected in the distance of scenes functions, we
need to map functions onto scene categories. Using a separate large-scale online experiment, 484 participants
indicated which of the 227 actions could take place in each of the 311 scene categories. Participants were
screened using the same criterion described above. In each trial, a participant saw a randomly selected
exemplar image of one scene category along with a random selection of 17 or 18 of the 227 actions. Each
action was hyperlinked to its description in the ATUS lexicon. Participants were instructed to use check boxes
to indicate which of the actions would typically be done in the type of scene shown.
Each individual participant performed a median of 9 trials (range: 14,868). Each scene category function
pair was rated by a median of 16 participants (range: 486), for a total of 1.4 million trials.

CHAPTER 2. NEUROSCIENCE

10

We created a 311-category by 227-function matrix in which each cell represents the proportion of participants indicating that the action could take place in the scene category. Since scene categories varied widely in
the number of actions they afford, we created a distance matrix by computing the cosine distance between all
possible pairs of categories, resulting in a 311311 function-based distance matrix. This measures the overlap
between actions while being invariant to the absolute magnitude of the action vector.
Function Space MDS Analysis
To better understand the scene function space, we performed a classical metric multidimensional scaling
(MDS) decomposition of the function distance matrix. This yielded an embedding of the scene categories
such that inner products in this embedding space approximate the (double-centered) distances between scene
categories, with the embedding dimensions ranked in order of importance [55]. In order to better understand
the MDS dimensions, we computed the correlation coefficient between each action (across scene categories)
with the category coordinates for a given dimension. This provides us with the functions that are the most
and least associated with each dimension.
Alternative Models
To put the performance of the function-based model in perspective, we compared it to nine alternative models
based on previously proposed scene category primitives. Five of the models represented visual features, one
model considered human-generated scene attributes, and one model examined the human-labeled objects in
the scenes. As with the function model, these models yielded scene category by feature matrices that were
converted to distance matrices using cosine distance, and then compared to the category distance matrix. The
object and attribute models, like the functional model, were created from human observers scene labeling.
Additionally, two models measured distances directly, based either on the lexical distance between scene
category names (the Semantic Model), or simply by whether scenes belonged to the same superordinate level
category (indoor, urban or natural; the Superordinate-Category Model). We will detail each of the models
below.
Models of Visual Features
A common framework for visual categorization and classification involves finding the necessary and sufficient
visual features to perform categorization e.g.

[131, 243, 315, 345, 440]. Here we constructed distance

matrices based on various visual feature models to determine how well they map on the human categorization
(i.e. the category dissimilarity matrix) and in particular compare their performance to our functional category
model.
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Convolutional Neural Network
In order to represent the state-of-the-art in terms of visual features, we generated a visual feature vector
using the publicly distributed OverFeat convolutional neural network (CNN) [382], which was trained on the
ImageNet 2012 training set [102]. These features, computed by iteratively applying learned nonlinear filters
to the image, have been shown to be a powerful image representation for a wide variety of visual tasks [342].
This 7-layer CNN takes an image of size 231231 as input, and produces a vector of 4096 image features
that are optimized for 1000-way object classification. This network achieves top-5 object recognition on
ImageNet 2012 with approximately 16% error, meaning that the correct object is one of the models first five
responses in 84% of trials. Using the top layer of features, we averaged the features for all images in each
scene category to create a 311-category by 4096-feature matrix.
Gist
We used the Gist descriptor features of [315]. This popular model for scene recognition provides a summary
statistic representation of the dominant orientations and spatial frequencies at multiple scales coarsely localized on the image plane. We used spatial bins at 4 cycles per image and 8 orientations at each of 4 spatial
scales for a total of 3,072 filter outputs per image. We averaged the gist descriptors for each image in each of
the 311 categories to come up with a single 3,072-dimensional descriptor per category.
Color histograms
In order to determine the role of color similarity in scene categorization, we represented color using LAB
color space. For each image, we created a two-dimensional histogram of the a* and b* channels using 50
bins per channel. We then averaged these histograms over each exemplar in each category, such that each
category was represented as a 2500 length vector representing the averaged colors for images in that category.
The number of bins was chosen to be similar to those used in previous scene perception literature [313].
Tiny Images
Torralba and colleagues [420] demonstrated that human scene perception is robust to aggressive image downsampling, and that an image descriptor representing pixel values from such downsampled images could yield
good results in scene classification. Here, we downsampled each image to 32 by 32 pixels (grayscale). We
created our 311-category by 1024 feature matrix by averaging the downsampled exemplars of each category
together.
Gabor Wavelet Pyramid
To assess a biologically inspired model of early visual processing, we represented each image in this database
as the output of a bank of multi-scale Gabor filters. This type of representation has been used to successfully
model the representation in early visual areas [210]. Each image was converted to grayscale, down sampled
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to 128 by 128 pixels, and represented with a bank of Gabor filters at three spatial scales (3, 6 and 11 cycles
per image with a luminance-only wavelet that covers the entire image), four orientations (0, 45, 90 and 135
degrees) and two quadrature phases (0 and 90 degrees). An isotropic Gaussian mask was used for each
wavelet, with its size relative to spatial frequency such that each wavelet has a spatial frequency bandwidth
of 1 octave and an orientation bandwidth of 41 degrees. Wavelets were truncated to lie within the borders of
the image. Thus, each image is represented by 3*3*2*4+6*6*2*4+11*11*2*4 = 1328 total Gabor wavelets.
We created the feature matrix by averaging the Gabor weights over each exemplar in each category.
Object-based Model
Our understanding of high-level visual processing has generally focused on object recognition, with scenes
considered as a structured set of objects [36]. Therefore, we also consider a model of scene categorization
that is explicitly built upon objects. In order to model the similarity of objects within scene categories, we
employed the LabelMe tool [363] that allows users to outline and annotate each object in each image by hand.
7,710 scenes from our categories were already labeled in the SUN 2012 release [459], and we augmented
this set by labeling an additional 223 images. There were a total of 3,563 unique objects in this set. Our
feature matrix consisted of the proportion of scene images in each category containing a particular object.
For example, if 10 out of 100 kitchen scenes contained a blender, the entry for kitchen-blender would be
0.10. In order to estimate how many labeled images we would need to robustly represent a scene category,
we performed a bootstrap analysis in which we resampled the images in each category with replacement
(giving the same number of images per category as in the original analysis), and then measured the variance
in distance between categories. With the addition of our extra images, we ensured that all image categories
either had at least 10 fully labeled images or had mean standard deviation in distance to all other categories
of less than 0.05 (e.g. less than 5% of the maximal distance value of 1).
Scene-Attribute Model
Scene categories from the SUN database can be accurately classified according to human-generated attributes
that describe a scenes material, surface, spatial, and functional scene properties [324]. In order to compare
our function-based model to another model of human-generated attributes, we used the 66 non-function
attributes from [324] for the 297 categories that were common to our studies. To further test the role of
functions, we then created a separate model from the 36 function-based attributes from their study. These
attributes are listed in the Supplementary Material.
Semantic Models
Although models of visual categorization tend to focus on the necessary features and objects, it has long been
known that most concepts cannot be adequately expressed in such terms [456]. As semantic similarity has
been suggested as a means of solving category induction [240], we examined the extent to which category
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structure follows from the semantic similarity between category names. We examined semantic similarity
by examining the shortest path between category names in the WordNet tree using the Wordnet::Similarity
implementation of [325]. The similarity matrix was normalized and converted into distance. We examined
each of the metrics of semantic relatedness implemented in Wordnet::Similarity and found that this path
measure was the best correlated with human performance.
Superordinate-Category Model
As a baseline model, we examined how well a model that groups scenes only according to superordinate-level
category would predict human scene category assessment. We assigned each of the 311 scene categories to
one of three groups (natural outdoors, urban outdoors or indoor scenes). These three groups have been
generally accepted as mutually exclusive and unambiguous superordinate-level categories [425, 459]. Then,
each pair of scene categories in the same group was given a distance of 0 while pairs of categories in different
groups were given a distance of 1.
Model Assessment
To assess how each of the feature spaces resembles the human categorization pattern, we created a 311311
distance matrix representing the distance between each pair of scene categories for each feature space. We
then correlated the off-diagonal entries in this distance matrix with those of the category distance matrix from
the scene categorization experiment. Since these matrices are symmetric, the off-diagonals were represented
in a vector of 48,205 distances.
Noise Ceiling
The variability of human categorization responses puts a limit on the maximum correlation expected by any
of the tested models. In order to get an estimate of this maximum correlation, we used a bootstrap analysis
in which we sampled with replacement observations from our scene categorization dataset to create two new
datasets of the same size as our original dataset. We then correlated these two datasets to one another, and
repeated this process 1000 times.
Hierarchical Regression Analysis
In order to understand the unique variance contributed by each of our feature spaces, we used hierarchical
linear regression analysis, using each of the feature spaces both alone and in combination to predict the
human categorization pattern. In total, 15 regression models were used: (1) all feature spaces used together;
(2) the top four performing features together (functions, objects, attributes and the CNN visual features); (36)
each of the top four features alone; (611) each pair of the top four features; (1215) each set of three of the
top four models. By comparing the r2 values of a feature space used alone to the r2 values of that space in
conjunction with another feature space, we can infer the amount of variance that is independently explained
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by that feature space. In order to visualize this information in an Euler diagram, we used EulerAPE software
[282].

2.1.2

Results

Human Scene Category Distance
To assess the conceptual structure of scene environments, we asked over 2,000 human observers to categorize
images as belonging to 311 scene categories in a large-scale online experiment. The resulting 311 by 311
category distance matrix is shown in Figure 2.3. In order to better visualize the category structure, we have
ordered the scenes using the optimal leaf ordering for hierarchical clustering [25]; allowing us to see what
data-driven clusters emerge.
Several category clusters are visible. Some clusters appear to group several subordinate-level categories
into a single entry-level concept, such as bamboo forest, woodland and rainforest being examples of forests.
Other clusters seem to reflect broad classes of activities (such as sports) which are visually heterogeneous
and cross other previously defined scene boundaries, such as indoor-outdoor [129, 177, 415, 425], or the size
of the space [151, 315, 320]. Such activity-oriented clusters hint that the actions that one can perform in a
scene (the scenes functions) could provide a fundamental grouping principle for scene category structure.
Function-based Distance Best Correlates with Human Category Distance
For each of our feature spaces, we created a distance vector (see Model Assessment) representing the distance
between each pair of scene categories. We then correlated this distance vector with the human distance vector
from the previously described experiment.
In order to quantify the performance of each of our models, we defined a noise ceiling based on the interobserver reliability in the human scene distance matrix. This provides an estimate of the explainable variance
in the scene categorization data, and thus provides an upper bound on the performance of any of our models.
Using bootstrap sampling (see Methods), we found an inter-observer correlation of r=0.76. In other words,
we cannot expect a correlation with any model to exceed this value.
Function-based similarity had the highest resemblance to the human similarity pattern (r=0.50 for comprehensive set, and r=0.51 for the 36 functional attributes). This represents about 2/3 of the maximum observable correlation obtained from the noise ceiling. As shown in Figure 2.4, this correlation is substantially
higher than any of the alternative models we tested. The two function spaces were highly correlated with one
another (r=0.63). As they largely make the same predictions, we will use the results from the 227-function
set for the remainder of the paper.
Of course, being able to perform similar actions often means manipulating similar objects, and scenes
with similar objects are likely to share visual features. Therefore, we compared function-based categorization
patterns to alternative models based on perceptual features, non-function attributes, object-based similarity,
and the lexical similarity of category names.
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Figure 2.3: The human category distance matrix from our large-scale online experiment was found to be
sparse. Over 2,000 individual observers categorized images in 311 scene categories. We visualized the
structure of this data using optimal leaf ordering for hierarchical clustering, and show representative images
from categories in each cluster.
We tested five different models based on purely visual features. The most sophisticated used the top-level
features of a state-of-the-art convolutional neural network model (CNN), [382] trained on the ImageNet
database [102]. Category distances in CNN space produced a correlation with human category dissimilarity
of r=0.39. Simpler visual features, however, such as gist [315], color histograms [313], Tiny Images [421],
and wavelets [210] had low correlations with human scene category dissimilarity.
Category structure could also be predicted to some extent based on the similarity between the objects
present in scene images (r=0.33, using human-labeled objects from the LabelMe database, [363], the non
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Figure 2.4: (A) Correlation of all models with human scene categorization pattern. Function-based models
(dark blue, left) showed the highest resemblance to human behavior, achieving 2/3 of the maximum explainable similarity (black dotted line). Of the models based on visual features (yellow), only the model using the
top-level features of the convolutional neural network (CNN) showed substantial resemblance to human data.
The object-based model, the attribute-based model, the lexical model and the superordinate-level model all
showed moderate correlations. (B) Euler diagrams showing the distribution of explained variance for sets of
the four top-performing models. The function-based model (comprehensive) accounted for between 83.3%
and 91.4% of total explained variance of joint models, and between 45.2% and 58.1% of this variance was
not shared with alternative models. Size of Euler diagrams is approximately proportional to the total variance
explained.
function-based attributes (r=0.28) of the SUN attribute database [324], or the lexical distance between category names in the WordNet tree [187, 285, 325] (r=0.27). Surprisingly, a model that merely groups scenes by
superordinate-level categories (indoor, urban or natural environments) also had a sizeable correlation (r=0.25)
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with human dissimilarity patterns.
Although each of these feature spaces had differing dimensionalities, this pattern of results also holds if
the number of dimensions is equalized through principal components analysis. We created minimal feature
matrices by using the first N PCA components, and then correlated the cosine distance in these minimal
feature spaces with the human scene distances, see Figure 2.5. We found that the functional features were
still the most correlated with human behavior.

Figure 2.5: Robustness to dimensionality reduction. For each feature space, we reconstructed the feature
matrix using a variable number of PCA components and then correlated the cosine distance in this feature
space with the human scene distances. Although the number of features varies widely between spaces, all
can be described in 100 dimensions, and the ordering of how well the features predict human responses is
essentially the same regardless of the number of original dimensions.
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Table 2.1: Variance explained (r2 ) by fifteen regression models
Model
r2
Attribute
0.08
Object
0.11
CNN
0.15
Function
0.25
Object + Attribute
0.11
Attribute + CNN
0.15
Object + CNN
0.16
Object + Function
0.27
Attribute + Function
0.27
CNN + Function
0.29
Object + Attribute + CNN
0.16
Object + Attribute + Function
0.27
Attribute + CNN + Function
0.29
Object + CNN + Function
0.29
Attribute + Object + CNN + Function 0.29
Independent Contributions from Alternative Models
To what extent does function-based similarity uniquely explain the patterns of human scene categorization?
Although function-based similarity was the best explanation of the human categorization pattern of all the
models we tested, CNN and object-based models also had sizeable correlations with human behavior. To
what extent do these models make the same predictions?
In order to assess the independent contributions made by each of the models, we used a hierarchical
linear regression analysis in which each of the three top-performing models was used either separately or in
combination to predict the human similarity pattern. By comparing the r2 values from the individual models
to the r2 values for the combined model, we can assess the unique variance explained by each descriptor. A
combined model with all features explained 31% of the variance in the human similarity pattern (r=0.56). This
model is driven almost entirely by the top four feature spaces (functions, CNN, attribute, and object labels),
which explained 95% of the variance from all features, a combined 29.4% of the total variance (r=0.54). Note
that functions explained 85.6% of this explained variance, indicating that the object and perceptual features
only added a small amount of independent information (14.4% of the combined variance). Variance explained
by all 15 regression models is listed in Table 2.1.
Although there was a sizable overlap between the portions of the variance explained by each of the models
(see Figure 2.4B), around half of the total variance explained can be attributed only to functions (44.2% of
the explained variance in top four models), and was not shared by the other three models. In contrast, the
independent variance explained by CNN features, object-based features, and attributes accounted for only
6.8%, 0.6%, and 0.4% of the explained variance respectively. Therefore, the contributions of visual, attribute,
and object-based features are largely shared with function-based features, further highlighting the utility of
functions for explaining human scene categorization patterns.
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Table 2.2: Correlation of top-four models in each of the three superordinate-level scene categories. The
function-based model performs similarly in all types of scenes, while the CNN, attribute, and object-based
models perform poorly in indoor environments.
Indoor Urban Natural
Functions 0.50
0.47
0.51
CNN
0.37
0.43
0.59
Attributes 0.15
0.20
0.41
Objects
0.19
0.27
0.44
Functions Explain All Types of Scene Categories
Does the impressive performance of the functional model hold over all types of scene categories, or is performance driven by outstanding performance on a particular type of scene? To address this question, we
examined the predictions made by the three top-performing models (functions, CNN and objects) on each of
the superordinate-level scene categories (indoor, urban and natural landscape) separately. As shown in Table
2.2, we found that the function-based model correlated similarly with human categorization in all types of
scenes. This is in stark contrast to the CNN and object models, whose performance was driven by performance on the natural landscape scenes.
Examining Scene Function Space
In order to better understand the function space, we performed classical multi-dimensional scaling on the
function distance matrix, allowing us to identify how patterns of functions contribute to the overall similarity
pattern. We found that at least 10 MDS dimensions were necessary to explain 95% of the variance in the
function distance matrix, suggesting that the efficacy of the function-based model was driven by a number
of distinct function dimensions, rather than just a few useful functions. We examined the projection of categories onto the first three MDS dimensions. As shown in Figure 2.6, the first dimension appears to separate
indoor locations that have a high potential for social interactions (such as socializing and attending meetings
for personal interest) from outdoor spaces that afford more solitary activities, such as hiking and science
work. The second dimension separates work-related activities from leisure. Later dimensions appear to separate environments related to transportation and industrial workspaces from restaurants, farming, and other
food-related environments, see Figure 2.7 for listing of associated categories and functions for each MDS
dimension. A follow-up experiment demonstrated that functions that are highly associated with a particular
object (e.g. mailing is strongly associated with objects such as mailboxes and envelopes) are equally predictive of categorization patterns as functions that do not have strong object associates (e.g. helping an adult),
see Supplementary Materials for details.
Why does the function space have higher fidelity for predicting human patterns of scene categorization?
To concretize this result, we will examine a few failure cases for alternative features. Category names should
reflect cognitively relevant categories, so what hurts the performance of the lexical distance model? This
model considers the categories access road and road tunnel to have the lowest distance of all category pairs
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Figure 2.6: (Top): Distribution of superordinate-level scene categories along the first MDS dimension of
the function distance matrix, which separates indoor scenes from natural scenes. Actions that were positively correlated with this component tend to be outdoor-related activities such as hiking while negatively
correlated actions tend to reflect social activities such as eating and drinking. (Middle) The second dimension seems to distinguish environments for work from environments for leisure. Actions such as playing
games are positively correlated while actions such as construction and extraction work are negatively correlated (Bottom). The third dimension distinguishes environments related to farming and food production
(pastoral) from industrial scenes specifically related to transportation. Actions such as travel and vehicle repair are highly correlated with this dimension, while actions such as farming and food preparation are most
negatively correlated.
(possibly because both contain the term road), while only 10% of human observers placed these into the
same category. By contrast, the function model considered them to be rather distant, with only 35% overlap
between functions (intersection over union). Shared functions included in transit / travelling and architecture
and engineering work, while tunnels independently afforded rock climbing and caving and access roads often
contained buildings, thus affording building grounds and maintenance work. If objects such as buildings can
influence both functions and categories, then why dont objects fare better? Consider the categories underwater
kelp forest and underwater swimming pool. The object model considers them to be very similar given the
presence of water, but 80% of human observers consider them to be different. Similarly, these categories
share only 17% overlap in functions, with the kelp forest affording actions such as science work, while the
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Figure 2.7: Principal components of function matrix. MDS was performed on the scene by function matrix,
yielding a coordinate for each scene along each MDS dimension, as well as a correlation between each
function and each dimension. The fraction of variance in scene distances explained by each dimension was
also computed, showing that these first four dimensions capture 81% of the function distance model.
swimming pool affords playing sports with children.
Of course, certain failure cases of the function model should also be mentioned. For example, while all
human observers agreed that bar and tea room were different categories, the function model considered them
to be similar, given their shared functions of socializing, eating and drinking, food preparation and serving
work etc. Similarly, the function model considered basketball arena and theatre to be similar, while human
observers did not. Last, the function model also frequently confused scene categories that shared a particular
sport, such as baseball field and indoor batting cage, while no human observers placed them in the same
category. However, it should be noted that human observers also shared this last trait in other examples, with
55% of observers placing bullpen and pitchers mound into the same category.

2.1.3

Discussion

We have shown that human scene categorization is better explained by the action possibilities, or functions,
of a scene than by the scenes visual features or objects. Furthermore, function-based features explained far
more independent variance than did alternative models, as these models were correlated with human category
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patterns only insofar as they were also correlated with the scenes functions. This suggests that a scenes
functions contain essential information for categorization that is not captured by the scenes objects or visual
features.
The current results cannot be explained by the smaller dimensionality of the function-based features,
as further analysis revealed that function-based features outperformed other feature spaces using equivalent
numbers of dimensions. Furthermore, this pattern was observed over a wide range of dimensions, suggesting
that each functional feature contained more information about scene categories than each visual or objectbased feature. Critically, the function-based model performed with similar fidelity on all types of scenes,
which is a hallmark of human scene perception [205] that is not often captured in computational models.
Indeed, indoor scene recognition is often much harder for computer models than other classification problems
[333, 415] and this was true for our visual and object-based models, while the function model showed high
fidelity for explaining indoor scene categorization.
The idea that the function of vision is for action has permeated the literature of visual perception, but it
has been difficult to fully operationalize this idea for testing. Psychologists have long theorized that rapid and
accurate environmental perception could be achieved by the explicit coding of an environments affordances,
most notably in J.J. Gibsons influential theory of ecological perception [139]. This work is most often
associated with the direct perception of affordances that reflect relatively simple motor patterns such as sitting
or throwing. As the functions used in the current work often reflect higher-level, goal-directed actions, and
because we are making no specific claims about the direct perception of these functions, we have opted not
to use the term affordances here. Nonetheless, ideas from Gibsons ecological perception theory have inspired
this work, and thus we consider our functions as conceptual extensions of Gibsons idea.
In our work, a scenes functions are those actions that one can imagine doing in the scene, rather than the
activities that one reports as occurring in the scene. This distinguishes this work from that of activity recognition [3, 157, 454, 464], placing it closer to the ideas of Gibson and the school of ecological psychology.
Previous small-scale studies have found that environmental functions such as navigability are reflected
in patterns of human categorization [151, 153], and are perceived very rapidly from images [150]. Our
current results provide the first comprehensive, data-driven test of this hypothesis, using data from hundreds
of scene categories and affordances. By leveraging the power of crowdsourcing, we were able to obtain both
a large-scale similarity structure for visual scenes, but also normative ratings of functions for these scenes.
Using hundreds of categories, thousands of observers and millions of observations, crowdsourcing allowed a
scale of research previously unattainable. Previous research on scene function has also suffered from the lack
of a comprehensive list of functions, relying instead on the free responses of human observers describing
the actions that could be taken in scenes [151, 323]. By using an already comprehensive set of actions
from the American Time Use Survey, we were able to see the full power of functions for predicting human
categorization patterns. The current results speak only to categorization patterns obtained from unlimited
viewing times, and future work will examine the extent to which function-based categorization holds for
limited viewing times, similar to previous work [151, 150].
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Given the relatively large proportion of variance independently explained by function-based features, we
are left with the question of why this model outperforms the more classic models. By examining patterns
of variance in the function by category matrix, we found that functions can be used to separate scenes along
previously defined dimensions of scene variance, such as superordinate-level category [201, 260, 425], and
between work and leisure activities [112]. Although the variance explained by function-based similarity does
not come directly from visual features or the scenes objects, human observers must be able to apprehend these
functions from the image somehow. It is therefore a question open for future work to understand the extent
to which human observers bring non-visual knowledge to bear on this problem. Of course, it is possible that
functions can be used in conjunction with other features for categorization, just as shape can be determined
independently from shading [336], motion [202] or texture [138].
Some recent work has examined large-scale neural selectivity based on semantic similarity [187], or
object-based similarity [397], finding that both types of conceptual structures can be found in the large-scale
organization of human cortex. Our current work indeed shows sizeable correlations between these types of
similarity structures and human behavioral similarity. However, we find that function-based similarity is a
better predictor of behavior and may provide an even stronger grouping principle in the brain.
Despite the impressive predictive power of functions for explaining human scene categorization, many
open questions are still left about the nature of functions. To what extent are they perceptual primitives as
suggested by Gibson, and to what extent are they inherited from other diagnostic information? The substantial
overlap between functions and objects and visual features (Figure 2.4B) implies that at least some functions
are correlated with these features. Intuitively this makes sense as some functions, such as mailing may be
strongly associated with objects such as a mailbox or an envelope. However, our results suggest that the
mere presence of an associated object may not be enough: just because the kitchen supply store has pots and
pans does not mean that one can cook there. The objects must conform in type, number, and spatial layout
to jointly give rise to functions. Furthermore, some functions such as jury duty, waiting, and socializing are
harder to associate with particular objects and features, and may require higher-level, non-visual knowledge.
While the current results bypass the issue of how observers compute the functions, we must also examine
how the functions can be understood directly from images in a bottom-up manner.
These results challenge many existing models of visual categorization that consider categories to be purely
a function of shared visual features or objects. Just as the Aristotelian theory of concepts assumed that categories could be defined in terms of necessary and sufficient features, classical models of visual categorization
have assumed that a scene category can be explained by necessary and sufficient objects [36, 397] or diagnostic visual features [345, 440]. However, just as the classical theory of concepts cannot account for
important cognitive phenomena, the classical theory of scene categories cannot account for the fact that two
scenes can share a category even when they do not share many features or objects. By contrast, the current
results demonstrate that the possibility for action creates categories of environmental scenes. In other words,
a kitchen is a kitchen because it is a space that affords cooking, not because it shares objects or other visual
features with other kitchens.
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Vocabulary Test for Potential AMT Participants
The categories included in the test were: bakery, volcano, highway, kitchen, restaurant, lighthouse, waiting
room, forest, closet, sushi bar.
Finding Diagnostic Objects Associated with Functions
In order to understand the relationship between functions and objects, we performed a norming experiment on
AMT. On each trial, participants were provided with a function name (hyperlinked to the ATUS description),
and were asked to list the three objects they most associate with that action. Ten individual participants provided responses for each function, and 79 total workers contributed to the experiment. Participants qualified
by (1) being based in the US; (2) having at least 2000 previously accepted hits on AMT with at least 98%
acceptance and (3) having passed the scene vocabulary task described in the main text. The text responses
were corrected for spelling and synonyms were standardized, and we computed the number of unique objects
listed for each function. We reasoned that the fewer overall objects listed, the more agreement among individuals and thus the more the function is mapped to particular diagnostic objects. We split the 227 functions
into two groups based on the number of objects listed. We then created two distance vectors based on these
spaces and correlated these distances to the human distance vector. We found that the more object-based
functions were correlated with the human distance vector at r=0.46 while the other group was correlated at
r=0.42. To determine whether this correlation difference (0.032) is greater than what would be expected by
taking random halves of functions, we simulated 10,000 random function splits and measured the correlation
difference from these splits. The 95% confidence interval for this distribution was -0.09 to 0.09, indicating
that our observed correlation difference of 0.032 was well within what could have been expected from chance
alone.
List of Functions from American Time Use Survey
I. Personal care
Health related self-care
Sexual activity
Sleeping
Washing/dressing/grooming oneself
II. Household activities
Appliance repair & maintenance (self)
Building & repairing furniture
Cleaning home exterior
Email
Exercising & playing with animals
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Figure 2.8: Distance matrices for top-four performing models, with human distance shown above for comparison (identical to Figure 2.3). All categories have been ordered according to the optimal leaf ordering for
the human categorization data.
Exterior home repair & decoration
Financial management
Food & drink preparation
Food presentation
Grocery shopping
Home heating / cooling
Home security
Home-schooling children
Household organization & planning
Interior decoration & repair
Interior home cleaning
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Kitchen & food clean-up
Laundry
Lawn/garden & plant care
Mailing
Maintaining home pool/pond/hot tub
Non-veterinary pet care
Sewing & repairing textiles
Storing household items
Vehicle repair & maintenance (self)
III. Caring for & helping household members
Arts & crafts with children
Attending childs events
Helping adult
Helping child with homework
Looking after adult
Looking after children
Obtaining medical care for adult
Obtaining medical care for child
Organizing & planning for adults
Organizing & planning for children
Physical care of adult
Physical care of children
Picking up / dropping off adult
Picking up / dropping off child
Playing sports with children
Playing with children (not sports)
Providing medical care to adult
Providing medical care to child
Reading with children
Talking with children
IV. Work & work-related activities
Architecture & engineering work
Arts / Design / Entertainment / Sports / Media work
Building and Grounds Cleaning and Maintenance work
Business and Financial Operations work
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Community and social work
Computer and mathematical work
Construction and Extraction work
Education and library work
Farming / Fishing and Forestry work
Food Preparation and Serving work
Healthcare work
Income-generating hobbies & crafts
Income-generating performance
Income-generating rental property activity
Income-generating selling activities
Income-generating services
Installation / Maintenance and Repair work
Job interviewing
Job search activities
Legal work
Management/Executive work
Military work
Office and Administrative work
Personal Care and Service work
Production work
Protective services work
Sales work
Science work
Transportation and Material Moving work
Work-related eating/drinking
Work-related social activities
Work-related sports
V. Education
Attending school-related meetings & conferences
Education-related administrative activities
Extracurricular club activities
Homework
School music activities
Student government
Taking class for degree or certification
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Taking class for personal interest
VI. Consumer purchases
Comparison shopping
Purchasing food (not groceries)
Purchasing gasoline
Shopping (except food and gas)
VII. Professional & personal care services
Banking
Buying & selling real estate
Out-of-home medical services
Using clothing repair & cleaning services
Using legal services
Using meal preparation services
Using other financial services
Using personal care services
Using professional photography services
Using vehicle maintenance & repair services
Using veterinary services
VIII. Household services
Using home repair & construction services
Using in-home medical services
Using interior home cleaning services
Using lawn & garden services
Using paid childcare services
Using pet services
IX. Government services & civic obligations
Civic obligations
Obtaining licenses & paying fees
Security screening
Using police & fire services
Using social services
Waiting
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X. Eating & drinking
Eating & drinking
XI. Socializing, relaxing & leisure
Arts & crafts
Attending meetings for personal interest
Attending movies
Attending museums
Attending or hosting parties
Attending the performing arts
Collecting as a hobby
Computer use (not games)
Dancing
Gambling
Hobbies
Listening to music (not radio)
Listening to radio
Playing games
Reading for personal interest
Relaxing
Socializing
Tobacco use
Watching television & movies
Writing for personal interest
XII. Sports, exercise & recreation
Biking
Boating
Bowling
Camping
Doing aerobics
Doing gymnastics
Doing martial arts
Fencing
Fishing
Golfing
Hiking
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Hunting
Participating in aquatic sports
Participating in equestrian sports
Participating in rodeo
Playing baseball
Playing basketball
Playing billiards
Playing football
Playing hockey
Playing racquet sports
Playing rugby
Playing soccer
Playing softball
Playing volleyball
Rock climbing / caving
Rollerblading / skateboarding
Running
Skiing / ice skating / snowboarding
Using cardiovascular equipment
Vehicle racing/touring
Walking
Watching aerobics
Watching aquatic sports
Watching biking
Watching billiards
Watching boating
Watching bowling
Watching dance
Watching equestrian sports
Watching fencing
Watching fishing
Watching golf
Watching gymnastics
Watching hockey
Watching live baseball
Watching live basketball
Watching live football
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Watching live soccer
Watching live softball
Watching live vehicle racing
Watching martial arts
Watching people walk
Watching racquet sports
Watching rock climbing / caving
Watching rodeo
Watching rollerblading / skateboarding
Watching rugby
Watching running
Watching skiing / snowboarding
Watching volleyball
Watching weightlifting
Watching wrestling
Weightlifting
Working out
Wrestling
Yoga
XIII. Religious & spiritual activities
Attending religious services
Religious education
Religious practices
XIV. Volunteer activities
Volunteer at event
Volunteer work: attending meeting
Volunteer work: blood donation
Volunteer work: building
Volunteer work: clean up
Volunteer work: collecting goods
Volunteer work: computer use
Volunteer work: food preparation
Volunteer work: fundraising
Volunteer work: organizing
Volunteer work: performing
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Volunteer work: providing care
Volunteer work: public safety
Volunteer work: reading
Volunteer work: teaching
Volunteer work: telephone calls
Volunteer work: writing
XV. Telephone calls
Telephone calls
XVI. Traveling
In transit / traveling
Travel
List of Functions from SUN Attribute Database
Sailing/boating
Driving
Biking
Transporting things or people
Sunbathing
Vacationing / touring
Hiking
Climbing
Camping
Reading
Studying / learning
Teaching / training
Research
Diving
Swimming
Bathing
Eating
Cleaning
Socializing
Congregating
Waiting in line / queuing
Competing
Sports
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Exercise
Playing
Gaming
Spectating / being in an audience
Farming
Constructing / building
Shopping
Medical activity
Working
Using tools
Digging
Conducting business
Praying

2.2

Two Distinct Scene Processing Networks Connecting Vision and
Memory

Natural scene perception has been shown to rely on a distributed set of cortical regions, including the parahippocampal place area (PPA) [116], retrosplenial cortex (RSC) [311], and the transverse occipital sulcus (TOS,
aka the occipital place area, OPA) [166, 303]. More recent work has suggested that the picture is even more
complicated, with PPA containing multiple subdivisions and the possible involvement of the parietal lobe
[20]. Although there has been substantial progress in understanding the functional properties of each of these
regions and the differences between them, the field has lacked a coherent overall framework for summarizing
the overall architecture of the human scene processing system.
There is a long history of proposals for partitioning the visual system into separable components with
different functions, such as spatial frequency channels [70], what versus where/how pathways [231, 288],
or magnocellular, parcocellular, and koniocellular streams [208]. A division that is particularly relevant to
natural scene perception is between the specific visual features present in the current glance of a scene,
and the stable, high-level knowledge of where the place exists in the world, what has happened here in the
past, and what possible actions we could take here in the future. For most cognitive and physical tasks
we undertake in real-world places, the specific visual attributes we perceive are just a means to this end, of
recalling and updating information about the physical environment; “the essential feature of a landmark is not
its design, but the place it holds in a city’s memory” [301]. The connection between place and memory has
been recognized for thousands of years, reflected in the ancient Greek method of loci that seeks to strengthen
a memory by associating it with a physical location [466].
Some previous work has begun to point to this type of organizing principle among scene perception
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regions. Mapping functional connectivity differences between pairs of scene-sensitive regions has revealed
some consistent distinctions, with some regions more connected to visual cortex and others to parietal and
medial temporal regions [20, 305]. Contrasting activity evoked by perceptual categorization tasks compared
to semantic retrieval tasks shows a similar division between visual and higher-level cortex [124]. These
experiments, however, have all been targeted, hypothesis-driven comparisons between regions with similar
functional properties. It is unclear whether these divisions are major organizing principles of the brains
connectivity networks, or simply subtle differences within a single coherent scene-processing network.
To answer this question, we took a data-driven approach to identifying scene-sensitive regions and clustering cortical connectivity. After applying a state-of-the-art connectivity algorithm [21] to generate spatiallycoherent parcels based on high-resolution resting-state connectivity, we associate these parcels with components of the scene-processing network using category localizers, retinotopic field maps, category decoding,
and a meta-analysis of previous work. We then perform hierarchical clustering and multidimensional scaling
to show that there is a prominent, bilaterally symmetric division of scene-related regions into two separate
networks: one includes TOS and the posterior portion of PPA (retinotopic maps PHC1 and PHC2), while the
other is composed of the RSC, anterior PPA (aPPA), and the caudal inferior parietal lobule (cIPL). We show
that the least well-known of these regions, the cIPL, actually has unique structural connectivity properties
which makes it well suited to link visual perception with processing throughout the rest of the cortex.
Based on these results, as well as a review of previous studies, we propose that scene processing is
fundamentally divided into two collaborating but distinct networks, with one focused on the visual features
of a scene image and the other related to contextual retrieval and navigation. Under this framework, scene
perception is less the function of a unified set of distributed neural machinery and more of “an ongoing
dialogue between the material and symbolic aspects of the past and the continuously unfolding present”
[19].

2.2.1

Materials and Methods

Imaging Data
The majority of the data used in this study was obtained from the Human Connectome Project (HCP), which
provides detailed documentation on the experimental and acquisition parameters for these datasets [429]. We
provide an overview of these datasets below.
Diffusion imaging data was used for the first 10 subjects from the January 2014 “Q3” HCP data release
with complete data (subj ids 100408, 101915, 102816, 105216, 106016, 106319, 111009, 111514, 111716,
112819). Data were acquired using a multiband sequence at three different b-values (1000, 2000, 3000
s/mm2), with a total of 270 diffusion weighting directions and a resolution of 1.25mm isotropic.
The group-level functional connectivity data were derived from the 468-subject group-PCA eigenmaps,
distributed with the June 2014 500 Subjects HCP data release. Resting-state fMRI data were acquired over
four sessions (14 min, 33 seconds each) while subjects fixed on a bright cross-hair on a dark background,
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using a multiband sequence to achieve a TR of 720ms at 2.0mm isotropic resolution (59412 surface vertices).
These timecourses were cleaned using FMRIB’s ICA-based Xnoiseifier (FIX) [368], and then the top 4500
eigenvectors for each voxel were estimated across all subjects using Group-PCA [392].
For the first 20 subjects within the “500 Subjects” release with complete data (and non-overlapping with
the Q3 subjects: subj ids 101006, 101107, 101309, 102008, 102311, 103111, 104820, 105014, 106521,
107321, 107422, 108121, 108323, 108525, 108828, 109123, 109325, 111413, 113922, 120515), we created
individual subject resting-state datasets by demeaning and concatenating their four resting-state sessions. We
also obtained these subjects data from the HCP Working Memory experiment, in which they observed blocks
of stimuli consisting of faces, places, tools, or body parts. We collapse across the two memory tasks being
performed by participants (target-detection or 2-back detection).
To identify group-level scene localizers, we used data from a separate set of 24 subjects scanned at
Stanford University (see below). Each subject viewed blocks of stimuli from six categories: child faces, adult
faces, indoor scenes, outdoor scenes, objects (abstract sculptures with no semantic meaning), and scrambled
objects. Functional data were acquired with an in-place resolution of 1.56mm, slice thickness of 3mm (with 1
mm gap), and a TR of 2s; a high-resolution (1mm isotropic) SPGR structural scan was also acquired to allow
for transformation to MNI space. Full details of the localizer stimuli and acquisition parameters are given in
our previous work [20].
Subjects
Scene localizer data was collected from 24 subjects (6 female, ages 22-32, including one of the authors).
Subjects were in good health with no past history of psychiatric or neurological diseases, and with normal
or corrected-to-normal vision. The experimental protocol was approved by the Institutional Review Board of
Stanford University, and all subjects gave their written informed consent.
Resting-state Parcellation
We generated a voxel-level functional connectivity matrix by correlating the group-level eigenmaps for every
pair of voxels and applying the arctangent function. We parcellated this 59412 by 59412 matrix into contiguous regions, using a generative probabilistic model [21]. This method finds a parcellation of the cortex
such that the connectivity properties within each parcel are as uniform as possible, making multiple passes
over the dataset to fine-tune the parcel borders. We set the scaling hyperparameter

2
0

= 3000 to produce a

manageable number of parcels.
Scene localizers and retinotopic field maps
To identify PPA, RSC, and TOS, we deconvolved the localizer data from the 24 Stanford subjects using
the standard block hemodynamic model in AFNI [96], with faces, scenes, objects, and scrambled objects as
regressors. The Scenes > Objects t-statistic was used to define PPA (top 300 voxels near the parahippocampal
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gyrus), RSC (top 200 voxels near retrosplenial cortex), and TOS (top 200 voxels near the transverse occipital
sulcus). The ROI masks were then transformed to MNI space, summed across all subjects, and mapped to
the closest vertices on the group cortical surface. The cluster denoting highest overlap between subjects was
then manually annotated.
A volumetric group-level probabilistic atlas [447] was used to define retinotopic field maps, by mapping
each field map to the closest vertices on the group-level surface.
Scene category decoding
For each cortical parcel (generated from resting-state connectivity as described above), we measured its sensitivity to scenes versus other visual categories through a category decoding analysis. We first used a hemodynamic model to associate timepoints within the 20 HCP working memory datasets with specific stimulus
categories. We labeled timepoints as corresponding to bodies, faces, places, or tools by constructing a boxcar
timecourse denoting when each stimulus category was being displayed, convolving these indicators with the
standard SPM hemodynamic response function provided with AFNI [96], rescaling the maximum value to 1,
then re-thresholding to a binary indicator. Effectively, this produced a shift of the stimulus blocks by 5.55s
to account for hemodynamic delay. The fMRI timecourses were cleaned by regressing out movement (6
degree-of-freedom translation/rotation and derivatives) and constant, linear, and quadratic trends from each
run, then normalizing each voxel to have unit variance. Voxel timecourses were then averaged within each
parcel, yielding a vector of average parcel activities for each timepoint.
Linear support vector machines (SVMs) were trained separately for each subject to discriminate scene
timepoints from non-scene timepoints, and then tested on the other 19 subjects. We set the soft-margin hyperparameter c=1, but our results are not sensitive to this choice. Note that chance performance is 75%, since
only 25% of the stimulus timepoints are scenes. Each subjects classifier assigned a weight to each parcel,
indicating how strongly activity in this parcel predicted that a scene was being viewed. Parcels consistently
assigned high positive weights were therefore most strongly associated with visual scene processing.
Meta-analysis
We sought to identify all fMRI studies involving scene memory, navigation, imagined experiences, or context memory that reported activation coordinates around the posterior parietal lobe. These coordinates were
assumed to be in MNI space, unless identified as being in Talairach space, in which case we transformed the
coordinates to MNI space [50]. Each coordinate was then mapped to the closest vertex on the group surface.
Parcel-to-parcel functional connectivity matrices
The 468-subject eigenmaps distributed by the HCP are approximately equal to performing a singular value
decomposition on the concatenated timecourses of all 468 subjects, and then retaining the right singular values
scaled by their eigenvalues [392]. This allows us to treat these eigenmaps as pseudo-timecourses, since dot
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products (and thus correlations) between eigenmaps approximate the dot products between the original voxel
timecourses. Given a parcellation, we computed the group-level connectivity between a pair of regions by
taking the mean over all eigenmaps in each region, then correlating these mean eigenmaps and applying the
Fisher z-transform (hyperbolic arctangent). We computed subject-level connectivity in the same way, using
the resting-state timecourse for each voxel rather than the eigenmap.
Network Clustering and Multidimensional scaling
The 172 by 172 parcel functional connectivity matrix was converted into a distance matrix by subtracting every entry from the maximum entry. Ward clustering (unconstrained by parcel position) was used to compute
a hard clustering into 10 networks. Separately, classical multidimensional scaling was also applied to the distance matrix, and the first three dimensions were used to assign voxels RGB colors (with each color channel
scaled to span the full range of 0 to 255 along each axis) and to plot parcels in a 3D space. We performed
the same operation on each subject-level matrix as well, and then aligned each subjects 3D pointcloud to the
group pointcloud using a procrustes transform.
Structural connectivity
Probabilistic tractgraphy was performed on each of the 10 HCP diffusion datasets using FSL [194], by estimating up to 3 crossing fibers with bedpostx (using gradient nonlinearities and a rician noise model) and
then running probtrackx2 using the default parameters and distance correction. 2000 fibers were generated
for each of the 1.7x106 white-matter voxels, yielding 3.4x109 total sampled tracks per subject (approximately
34 billion tracks in total). We assigned each of the endpoints to gray-matter voxels using the 32k/hemisphere
Conte69 registered standard mesh distributed for each subject, discarding the small number of tracks that did
not have both endpoints in gray matter (e.g. cerebellar or spinal cord tracks). Since we are using distance
correction, the weight of a track is set equal to its length.
The distance-based connectivity profile of a voxel was obtained by summing all of the voxels connections
within 1cm bins based on Euclidean distance from the voxel. The profile for a parcel was then computed as
the average of all its voxel profiles (rather than the sum, which does not control for differing parcel areas).
Connectivity profiles for cIPL parcels vs. other parcels were compared using a two-way repeated measures
ANOVA, with cIPL vs. other as the first factor and distance bin as the second factor.
We computed the structural connectivity between a pair of parcels A and B as the mean connectivity
strength over all pairs of voxels with one voxel drawn from A and one drawn from B. Note that this also
yields a measurement independent of parcel size.

2.2.2

Results

In order to reduce the complexity of the full 1.8-billion element whole-brain resting-state functional connectivity matrix, we first performed spatial parcellation using a generative modeling approach [21]. This
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parcellation consisted of 172 spatially-coherent regions across both hemispheres, each of which contains
voxels with near-uniform connectivity properties. The connectivity matrix between these 172 parcels captures more than 76% of the variance in the original connectivity matrix, despite being dramatically smaller
(by five orders of magnitude). Representing the connectivity matrix in this way allows us to identify locations
where functional connectivity profiles change rapidly (the boundaries between parcels), and lets us examine
functional and connectivity properties at the more manageable and meaningful parcel level rather than at the
voxel level.
Identifying Scene-Sensitive Parcels
Our first goal was to identify parcels that were related to processing visual scenes, using several different
approaches as shown in Figure 7.1. Mapping group-level retinotopic field maps to the surface shows that the
parcels exhibit an eccentricity-based organization (dividing foveal and peripheral voxels) in early visual areas,
but that parcel boundaries begin to align with field map boundaries in later dorsal and ventral regions, as we
have previously reported [21]. This alignment is especially prominent in parahippocampal regions PHC1 and
PHC2, which are divided into anterior and posterior parcels. In the left (right) hemisphere, 86% (87%) of
PHC1 voxels fall into the posterior parcel and 97% (72%) of PHC2 voxels fall into the anterior parcel. We
also overlaid group-level localizer data (from a separate group of subjects) for scene-sensitive regions TOS,
RSC, and PPA. TOS and RSC fall largely within single parcels (which we label the TOS and RSC parcels),
while PPA runs perpendicular to parcel boundaries, extending through at least three separate parcels. The two
posterior parcels correspond to PHC1 and PHC2 (which we collectively refer to as “posterior PPA”, pPPA),
and we label the most anterior parcel as “anterior PPA” (aPPA).
We can directly confirm that these parcels are scene-sensitive by applying our parcellation to task-fMRI
data from the Human Connectome Project, and using the mean activity of each parcel as a feature for decoding scenes vs. other visual categories (faces, tools, bodies). These decoding accuracies were well above
chance, even across subjects; a decoder trained on one subject could identify scene timepoints in other subjects with 85.1% accuracy (t19 =23.71, p<0.01; one-tailed t-test). Parcels that were consistently assigned
positive weights for decoding scenes vs. other categories are identified in Figure 7.2. Scene-related parcels
labeled from retinotopic maps and localizers exhibit high decoding weights (TOS: left t19 =3.95, p<0.01;
right t19 =5.70, p<0.01; RSC: left t19 =4.95, p<0.01; right t19 =2.80, p<0.01; PHC1: left t19 =3.83, p<0.01;
right t19 =1.06, n.s.; PHC2: left t19 =4.95, p<0.01; right t19 =5.66, p<0.01; aPPA: left t19 =1.73, p<0.05; right
t19 =7.34, p<0.01; one-tailed t-test).
Interestingly, scene selectivity extends dorsally beyond TOS, into the caudal inferior parietal lobule
(cIPL). Labeling the three parcels in this region cIPL1-3 (ordered posterior to anterior along the angular
gyrus), both cIPL1 and cIPL2 consistently show discriminative weights for the (unfamiliar) localizer scenes
(cIPL1: left t19 =9.61, p<0.01; right t19 =8.34, p<0.01; cIPL2: left t19 =3.87, p<0.01; right t19 =3.58, p<0.01)
while cIPL3 does not (left t19 =-1.16, n.s; right t19 =1.48, n.s.). This result suggests that there may be scenerelated activity anterior to typically-defined TOS, but does not provide clear evidence for a separate region
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with different functional properties. Scene localizers, however, are missing a critical component of realworld scene perception; since they typically include only unfamiliar scenes, they may fail to robustly activate
memory and contextual networks engaged in processing familiar environments. A meta-analysis of previous studies shows that personally familiar places robustly activate cIPL, especially around cIPL2 and cIPL3
(Figure 7.3). This activation appears for a wide variety of tasks, including memory for visual scene images
[115, 117, 293, 416, 426], learning navigational routes [49, 57], and even simply imagining past events or
future events in familiar places [164, 413]. This same region can also be activated by recalling non-place
stimuli (including words and objects), if the stimuli are associated with strong memory of the source context
[198, 329, 437]. These studies, along with our previous work showing connectivity differences between TOS
and cIPL [20], provide strong evidence that the caudal inferior parietal lobe is in fact a separate, important
component of the scene-processing system.

RSC
TOS

PPA

Figure 2.9: Relationship between resting-state parcels, retinotipic maps, and scene localizers. Grouplevel visual field maps and functional localizers are overlaid on parcels derived from resting-state connectivity
patterns (black borders). RSC and TOS largely fall within a single parcel, with TOS corresponding roughly
to V3B. Ventrally, PHC1 and PHC2 are well divided into two separate parcels, with PPA extending anteriorly
into a parcel we denote aPPA.

Clustering Parcels into Networks
Having identified these eight (bilateral) parcels critical to scene perception, we clustered the whole-brain connectivity matrix to identify 10 functionally-connected networks. This data-driven analysis groups together
parcels that all have high functional connectivity with one another, regardless of their spatial position.As
shown in Figure 7.4, these networks are remarkably symmetric between hemispheres, and split scene perception regions into two separate categories. Posterior parcels - TOS, cIPL1, PHC1, and PHC2 - were clustered
into visual network (dark blue) covering all of visual cortex outside of the early foveal cluster. Anterior
parcels - cIPL2, cIPL3, RSC, and aPPA - were clustered into a separate parietal/medial-temporal network
(pink), which also included anterior temporal and medial frontal parcels. This corresponds to a portion of
the known default mode regions, with other default mode regions being grouped into a separate network
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PHC2 aPPA
SVM Place vs. All Decoding Weights
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Figure 2.10: Parcel scene decoding weights. Linear SVMs were trained to classify unfamiliar scenes vs
other images (faces, tools, bodies) based on mean activity in each resting-state parcel. Colored regions are
those having significant positive weights across subjects (p<0.05). High activity in the parcels identified
using field maps and scene localizers (Figure 1) predict that subjects are viewing scenes, and these positive
weights extend from TOS partially onto the angular gyrus.
(green). The dividing line between the visual and context networks falls consistently near the edge of known
retinotopic maps, suggesting a division between regions strongly tied to the current retinal input and those
which are more driven by internally-driven processes and integrate information over longer time-scales. If
the number of clusters is increased, divisions within these networks appear, first between TOS and pPPA, and
then between RSC/cIPL and aPPA.
Rather than performing a hard clustering into distinct groups, we can use classical multidimensional
scaling (MDS) to embed parcels into a three-dimensional space. Distances in this space approximate the
functional connectivity strength between parcels, such that strongly-connected parcels are close together.
Setting the RGB color of each parcel based on its position in this three-dimensional embedding space gives a
soft clustering (Figure 7.5(a)). Moving along either the dorsal (TOS-cIPL) or ventral (PHC-aPPA) boundaries
between scene regions produces rapid changes in functional connectivity properties, visualized in embedding
space in Figure 7.5(b-c). In both cases, the most posterior regions (TOS and PHC1) show strong connectivity
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Figure 2.11: Meta-analysis of cIPL involvement in place memory. Although not typically identified as
a scene-sensitive region, the posterior parietal lobe is consistently activated in studies involving familiar
places. Perceiving images of familiar scenes, learning navigational routes, or imagining events in familiar
places produces activation clustered around cIPL2-3. This same region also appears in memory studies of
non-scene stimuli associated with a strong context.
to other parcels in visual cortex, while the most anterior regions (cIPL3 and aPPA) are instead more related
to default mode regions. To statistically evaluate this difference, we measure the connectivity between each
scene-related parcel and a default-mode reference parcel on the opposite side of cortex (medial versus lateral),
to avoid spurious connectivity due to local noise correlations. For the dorsal parcels, we measure connectivity
to RSC, and for the ventral parcels, we measure connectivity to cIPL3. Along the dorsal boundary, we see
significant increases in connectivity to RSC when moving from TOS to cIPL1 (Left: t19 =6.98, p<0.01;
Right: t19 =6.35, p<0.01; two-tailed paired t-test), from cIPL1 to cIPL2 (Left: t19 =7.72, p<0.01; Right:
t19 =6.16, p<0.01), and from cIPL2 to cIPL3 (Right: t19 =2.44, p<0.05). We observe a similar (though less
dramatic) increase in connectivity to cIPL3 when moving from PHC1 to PHC2 (Left: t19 =4.21, p<0.01;
Right: t19 =2.68, p<0.05) and PHC2 to aPPA (Right: t19 =3.03, p<0.01). These results (Figure 7.5(d-e))
indicate that the borders between the visual and context networks are not artifacts of the clustering procedure,
but are in fact marked by rapid changes in connectivity properties.
Given the dramatic differences in functional connectivity properties among the scene parcels (especially
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RSC
cIPL3
cIPL2

PHC1
PHC2
aPPA

cIPL1
TOS

Figure 2.12: Connectivity clustering of parcels. Performing hierarchical clustering on the resting-state
parcels based on their pairwise functional connectivity reveals that the scene processing network is split across
two networks: a visual network (blue) which includes TOS and PHC1/2, and a parietal/medial-temporal
network including cIPL, RSC, and aPPA. The visual network covers known retintopic field maps outside the
early fovea, while the parietal/medial-temporal network corresponds to a portion of the default mode network.
cIPL, e.g. in Figure 7.5(d)), we examined whether these regions also differed in terms of structural connectivity, using diffusion imaging. We sampled 34 billion white matter seed locations across 10 subjects, and
performed probabilistic tractography to identify the likely endpoints of the fiber tract passing through that
seed. As shown in Figure 7.6, the cIPL parcels were qualitatively different from all other scene parcels, with
both higher overall fiber incidence (per unit area) and a disproportionate number of long-range fibers (cIPL
parcels vs. others, F1,9=191.24, p<0.01; distance bin, F19,171=47.04, p<0.01; interaction, F19,171=14.82,
p<0.01). These connections are widely distributed over posterior parietal, lateral and medial temporal, and
prefrontal cortices, indicating the cIPL is structurally well-positioned to connect visual scene information
with a wide variety of other cortical networks.

2.2.3

Discussion

By combining a variety of data sources including function and structural connectivity data, task-fMRI,
retinotopic maps, and a meta-analysis of previous results we have shown converging evidence for a functional
division of scene-processing regions into two separate networks (summarized in Figure 7.7). The visual
network covers retintopically-organized regions including TOS and posterior PPA (pPPA), while a separate
memory-related network connects cIPL, RSC, and anterior PPA (aPPA). This division emerges from a purely
data-driven network clustering, suggesting that this is a core organizing principle of the visual system. Our
data also support a much more prominent role for cIPL in processing real-world familiar scenes, since it is
well positioned both functionally and structurally to connect scene processing with the rest of the brain.
Subdivisions of the PPA
The division of the PPA into multiple anterior-posterior subregions with differing connectivity properties
replicates our previous work (Baldassano et al., 2013) on an entirely different large-scale dataset, and shows
that there is a strong connection between connectivity changes in PPA and the boundaries of retinotopic field
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Figure 2.13: Connectivity changes across the network border. (a) Rather than performing a hard clustering
assignment as in Figure 7.4, we can perform classical MDS on the parcel connectivity network and set regions
RGB values based on their positions in a three-dimensional embedding space. This shows a similar result to
hierarchical clustering, with abrupt connectivity changes across scene networks. (b) In MDS space, moving
dorsally from TOS to cIPL3 produces the curves shown in blue, while moving ventrally from PHC1 to
aPPA produces the curves shown in red. These curves move in parallel out of the retinotopic cluster toward
the default mode cluster. (c) Plotting these curves for 20 individual subjects shows a similar pattern in each
subject, with curves moving in parallel toward RSC (purple dots). (d) The connectivity between scene parcels
and RSC increases dramatically as we move dorsally from TOS to cIPL3. (e) Connectivity with cIPL changes
more subtly but significantly when moving ventrally from PHC1 to aPPA. *,** p<0.05, p<0.01
maps. There is now a growing literature on anterior versus posterior PPA, including not only connectivity
differences [305] but also the response to low-level [306] and high-level [253, 320] scene properties. Our
results place this division into a larger context, and demonstrate that the connectivity differences within PPA
are not just an isolated property of this region but a general organizing principle for scene-processing regions.
This subdivision may be the key to resolving a long-standing debate over the role of context effects in
PPA. Some have proposed that PPA is primarily driven not by scenes per se but any stimuli with strong
spatial contextual associations [10], and that these associations drive activity during even the early stages of
perception [238]. Others have argued that PPA is only involved in visual spatial layout processing, and that
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Figure 2.14: Structural connectivity profiles of scene parcels. (a) The connectivity between voxels in each
parcel and the rest of the brain is plotted as a function of Euclidean distance (averaged between hemispheres,
shaded regions show standard error of the mean). The cIPL parcels shows a distinct profile, both in overall
connectivity strength and an emphasis on long-range connectivity. As shown in the inset, cIPL3 is structurally
connected to a distributed set of cortical regions (primarily restricted to the same hemisphere). (b) The peak
of cIPL connectivity around 10 cm is not driven by simple geometry, since the percentage of the cortex that
is this distance away from cIPL is smaller than for other parcels such as RSC and those in PPA.
context effects are mostly an artifact of later imagery [120]. We argue that both these descriptions may be
correct, but for different portions of PPA, with pPPA more related to concrete features of a visual scene and
aPPA more related to general spatial context. In fact, the maps illustrated in these papers (Figure 4 in [10];
Figure 4 in [120]) suggest this type of anterior/posterior division.
The visual network
The visual network shows a close correspondence with the full set of retinotopic maps identified in previous
studies [51, 186, 447], extending through the intraparietal sulcus (IPS) and laterally to hMT+. Our observation that TOS overlaps at the group level with retinotopic maps, primarily V3B, is consistent with prior
measurements made in individual subjects [33, 304]. The only portion of cortex with known retinotopic
maps that is not clustered in this network is the shared foveal representation of early visual areas, which
segregates into its own cluster. One possible explanation is that our connectivity measures are based on
eyes-open resting-state scans, during which a subjects fovea is being stimulated with a bright cross. This
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Figure 2.15: Two-network model of scene perception. Our results provide strong evidence for dividing
scene-sensitive regions into two separate networks. TOS and posterior PPA (PHC1/2) process the current
visual features of a scene (in concert with other visual areas, such early visual cortex and LOC), while cIPL,
RSC, and anterior PPA perform higher-level context and navigation tasks (drawing on long-term memory
structures such as the hippocampus).
stimulation may be the dominant signal in this region, resulting in a suppression of the intrinsic fluctuations
used to define resting-state networks.
TOS and posterior PPA have been shown to be responsive primarily to visual features of a stimulus,
rather than higher-level attributes such as familiarity. Posterior PPA has a preferential response to high spatial
frequencies [335], and both posterior PPA and TOS are activated by rectilinear shapes [306], even in nonscene images. Also, neither TOS nor posterior PPA show reliable familiarity effects ([117], but see further
discussion below).
The functional distinction between pPPA and TOS is currently unclear. Previous work has speculated
about the purpose of the apparent ventral and dorsal duplication of regions sensitive to large landmarks,
proposing that it may be related to different output goals (e.g. action planning in TOS, object recognition in
pPPA) [226], or to different input connections (e.g. lower visual field processing in TOS, upper visual field
processing in pPPA) [232].
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The context and navigation network
The network of parahippocampal, retrosplenial, and posterior parietal regions we identify has been emerged
independently in many different fields of neuroimaging, outside of scene perception. Meta-analyses of
internally-directed tasks such as theory of mind, autobiographical memory, and prospection have identified
this as a core, re-occurring network [214, 395] (and component C10 of [467])). This network also appears in
navigation [57, 393], recalling the study context of a stimulus [168, 198, 329, 427], recognition of personally
familiar locations[115, 426], viewing objects with strong contextual associations [11], and thinking about
past or imagined events in familiar contexts [164, 413, 414].
The broad set of tasks which recruit this network have been summarized in various ways, such as “scene
construction” [165], “mnemonic scene construction” [13], or “relational processing” [113]. A review of
memory studies referred to this network as the posterior medial (PM) memory system, and proposed that it is
involved in any task requiring “situation models” relating entities, actions, and outcomes [340].
Sometimes this network appears as part of the larger default mode network, which includes other regions
such as parts of medial prefrontal cortex. However, the functional and anatomical structure of the default
mode network suggests that it not a single coherent structure, and that the parietal/medial-temporal portion is
in fact a distinct subnetwork [13, 14, 468].
The specific functions of the individual components of this network have also been studied in a number of
contexts. RSC appears to be most directly involved in orienting the viewer to the structure of the environment
(both within and beyond the borders of the presented image) for the purpose of navigational planning; it
encodes both absolute location and facing direction [119, 270, 433], integrates across views presented in
a panoramic sequence [321], and shows strong familiarity effects [117, 118]. This is consistent with rodent
neurophysiological studies, which have identified head direction cells in this region [83]. RSC is not sensitive
to low-level rectilinear features in non-scene images such as objects or textures, though it does show some
preference for rectilinear features in images of 3D scenes [306].
Anterior PPA has been less well-studied, since it was not recognized as a separate region within the PPA
until recently, but has been most strongly associated with coding the size of a scene [320]. Its representation
of scene spaciousness draws on prior knowledge about the typical size of different scene categories, since it
is affected by the presence of diagnostic objects [253].
The cIPL (also referred to as pIPL, PGp, or the angular gyrus) has been proposed as a “cross-modal hub”
[14] that connects visual information with other sensory modalities as well as knowledge of the past. It is
more intimately associated with visual cortex than most lateral parietal regions, since it has strong anatomical
connections to higher-level visual regions in humans and macaques [74], and has a neurotransmitter receptor
distribution similar to V3v and distinct from the rest of the IPL [75]. It is primarily involved in two related
kinds of tasks. First, it supports contextual recall, showing both increases in mean activity [293, 437] as well
as voxel-level activity patterns related to the specific context associated with an item [234]. Second, it performs temporal integration, sustaining activity under long delay periods [438], and accumulating both visual
and auditory information over long time-scales [249]. Consistent with our structural connectivity results, its
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functional connections are distributed and flexible, coupling to the dorsal attention network during a spatial
learning task [49] or to dorsolateral prefrontal and extrastriate visual cortex during successful recollection
[217]. Based on these properties, it has been proposed [436] that this region implements the multi-modal
episodic buffer proposed by [18].
Given cIPLs involvement in a diverse set of tasks, it has not traditionally been identified as a central
part of the scene perception system. However, our results suggest a deep connection between cIPL and
understanding real-world places, which (unlike typical localizer images) are associated with a wealth of
memory, context, and navigational information. Our meta-analysis shows that cIPL is selectively responsive
to familiar scenes (arguably the most common high-context stimuli in everyday life), but this property has
largely gone unnoticed in the scene perception literature; for example, one of the studies in Figure 7.3 showing
cIPL activation [117] described this location only as “near TOS.” More importantly, our clustering analyses
revealed that cIPL is tightly coupled (at rest) with RSC and aPPA, two regions that are widely recognized
as performing scene-specific processing. Lesion studies support this view that the posterior parietal lobe is
primarily involved in scene-related functions (such as orienting to a previously learned map based on the
current view), since these abilities can be selectively impacted without general memory deficits (reviewed in
[231]).
Contrasting the two networks
Although our work is the first to propose the visual versus context networks as a general framework for scene
perception, several previous studies have shown differential effects within these two networks. Contrasting
the functional connectivity patterns of RSC vs. TOS or LOC [305] or anterior vs. posterior PPA [20] show
a division between the two networks, consistent with our results. Contrasting scene-specific activity with
general (image or word) memory retrieval showed an anterior vs. posterior distinction in PPA and cIPL/TOS,
with only more anterior regions (aPPA and cIPL, along with RSC) responding to content-independent retrieval
tasks [124, 198]. Our two-network division is also consistent with the dual intertwined rings model, which
argues for a high-level division of cortex into a sensory ring and an association ring, the second of which is
distributed but connected into a continuous ring through fiber tracts [280].
Open questions
The anterior/posterior pairing of aPPA/pPPA and cIPL/TOS raises the question of whether there is a similar anterior/posterior division in RSC. There is some evidence to suggest that this is the case: wide-field
retinotopic mapping using natural scenes shows a partial retinotopic organization in RSC [186], and RSCs
response to visual rectilinear features appears to be limited to the posterior portion [306]. However, we did
not observe strong scene-selective responses in neighboring parcels near RSC (see Figure 7.2), a study of
retinotopic coding in scene-selective regions failed to find any consistent topographic organization to RSC
responses [452], and previous analyses of the functional properties of anterior versus posterior RSC have not
found any significant differences [320].
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Another interesting question is how spatial reference frames differ between and within the two networks.
Given its retinotopic fieldmaps, the visual network presumably represents scene information relative to the
current eye position; previous work has argued that this reference frame is truly retina-centered and not egocentric [148, 452]. The context network, however, likely transforms information between multiple reference
frames. Models of spatial memory suggest that medial temporal lobe (possibly including aPPA) utilizes an allocentric representation, while the posterior parietal lobe (possibly including cIPL) is based on an egocentric
reference frame, and that the two are connected via a transformation circuit in RSC that combines allocentric
location and head direction [66, 432]. There is some recent evidence for this model in human neuroimaging:
posterior parietal cortex codes the direction of attention in an egocentric reference frame (even for positions
outside the field of view) [375], and RSC contains both position and head direction information (anchored to
the local environment) [270]. This raises the possibility that another critical role of cIPL could be to transform
retinotopic visual information into a stable egocentric scene over the course of multiple eye movements. The
properties of aPPA, however, are much less clear; it seems unlikely that it would utilize an entirely different
coordinate system than neighboring PHC1/2, and some aspects of the scene encoded in aPPA (such as overall
scene size [320]) dont seem tied to any particular coordinate system.
Conclusion
Based on a review of previous literature, as well as novel comparisons of scene-related regions with datadriven clustering analyses, we have proposed a unifying framework for understanding the neural systems
involved in processing both visual and non-visual properties of natural scenes. This new two-network classification system makes explicit the relationships between known scene-sensitive regions, re-emphasizes the
importance of the functional subdivision within the PPA, and incorporates posterior parietal cortex as a primary component of the scene-understanding system. Our proposal, that much of the scene-processing network relates more to contextual and navigational information than to specific visual features, suggests that
experiments with unfamiliar natural scene images will give only a partial picture of the neural processes
evoked in real-world places. Experiencing our visual environment requires a dynamic cooperation between
distinct cortical systems, to extract information from the current view of a scene and then integrate it with our
understanding of the world and determine our place in it.
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On the Technology Prospects and Investment Opportunities for
Scalable Neuroscience

Two major initiatives to accelerate research in the brain sciences have focused attention on developing a new
generation of scientific instruments for neuroscience. These instruments will be used to record static (structural) and dynamic (behavioral) information at unprecedented spatial and temporal resolution and report out
that information in a form suitable for computational analysis. We distinguish between recording — taking
measurements of individual cells and the extracellular matrix — and reporting — transcoding, packaging and
transmitting the resulting information for subsequent analysis — as these represent very different challenges
as we scale the relevant technologies to support simultaneously tracking the many neurons that comprise
neural circuits of interest. We investigate a diverse set of technologies with the purpose of anticipating their
development over the span of the next 10 years and categorizing their impact in terms of short-term [1-2
years], medium-term [2-5 years] and longer-term [5-10 years] deliverables.
• short-term options [1–2 years] — The most powerful recording and reporting technologies currently
available all use some form of imaging in which some portion of the acoustic or electromagnetic spectrum is used to illuminate a target tissue and the resulting response, attenuated by absorption, reflection
and scattering, is analyzed to extract useful information about structure, e.g., cytoarchitectural details,
and function, e.g., membrane potentials and spike-timing data. These relatively mature technologies
largely finesse the problems relating to powering reporting devices and carrying out the required computations involved in signal processing, compression and transmission by performing all these functions external to the brain. Example technologies include electroencephalography, focused ultrasound,
magnetic resonance imaging, microendoscopy, photoacoustic imaging, two-photon calcium imaging,
array tomography for proteomics, immunoflorescence for genomics and light-sheet fluorescence microscopy. This class of technologies also includes our current best non-invasive options for the study
of human subjects.
Incremental improvements in these technologies are likely to continue unabated for some time, enabled
by advances in biology and physics and funded and motivated by applications in medicine and materials science. In order to better resolve features of interest, biochemists are developing new reagents that
are differentially absorbed by cellular structures and serve to alter the local spectral characteristics of
illuminated tissue. Tissue samples can be prepared in such a way that structures that would normally
absorb or scatter light such as the bilipid layers that comprise cell membranes are rendered transparent. Dyes can be integrated into living tissue and used as indicators for the presence of molecules of
interest or to measure the observable state of cellular processes such as changes in membrane potential.
Of course the addition of foreign molecules alters the optical properties of the tissue limiting penetration depth. Resolution is limited by light scattering and the resulting loss in penetration depth this
causes. Advances in molecular functional magnetic resonance imaging (fMRI) may ultimately allow
us to combine the specificity of electrophysiological recording techniques with the noninvasiveness
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and whole-brain coverage of current fMRI technology.
• medium-term options [2–5 years] — Biological organisms demonstrate a wide variety of molecules that
carry out cellular computing, sensing and signalling. These biomolecular devices are several orders of
magnitude more efficient than CMOS devices. Efforts so far to harness biological machines to perform
logic and arithmetic are hampered by the fact that biological circuits coerced into implementing these
traditional computing operations are orders of magnitude slower their CMOS counterparts. However,
for those computations required for survival, natural selection has stumbled on some incredibly efficient solutions. Bioengineers are compiling libraries of biomolecules found in nature that perform
such environmentally-specialized computations. It is often said that, if you need a specific functional
component for manipulating molecular information, you just have to find an organism that requires
that function and re-purpose it for your application. This synthetic-biology approach may be our most
expedient option for getting to the next level in the next 2-5 years. Examples currently under development include using retroviruses such as “tame” variants of the rabies and HIV virus to trace circuits,
using DNA polymerase, the enzyme responsible for DNA replication, to record electrical potentials,
using DNA sequences to barcode cells and cell products and modern, high-speed genome sequencing
technology to create a map of all the synaptic connections in sample of tissue. While it seems likely
there will be proof-of-concept demonstrations of such technologies in the next few years, it will be
some time before they develop to a point where they can be applied routinely in animal studies, and
longer before they can safely be used in human studies.
• longer-term options [5–10 years] — Some neuroscientists believe that the ability to observe neural
activity at substantially higher spatial and temporal resolution than currently possible will lead to new
discoveries and new approaches to neuroscience. One approach to achieving this level of detail is to
enlist bioengineers and nanotechnologists to develop nanoscale recording and reporting devices that
can be collocated with targets of interest in the neural tissue. There are number of challenges to
achieving such technology. Moore’s law and related predictions of progress in miniaturizing integrated
circuits suggest that in the next five years or so we will be able to manufacture chips of roughly the
same size as a single cell — less than 10 µm — providing on the order of 10,000 transistors. We would
also have to reduce their power requirements to less than 10 nw to have some chance of powering
the devices and dissipating their waste heat without causing cellular damage. Most semiconductors
used in chips are toxic to cells and so we would have to develop alternative technologies like silicon
bicarbide or find better ways of chemically isolating existing technologies such as cadmium. Perhaps
the biggest challenge involves solving the related reporting problem: getting the information out of the
brain; obvious approaches to utilizing existing RF or optical communication technologies do not scale
to billions of nanoscale reporters. Safe, scalable solutions in this arena will likely require fundamental
advances in science and engineering to achieve.
Each of these three planning horizons, 1–2, 2–5, 5–10 years, offers opportunity for investment. In 1–2 years,
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incremental improvements in functional magnetic resonance will continue accelerate the study of cognitive
disorders of development and aging. Less-invasive ultrasound-based technologies for stimulation and surgical intervention are poised to deliver new treatments for neurodegenerative disease. In the 2–5 year time
frame, advances in synthetic-biology, DNA sequencing and multi-cellular recording promise insights into the
function of neural circuits involving thousands of cells. Such insights are likely to yield new approaches to
efficient computing, improved implants and prosthetic devices, and methods of harnessing natural computation. In 5-10 years, nanoscale sensors and robotics devices and the development of nanoscale communication
networks will revolutionize health care. New modes of human-computer interaction will provide the basis for
seamless integration of computing and communication technologies with our natural cognitive capacities.
We won’t have to wait 2, 5, or 10 years for these technologies to provide immediate value. We are already
seeing early advances in personalized medicine in terms of better retinal and cochlear implants, metered
drug delivery, precisely targeted cancer treatment, and deep-brain-stimulation implants to relieve chronic
depression, essential tremor and Parkinson’s disease. More cumbersome instruments like MRI are being
used to provide data on our emotional and cognitive states that can be used to train inexpensive, wearable
devices that respond to our moods and preferences. These personal assistants will transform the entertainment
business and early devices already seeing adoption in the gaming industry. New techniques in synthetic
neurobiology show promise in the optogenetic control of the thalamus to interrupt seizures due to cortical
injury, and every advance in the technology of efficient hybrid photovoltaics, genetically engineered biofuels
and lab-on-a-chip microassays helps to move us closer to the goal of being able to monitor the brain at
unprecedented scale and precision. Smart money will be watching for opportunties in all of these technology
areas.

2.3.1

Introduction

Recent announcements of funding for two major initiatives [9, 121] in brain science have raised expectations
for accelerated progress in the field of neuroscience and related areas of medicine. Both initiatives are depending on the development of new technologies and scientific instruments to realize their ambitious goals.
Existing, well-established technologies will initially serve to propel the science forward, and these incumbent
technologies will no doubt evolve to address new questions and offer new capabilities. However, we believe
that current technologies will fall short in scaling to provide an appropriately wide range of co-registered
assays across the whole brains of awake behaving animals and, in particular, human subjects1 . We anticipate
the need for new instruments that record diverse indicators of neural structure and activity2 with substantially
1 The

EU funded Human Brain Project [121] (HBP) and the US funded Brain Research through Advancing Innovative Neurotechnologies (BRAIN) Initiative both motivate their research programs in terms of the potential benefit to human health and welfare. That
said, there will continue to be a great deal of valuable research on alternative animal models, including primates, rodents and fish, as
well as simpler organisms such as flies and other invertebrates. These models offer a variety of experimental options depending on the
organism, including cloning, genetic engineering, and the application of alternative recording technologies, e.g., embryonic zebrafish
are essentially transparent allowing neural imaging opportunities impossible in other organisms [192].
2 The term “activity” is often used to describe the goals of the BRAIN (Brain Research through Advancing Innovative Neurotechnologies) Initiative. Indeed, the originally proposed name for the effort was the Brain Activity Map Project [9]. Unfortunately, the term is
ambiguous even among neuroscientists and can be used refer to very different sorts of brain-related activity, including action potentials,
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greater spatial and temporal resolution while providing rich contextual information of the sort required to
relate these indicators to behavior and clinically relevant outcomes. In particular, this rich contextual information will be critical in analyzing recordings from multiple subjects or the same subject at different times
and under varying conditions. There are precedents [408, 167] demonstrating how such scaling might be
accomplished by taking advantage of the accelerating returns from computers, robotics and miniaturization
that have made possible cell phones and the web. In addition, given their inherent potential for scaling, the
nascent fields of synthetic biology and nanotechnology offer considerable promise but also pose formidable
engineering challenges that will likely delay their availability as practical instruments for experimentalists.
If successful these instruments will produce a veritable tsunami of data well beyond the capacity of any
existing computational infrastructure to cope; we will be buried in riches with no way to realize their value;
even current recording technologies seriously tax existing industrial-scale computing infrastructure. The hope
is that the accelerating returns from Moore’s law and related trends in computing and storage technology will
enable us to keep pace with the new technologies if we expend effort in developing and integrating appropriate
data acquisition and analysis technologies throughout the scientific enterprise. The key is to automate as much
as possible. One lesson from web-scale computing is that, if you aren’t willing to automate an information
processing task, then don’t bother trying to carry it out by “hand”, because soon enough someone else will
have figured out how to automate it and they will run rings around you. The application of high-throughput
methods adapted from genomics research coupled with new animal models and transgenic strains for drug
screening is a good example of acceleration that leverages the scaling opportunities inherent in robotics,
information processing technology and molecular biology.
There is no one technology that we can count on to make progress over the next decade. Practically
speaking, the scientific community will have to move forward on a portfolio of promising technologies to
ensure steady progress on short- and medium-term objectives while laying the technological foundations for
tackling more ambitious goals. It should be feasible to engage the capital markets to accelerate progress and
underwrite some of the development costs as the the technologies that drive the science will have important
practical applications in communications and computing, medicine, and entertainment to name just a few of
the relevant areas. The primary objective of this technical report is to populate the portfolio of promising
technologies and provide scientists, entrepreneurs and investors with a basic understanding of the challenges
and opportunities in the field as they are likely to evolve over the next decade.
We begin by making a distinction between recording and reporting. Conceptually every technology we
discuss will consist of a recorder and a reporter component:
• recorder — think of a recording device that when you hit the record button converts energy from the
microphone (sensor) into a semi-permanent record (physical encoding) of the signal for subsequent
reuse; the notion of recorder combines the functions of sensing the target signal and encoding it a form
suitable for transfer.
metabolic processes, e.g. mitocondrial efficiency, gene expression and diffuse neuromodulation, e.g. dopamine release in the substantia
nigra, etc.
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• reporter — think of a news reporter who seldom observes the actual events but rather collects first-hand
accounts, writes her interpretation of events and posts them to her editor in a remote office; the notion
of reporter combines the functions of transcoding, perhaps compressing and transmitting recorded
information.
Recording technologies sample chemical, electrical, magnetic, mechanical and optical signals to record voltages, proteins, tissue densities, molecular concentrations, expression levels, etc.
There are many existing recording technologies we discuss in this report, but we focus our attention
primarily on reporting as we view this as one of the primary bottlenecks limiting our ability to accelerate our
understanding of the brain.
We divide recording technologies into two broad classes depending on whether the coding and signaltransmission components are located externally, outside of the target tissue, or internally, within the target
tissue and typically co-located with the reporting components:
• external — an external energy source radiating in the electromagnetic or acoustic spectrum is used to
illuminate reporter targets within the tissue and the reflected energy is collected and analyzed to read
out measurements.
• internal — reporters are coupled to local transducers that pre-process and package measurements in a
format suitable for transmission over a communication channel employed to transmit the coded signals
to an external receiver.
Most external technologies involve some form of imaging broadly construed. In addition to those technologies explicitly described as “imaging”, e.g., magnetic resonance imaging (MRI) and ultrasound imaging, we
also include many of the technologies that incorporate the suffixes “scopy” or “graphy” in their name, e.g.,
scanning electron microscopy (SEM), near-infrared spectroscopy (NIRS), photoacoustic tomography and
electroencephalography (EEG). External technologies have the advantage that most of the energy required to
make the measurements, process the information and extract the data from the tissue can be supplied from
sources outside of the tissue. The most common disadvantages of these technologies concern limitations in
penetration depth due to scattering and absorption of energy within the tissue.
In contrast, internal technologies require a source of energy to power the implanted devices and a method
of safely dissipating of the resulting waste heat. In addition, internal technologies generally require additional computational machinery to process, package and route raw measurements. In some cases, there are
biomolecular computing solutions that are energy efficient and compatible with surrounding tissue. However, for many relatively simple computations we take for granted in conventional computing hardware, the
biological options are too slow or error prone. Nanotechnologies based on either semiconductor technology
or silicon-and-synthetic-biology hybrids hold promise if we can continue to drive down size and power and
overcome problems with toxicity and potential interference with normal cell function.
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Evolving Imaging Technologies

Many of the most powerful recording and reporting technologies currently available can be characterized
as imaging broadly construed in which some portion of the acoustic or electromagnetic spectrum is used to
illuminate a target tissue and the returning signal is analyzed to extract useful information about structure,
e.g., cytoarchitectural details, and function, e.g., membrane potentials and spike-timing data. These relatively
mature technologies largely finesse the problems relating to powering reporting devices and carrying out the
required computations involved in signal processing, compression and transmission by performing all these
functions externally to the imaged tissue.
These technologies are of particular interest since they are in daily use in hospitals throughout the world
and are approved for human studies, unlike many of the other technologies we will discuss that are either not
so approved or approved only in highly restrictive cases in which the patient has no other recourse for treatment or diagnosis. Both of the brain initiatives mentioned as depending on the accelerated development of
the technologies surveyed in this report invoke understanding the human brain and relieving human suffering
as motivation for their public funding. The imaging technologies discussed in this section are among those
most likely to produce such outcomes in the near term.
With few exceptions, the technologies discussed in this section are relatively mature, were invented and
refined largely independently of their applications in neuroscience, have promising directions for improved
performance and extended capability, and are well funded by the private sector due to their use in the health
care industry, industrial materials science and chip manufacturing. The physics of nuclear magnetic resonance
(NMR) has given rise to a family of technologies that are familiar in modern medical practice but that are also
commonly employed in scientific instruments used in many other fields. They include magnetic resonance
imaging (MRI), functional MRI (fMRI), and diffusion tensor (functional) MRI (DTI).
fMRI works by measuring local changes in hemodynamic response (blood flow) that are roughly correlated with neural activity. The most commonly measured signal — blood-oxygen-level-dependent (BOLD)
contrast [312] — serves as a rough proxy for neural activity averaged over rather large local populations of
neurons and thus offers only limited spatial and temporal resolution. Studies involving fMRI offer some of
the most powerful insights into high-level human cognition and its pathologies to date. Using fMRI scientists are able to decode patterns of activity involving cognitive functions identified with anatomically distinct
areas of the brain such as auditory and visual cortex, and even implement a rudimentary sort of mind reading [289, 211]. State of the art fMRI resolution is on the order of 1 second temporal and 5 mm spatial.
The path from blood oxygen level to neural activity is anything but direct. Glucose plus oxygen yields
energy in the form of ATP and waste products in the form of carbon dioxide and water3 . This reaction takes
place in mitochondria many of which are located in the synaptic knobs at the end of axons where most of the
brain’s metabolic budget is spent. We pay a high metabolic cost for processing information; it requires on the
order of 104 ATP molecules to transmit a single bit at a chemical synapse [241]. Specifically, most of the ATP
3 Oxygen is required in glycolis in which a glucose molecule is broken down into two three-carbon pyruvate molecules yielding two
ATP molecules in the process.
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consumed in the brain is spent pumping ions across cell membranes to maintain and restore resting potential
following an action potential [161]. Despite its undisputed scientific and diagnostic merit, hemodynamic
response and the BOLD contrast signal in particular are difficult to measure and complicated to interpret
as an indicator for neural activity [245, 63, 265]. Better statistical tests to overcome measurement noise
and alternative contrast agents are being sought after as alternative indicators for neural activity. Calciumsensitive agents make MRI more sensitive to calcium concentrations and calcium ions play an important
role as messengers for cellular signalling pathways in active neurons. Calcium indicators being developed
for functional MRI may open up new opportunities for functional molecular imaging of biological signaling
networks in awake, behaving organisms [16].
DTI estimates the rate of water diffusion at each location (voxel) in the imaged tissue. This enables
us to identify white matter which consists mostly of glial cells and myelinated axons and comprises the
major information pathways connecting different parts of the brain. DTI is particularly useful in a clinical
setting for diagnosing stroke and white-matter pathologies. With a spatial resolution on the order of 100 µm
it has provided some of the most stunning macroscale images to date for the Human Connectome Project
(HCP) [394, 384]. HCP is tasked with understanding the micro- and macro-scale connections in the human
brain. The general area of study is generally referred to as connectomics. We’ll return to discuss microscale
connectivity — connections between individual neurons — in Section 2.3.4.
There are a number of other imaging technologies that share the property they operate outside of the
target tissue relying entirely on external sources of power. These include specialised conventional optical
microscopes capable of µm resolution, and variants of confocal microscopy that achieve resolution below
the diffraction limit to achieve resolution approaching 0.1 µm using laser light sources and super-resolution
techniques [183, 373]. We will pay particular attention in the remainder of this report to the use of devices
capable of sub micron resolution that are typically used in conjunction with various dyes and contrast agents
to resolve the details of neurons including their dendritic and axonal processes and to identify the presence
of proteins and other molecules of interest.
Scanning electron microscopes (SEM) can resolve details as small as a few nanometers, and, while not
able to image individual atoms as are transmission electron microscopes, they are able to image relatively
large areas of tissue which makes them the tool of choice for tracing neural circuits in chemically stabilized
(fixed) tissue samples. Unlike MRI and ultrasound these technologies are primarily of use with fixed tissue,
in vivo experiments or animal studies requiring invasive procedures not likely to ever be approved for human
subjects. Two-photon excitation microscopy [176] is a fluorescence imaging technique that allows tissue
penetration up to about one millimeter in depth and is particularly useful in circuit tracing and calcium
imaging [154] in living tissue and genomic, transcriptomic, and proteomic maps of fixed neural tissue.
There are other imaging technologies relying on light or more exotic physics that deserve brief mention.
Near-infrared spectroscopy (NIRS) is of interest as a non-invasive technology that can be used to detect a
signal similar to BOLD but without an expensive and cumbersome MRI magnet. NIRS provides limited
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spatial resolution and depth of field but is already proving useful as an inexpensive sensor in building braincomputer interfaces (BCI) for gaming headsets. Positron emission tomography (PET) provides some of
the same capabilities as MRI but has received less attention in part due to its associated radiation risk and
competing technologies maturing to subsume its most clinically relevant capabilities.
There is also a set of technologies that attempt to directly sense electrical signals resulting from neural
activity without penetrating brain tissue and causing cellular damage. Electroencephalography (EEG) is perhaps best known of these technologies. EEG measurements can be recorded from awake behaving humans
with no surgical intervention, but because the electrodes are placed on the skin covering the skull it offers
a spatial resolution on the order of 5cm, and, while the temporal resolution can be as high 1KHz, measurements average over large populations of neurons. Electrocorticography (ECoG) allow us to measure local
field potentials (LFPs) with temporal resolution of approximately 5 ms and a spatial resolution of 1 cm but
involves a craniotomy as it requires a grid of electrodes placed directly on the exposed surface of the brain.
Advanced ECoG methods have successfully decoded speech from patterns of activity recorder over auditory
cortex [322].
Magnetoencephalography (MEG) — like EEG and ECoG — measures the net effect of currents flowing
through the dendrites of neurons during synaptic transmission — not, it is worth noting, action potentials. The
synchronized currents of neurons generate weak magnetic fields just barely detectable above the background
levels even with extensive shielding and superconducting magnetometers. On the order of 50,000 active
neurons are required to generate a detectable signal. MEG has the temporal resolution of EEG and the spatial
resolution of ECoG, however unlike ECoG MEG does not require a craniotomy.
Light in the visible range of the electromagnetic spectrum cannot penetrate deeply into tissue. Clearing
reagents like CLARITY [87] and ClearT [237] can be used to prepare tissue in such a way that structures that
would normally absorb or scatter light such as the bilipid layers that comprise cell membranes are rendered
transparent, but this approach doesn’t apply to living tissue. At radio frequencies below 4 MHz the body
is essentially transparent to the energy which makes it a candidate for transmitting data but not imaging.
Light in the near-infrared range with a wavelength of about 800 nm to 2500 nm can penetrate tissue to several
centimeters and is used in both imaging and stimulating neural tissue. However, the electromagnetic spectrum
is not the only alternative we have for non-invasively probing the brain.
Ultrasound pressure waves are routinely used in diagnostic medical imaging and easily penetrate tissue
to provide real-time images of the cardiovascular system. The ultrasonic frequencies used for diagnostic
imaging range typically between 2 MHz and 20 MHz. Spatial resolution on the order of 1 µm is possible with
frequencies in the 1-2 GHz range, but attenuation in soft tissue increases as a function of the frequency thereby
reducing penetration depth4 . This loss of penetration depth can be compensated somewhat by increasing the
signal intensity while limiting exposure. For exposures longer than ten seconds, intensity levels less than 0.1
4 Theoretically, attenuation increases with the square of the frequency, but linear increases have been reported for several biological
tissues [182]. Unfortunately, the empirically-derived attenuation coefficient for neural tissue is 200 times that of water — 0.435 versus
0.002 (db cm 1 MHz 1 ) [182] — despite the two materials having similar density, 1.0 versus 1.02 (g/cm3 ), speed of sound, 1480 versus
1550 (m/sec) and acoustic impedance, 1.48 versus 1.60 ([kg/(sec m2 )] ⇥ 106 ).

CHAPTER 2. NEUROSCIENCE

57

(W/cm2 ) are generally deemed safe for diagnostic imaging. For a 70 MHz signal traveling through water, the
attenuation coefficient is 10 (dB/cm) and, given an intensity of 0.1 (W/cm2 ), the maximum effective depth
would be in the range 1.5-2 cm.5 .
Ignoring temperature and barometric pressure, ultrasound travels about five times faster in water (about
1500 m/s) than it does in air (about 300 m/s). Most ultrasound technologies exploit the piezoelectric effect
for acoustic signal transmission, reception or both. When materials like ceramics, bone and DNA are mechanically stressed, they accumulate an electrical charge. Conversely, by applying an external electric field
to such materials, we can induce a change in their static dimensions. This inverse piezoelectric effect is used
in the production of ultrasonic sound waves.
Focused ultrasound (FUS) technologies developed for medical applications employ a phased-array of
piezoelectric transducers to produce multiple pressure waves whose phase is adjusted by introducing delays
in the electrical pulses that generate the pressure waves. By coordinating these delays, the focal point —
point of highest pressure and thus highest temperature in the tissue — can be precisely controlled to avoid
cell damage. FUS can be used for deep brain stimulation and has demonstrated promise in clinical trials on
patients suffering from essential tremor. FUS has also been used to alter the permeability of the blood-brain
barrier to allow the controlled diffusion of drugs or other nanoparticles across the blood-brain barrier [450]. A
hybrid near-infrared-plus-ultrasound-imaging technology called photoacoustic spectroscopy has been shown
effective in monitoring focused-ultrasound-induced blood-brain barrier opening in a rat model in vivo.
High-intensity focused ultrasound (HIFU) can be used to destroy a tumor in the breast, brain or other
tissue without cutting into the surrounding tissue. In the case of the brain, the cranium poses a challenge
due to its variable thickness, but this can be overcome either by performing a craniotomy or by using a CT
scan to construct a 3-D model of the skull and then generating a protocol based on this model that adjusts
the delays to correct for aberrations in signal propagation due to the changes in thickness of this particular
skull [431]. HIFU offers an alternative to Gamma-knife surgery without the attendant radiation risk though
there are some drawbacks due to the fact that ultrasound waves, unlike ionizing radiation, can be deflected
and scattered.
Ultrasound technologies like transcranial doppler (TCD) imaging have been used to measure the velocity of blood flow through the brain’s blood vessels, and provide fast, inexpensive diagnostics for brain
injuries [28]. TCD offers temporal resolution comparable to other neuroimaging techniques, but spatial resolution is relatively poor at the frequencies typically used in diagnostic imaging. High-frequency acoustic
microscopes do exist, however, and are routinely employed in clinical settings, most notably in producing
sonograms used in ophthalmology for treating glaucoma [388]. For the time being, it seems the most likely
applications of ultrasound in experimental neuroscience will involve diffuse stimulation using nanobubble
contrast agents [105] and manipulation of the blood-brain-barrier for introducing engineered biomolecules
5 The formula for the attenuation coefficient in water as a function of frequency is a = 2.17 ⇥ 10 15 ⇥ f 2 (dB/cm) where f is
the frequency [295]. In order to achieve a spatial resolution of 15 µm, we would need a frequency of 100 MHz and given that the
corresponding a is approximately 20 (dB/cm) it would be difficult if not impossible to safely penetrate to the maximum depth required
to image an entire human brain.
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and nanoparticles into the brain — see Appendix 2.3.11.
The technologies discussed in this section are relatively mature. In some cases, they have run up against
fundamental physical limitations, and improvements in resolution and accuracy are likely to come from incremental engineering. That said they are also the incumbents in the extant technology race; their technology
has set a high bar, and even incremental improvements will likely prove sufficient to maintain their dominance
and market share. In many cases, they also have the advantage that the medical profession is conservative
and reluctant to abandon technology in which they have invested time learning how to master. To break into
these established markets, new companies will have to demonstrate substantially new capabilities to attract
funding and successfully launch products.
Attractive capabilities that might serve as game changers include technologies that combine recording and
stimulating, e.g., thus enabling the use of feedback for direct control of treatment, multi-function technologies
that monitor several indicators at once, e.g., recording co-located electrical and proteomic activity, lighter,
smaller, less intrusive technologies, e.g., wearable or implantable devices to support remote monitoring and
improve patient compliance, and technologies that significantly expedite existing protocols or eliminate them
entirely, e.g., portable, affordable alternatives to diagnostic MEG, MRI and PET for small family medical
practices.
Speed definitely matters in both clinical and scientific studies. Multi-plane, parallel-imaging NMR technologies6 have accelerated scanning four-fold, and there are likely greater gains to be had as other parts of
the processing pipeline catch up. With the advent of portable devices for bedside ultrasound scanners and a
move by manufacturers to support beam-forming in software researchers have been able to improve throughput thirty-fold with no reduction in resolution [263]. The latest SEM technology promises high-throughput,
large-area imaging using a multi-beam scanning. The electron source is split into multiple beams — as many
as sixty — and all of the beams are scanned and recorded from in parallel resulting in a sixty-fold speedup in
acquisition.
While some improvements among the incumbent technologies will require fundamental advances in science, improvements requiring computation can immediately take advantage of the accelerating returns from
advances in computer design and chip fabrication. For example, new signal-processing algorithms running
on faster hardware can increase accuracy with no loss in throughput by sampling more frequently, sampling
more intelligently or using existing sampling strategies but spending more time analyzing the samples. MRI,
ultrasound imaging and scanning electron microscopy are all poised to make substantial improvements in
throughput by exploiting computation to accelerate the acquisition and analysis of data.

2.3.3

Macroscale Reporting Devices

In this section we continue our discussion of relatively mature technologies by examining tools for reporting
on the microscale properties of individual cells using technologies whose components are implemented at the
6 Parallel acquisition techniques combine the signals of several coil elements in a phased array to reconstruct the image, the chief
objective being either to improve the signal-to-noise ratio or to accelerate acquisition and reduce scan time.
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macroscale. In Sections 2.3.5 and 2.3.6 we will return to the problem of resolving details at the microscale
but this time employing microscale components based on, respectively, re-purposed biological components
and hybrid technologies that combine biological parts with inorganic devices including novel applications of
semiconductor and integrated-circuit technology.
The classic single-probe electrode used in electrophysiology consists of a solid conductor in the form of
a needle that can be inserted into the tissue to record the local field potentials resulting from the activation
of neurons in close proximity to the uninsulated tip of the electrode. In Section 2.3.4 we review current
methods of automating the insertion and manipulation of such devices thereby eliminating the most timeand labor-intensive part of their application in the lab.
While still used in practice many scientists now employ multi-electrode arrays consisting of hundreds of
electrodes arranged in a grid in order to better resolve the activity of individual neurons. These arrays can be
implanted in living tissue for in vivo experiments or cells can be cultured on arrays for in vitro studies. Arrays
constructed from stainless steel or tungsten are now being replaced by silicon-based devices that can benefit
from the same technologies used in chip manufacture, and technologies originally intended for the lab are
being refined for use as permanent implants in humans spurring innovation in the design of biocompatible
devices.
Tightly grouped bundles of very small electrodes are often used to enable more accurate local readings.
Four such electrodes in an arrangement called a tetrode provide four spatially-distributed channels that can
be used to better separate the signals originating from different neurons. The basic idea can extended and
polytrodes consisting of 54-channel high-density silicon electrode arrays have been used to make simultaneous recordings from more than 100 well-isolated neurons [40]. Flat arrays called microstrips with as many
as 512 electrodes and 5 µm spacing have been used to record from and stimulate cells in the retina and visual
cortex [254].
The recording tips of the electrodes in the multi-electrode arrays mentioned above are typically arranged
to lie on the same plane and so these arrays are essentially 2-D probes. To enable an additional degree
of freedom in recording, these probes can be advanced or retracted in small steps to sample from a 3-D
volume, but this implies that at every point in time the samples are all drawn from a planar region. It is
worth noting that while the tools of electrophysiology are used primarily for sampling extracellular voltages,
electrophysiology can also measure internal voltages of a single neurons. In studying hippocampal place cell
activity, sub-threshold dynamics seem to play an important role and there are currently limited ways to get a
similar signal with the other technologies [162].
Single probes with multiple recording sites along their length have been developed with as many as 64
channels [110]. These probes are particularly revealing when inserted into cortical tissue either vertically
or horizontally relative to the cortical surface to record from different types of neurons located in multiple
layers or from multiple neurons of the same type of neuron located within the same layer. If you ask an
experimental neuroscientist interested in early vision if it would help to record more densely from visual
cortex, the answer would likely be yes since it is a common and puzzling experience having recording from a
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neuron that appears to strongly respond to one stimuli, only to find when you move your probe scant microns
you encounter a neuron that responds strongly to a completely different stimuli.
There is also work developing true 3-D arrays using flexible materials for use in chronic implants [78].
Optogenetics has opened the door to implants that can exert exquisite control over individual neurons with
optical-fibers being the method of choice for delivering light to exert such control. In principle the same
wave guides used to deliver light to activate neurons can be multiplexed to receive light from biomolecules
designed to record from neurons. Optical wave guides that can be used for delivering light to excite or inhibit
individual neurons in a 3-D volume have been demonstrated [482] and since these probes were fabricated
using CMOS technology the expectation is that these technology will scale to thousands of targets with the
3-D volume.
A fluorophore is a fluorescent compound that re-emits photons upon excitation and can be covalently
bonded to a macromolecule to serve as a dye, tag or marker. Fluorophores can be employed as microscale
recorders capable of resolving nanoscale details. The method of calcium imaging is perhaps the most successful such application of this idea to recording from many neurons simultaneously [155]. The synaptic
transmission of action potentials is controlled in part by an influx of calcium into the synaptic terminal of
transmitting neuron’s axon7 . The distribution of calcium in synapses can be used as a proxy for neural activity. Detection is accomplished using genetically encoded calcium indicators (GECI) that respond to the
binding of Ca2+ ions by changing their fluorescence properties [192].
Imaging is typically accomplished using one- or two-photon microscopy but it was recently shown to be
possible to image the entire brain of a larval zebrafish at 0.8 Hz and single-cell resolution using laser-scanning
light-sheet microscopy [5], and, despite calcium being a lagging indicator, it is possible to employ calcium
imaging data to reconstruct spike trains using Monte Carlo sampling and super-resolution techniques [441].
Miniaturized fluorescence microscopes offering ˜0.5 mm2 field of view and ˜2.5 micron lateral resolution
enable researchers to record from awake, behaving mice [137].
Patch clamping is a bench technique for recording from single or multiple ion channels in individual
neurons. It is the most precise method available to the neuroscientist for recording electrical activity in
neurons. Until recently it required a highly skilled technician to carry out the procedure. The method has
now been automated [222] opening up the possibility of highly-parallel, robotically-controlled experiments.
It is possible to build nanoscale recorders that indicate whether a specific ion channel is open or closed, and so
it is natural to ask if one could not simply record from all the ion channels on an axon and use this information
to reconstruct the propagation of action potentials. While conceivable in principle, it is not likely to prove
practical any time soon due to the simple fact that there on the order of 1,000 sodium pumps (voltage-gated
ion channels) per µm2 of axonal membrane surface or about a million sodium pumps for a small neuron.
It is possible to directly measure membrane potentials optically by using a combination of two-photon
microscopy and genetically-encoded voltage indicators (GEVI) derived from a combination of a voltagesensing domain similar to that found in voltage-gated ion channels and fluorescent proteins. GEVI proteins
7 There is also post-synaptic (somal) calcium influx during depolarization, and for this reason the method of calcium imaging can be
used to analyze the antecedents to action potentials in firing neurons not just the consequences manifest in their axonal processes.
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can be targeted to specific cells and there expressed and integrated into the cell membrane [370]. However,
instead of opening an ion channel, the voltage-sensing domain serves to alter the conformation of the fluorescent proteins so as to signal changes in membrane potential [327]. Researchers have demonstrated that it is
possible to use such a method to reliably detect single action potentials in mammalian neurons [230]. More
recently, both subthreshold events and action potentials have been measured in genetically-targeted neurons
in the intact Drosophila fruit fly brain [72]. While promising, the technology has yet to seriously challenge
calcium imaging due in part to problems with signal-strength and temporal-response limitations.
There are several relatively static pieces of information that neuroscientists would like to have for their
experimental subjects: the set of all RNA molecules transcribed in each cell type — referred to as the transcriptome, the set of all proteins expressed by each cell type — called the proteome, and a complete map of
the connections between cells along with some measure of the strength of those connections referred to as
the connectome8 . In terms of basic genomic information, we might sequence an instance of each cell type
or multiple instances of the same cell type drawn from different locations in order to search for epigenetic
differences. However, full sequencing is likely unnecessary given that we know what to look for and so, for
practical purposes, it should suffice to apply a method such as in situ hybridization or immunoflorescence to
obtain genetic signatures for cells or create a map relating genetic differences to locations corresponding to
the coordinates of small volumes of tissue.
One point to emphasize is the importance of maps and why they are so useful to scientists. In particular,
we envision multiple maps: genomic, connectomic, transcriptomic, and proteomic maps along with sundry
other maps registering activity and metabolic markers. These maps will be significantly more useful if different maps from the same subject can be registered with one another so we can relate their information spatially
— and temporally in the case of maps with a temporal dimension. Equally important is the ability to relate
maps from different subjects of the same species, as in the case of comparing healthy and diseased brains.
As simple as this sounds, it is an enormously complex problem. That the Allen Institute was able co-register
the maps of almost identical cloned mice in building mouse-brain atlas [408] is a significant accomplishment
and preview of some of the difficulties likely to be encountered in building a human-brain atlas. Ideally we
would like a standardized method for moving between organisms; such methods exist but terminology differences between humans and model organisms complicate the mapping. A controlled ontology analogous to
the NIH-maintained Medical Subject Headings (MeSH) for neuron cell types, neuroanatomical landmarks,
etc. would enable more fluid transitions between different experimental results.
Though there are many variations the most common approach to generating a connectome involves stabilizing and staining the tissue sample, slicing it into thin sections, scanning each slice with an electron
microscope, and then applying some method to segment the cell bodies and identify connections between
cells [54, 284]. This last stage is the most time consuming by several orders of magnitude as it typically involves the intervention of a human expert. While automating cell-body segmentation is still an open problem,
8 If exhaustive, the connectome would have to include axodendritic, axosomatic and dendrodentritic connections along with a classification of the pre- and post-synaptic cell types, relevant neurotransmitters, and information on whether the connections are excitatory
or inhibitory.
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most computer vision experts believe that it will be solved by some combination of better algorithms, better
stains and better imaging hardware [193]. Refinements of tissue-preparation technologies such as CLARITY [87] and ClearT [237] — see Section 2.3.2 — may eventually prove useful in segmenting cell bodies.
We will return briefly to the problem automating the production of connectomes in Section 2.3.4.
Array tomography is a method for extracting a proteomic map which is superficially similar to the method
described above for producing connectomes in all but the last step. Instead of applying a computer vision
algorithm to segment each SEM image, you apply the method of immunofluorescence to tag proteins with
fluorescent dyes so they can be identified with a scanning electron microscope [283]. Alternative methods
of tagging such as fluorescent in situ sequencing (FISSEQ) on polymerase colonies [290] may offer a way
around current limitations in the number of tags — and hence proteins — you can distinguish between in a
single tagging-and-imaging pass over a given volume.
A volumetric transcriptomic map identifies for each 3-D volume in a tissue sample the set of all RNA
molecules produced in the population of cells located within the volume. Ideally such a map would have
a temporal extent given that the type and number of transcribed genes will vary over time, at the very least
over the development of the organism [207]. The simplest approach to constructing a static volumetric
transcriptomic map is to slice the sample into small volumes, separate out the RNA and sequence using RNA
microarrays, FISSEQ or some other high-throughput sequencing method.
In this section, we looked at reporting technologies consisting of macroscale components which, while
capable of reporting out the information provided by microscale recorders, are volumetrically limited by
absorption and scattering. The exception being static maps of tissue samples that are dissembled for analysis
assuming that the organism can be sacrificed. By employing a fiber-optically coupled microendoscope [27] it
is possible to image cells deep within the brains of live animals over extended periods, but with reduced field
of view and the invasive introduction of the endoscopic device. Dynamic maps that record neural activity
in awake behaving humans are limited in scale by existing reporter technology. In Sections 2.3.5 and 2.3.6,
we will explore technologies for implanting microscale reporter co-located with their microscale recorder
counterparts to enable scaling activity maps to even larger spatially distributed ensembles of neurons.

2.3.4

Automating Systems Neuroscience

The notion of testable hypothesis and the quest for simple, elegant explanatory theories is at the very foundation of science. The idea of automating the process of hypothesis generation, experimental design and data
analysis, while once considered heretical, is now gaining favor in many disciplines, particularly those faced
with explaining complex phenomena. The search for general principles — the holy grail of modern science —
sounds so reasonable until you ask scientists what would qualify for such a principle, and here you are likely
to get very different answers depending on whom you ask. We would like the world to be simple enough accommodate such theories, but there is no reason to expect nature will cooperate. Perhaps in studying complex
systems like the brain, we’ll have to settle for a different sort of comprehension that speaks to the emergent
properties and probabilistic interactions among simpler components and mathematical characterizations of
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their equilibrium states [9, 341, 181].
The term “emergent” is often used derisively to imply inexplicable, opaque or even mystical. However,
there is reason to believe at least some of the processes governing the behavior of neural ensembles are best
understood in such terms [405, 64]. This is not a call for abandoning existing theories or the search for
general principles, but rather a suggestion that we consider new criteria for what constitutes an adequate
explanation, entertain new partnerships with computational scientists and where possible automate aspects of
the search for knowledge, and explore new classes of theory that demand data and computation to discover
and evaluate. Computation- and data-driven approaches don’t necessarily imply recording from millions
of neurons, though techniques from data mining and machine learning may be the best tools for making
sense of such data. Indeed, there already exist powerful tools in the current repertoire — see Sections 2.3.2
and 2.3.3 — that can be applied to produce data of sufficient quantity and quality to explore interesting such
phenomena [44, 71, 394]. Distributed and sparse coding models of visual memory were initially motivated
by computational and statistical arguments [26, 316] and subsequent work developing probabilistic models
crucially depend on analyses that would not have been possible without modern computational tools and
resources [381, 71, 358].
As our understanding of smaller circuits and diverse molecular, electrical and genetic pathways improves we can expect to see increased reliance on high-fidelity simulations and data-driven model selection9 [403, 417]. These approaches will enjoy accelerated returns from advances in computer technology
allowing scientists to explore and model larger ensembles. In the past, mathematicians, statisticians and computational scientists interested in analyzing neural data often found themselves isolated at the far end of a
pipeline, shut out of the preliminary discussions involved in designing experiments and vetting theories, and
privy to such earlier decisions only through the spare, stylized format of academic publication. This sort of
specialization made it difficult to approach the problem of model selection in a systematic end-to-end fashion
with opportunities to adjust each step of the process from stipulating which measurements are taken and how
the data is annotated, curated and stored electronically to defining which hypotheses and classes of models are
appropriate in explaining the data. Today computational scientists are integral members of multidisciplinary
teams.
The idea of including computational scientists early in designing experiments, vetting theories and creating models and frameworks for understanding is not new. Neural simulators have been around as long as
computers10 , and modern high-fidelity, Monte Carlo simulations [213] are capable of modeling the diffusion
and chemical reactions of molecules in 3-D reconstructions of neural tissue and are used for a wide range of
in silico experiments, e.g., providing evidence for ectopic neurotransmission in synapses [94] and accurate
9 In statistics and machine learning, model selection is the problem of picking from among a set of mathematical models all of which
purport to describe the same data set. The task can also involve the design of experiments to ensure that the data collected is well-suited
to the problem of model selection.
10 In developing the Hodgkin-Huxley model of action potentials [180], Huxley carried out extensive calculations on a manuallycranked calculator to make predictions about how action potentials would change as a function of the concentration of extracellular
sodium. His predictions were later confirmed by Hodgkin’s experiments with giant squid axons [179]. Around the same time, a model
of synaptic plasticity developed by Donald Hebb [173] was simulated on an early digital computer at MIT by Farley and Clark in
1954 [127].
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simulations of 3-D reconstructions of synapses yielding new insights into synaptic variability [402].
While several large-scale simulations [12, 191, 271] have received attention in recent years, skeptics
believe that such efforts are premature given the present state of our knowledge [442]. Whether true or not,
many researchers characterise their work as trying to understand how neural circuits give rise to behavior.
But the gap between circuits and behavior is wide, and an intermediate level of understanding might be
achieved by characterizing the neural computations which occur in populations of neurons [73]. In the same
way that knowing the primitive operators in a programming language is essential to understanding a program
written in that language, so too the computations we use to characterize the function of smaller circuits might
eventually provide us with a language in which to describe the behaviors supported by circuits comprised of
larger ensembles of neurons.
In some cases, it is instructive to discover that one sort of information, say spiking behavior, can be
recovered from another sort of information, say calcium influx, using an appropriate machine learning algorithm. Computational neuroscientists demonstrated that accurate spike-timing data could be recovered from
the calcium imaging of neural populations opening the possibility of recording from neural circuits and inferring spikes — the gold standard for summarizing the electrical behavior of individual neurons — without
patch clamping or inserting electrodes [441]. In developing the Allen Mouse Brain Atlas [408], the Allen
team had to invent techniques for registering neural tissue samples from multiple cloned mice against standardized anatomical reference maps and, in the process, they developed powerful new tools for visualizing
3-D connectivity maps with detailed gene-expression overlays. Patterns apparent from gene expression maps
are often as useful if not more so than canonical reference maps for identifying functional areas, and this
observation may be of crucial importance when we attempt to build a human brain atlas.
It is worth mentioning that the Allen Mouse Brain Atlas required the collaboration of scientists from
diverse fields including neuroanatomy, genomics and electron microscopy and would not have been possible
without the involvement of mathematicians and computer scientists from the very start of the project. Given
the trend, we expect more successful collaborations involving neuroscientists and biophysicists with a deep
understanding and broad interpretation of computation as manifest in biological systems and computer scientists and electrical engineers with extensive knowledge and appreciation of biological organisms and the
many chemical, electrical, mechanical and genetic pathways that link those organisms to the environments
in which they evolved. And in, terms of leveraging tools, techniques and technologies that benefit from the
accelerating returns of computation, we can also expect help from another unexpected quarter: industrial and
consumer robotics.
The automation of serial sectioning, section handling and SEM imaging11 for large-volume 3-D reconstruction and array tomography has enormously sped up the collection of data required for applications in
connectomics and proteomics. Developments like the automatic tape-collecting ultra-microtome (ATUM)
remove the requirement for a skilled human in the loop and dramatically reduce sorting errors and tissuehandling damage [371]. The automated 3-D histological analysis of neural tissue is still in the early stages of
11 As discussed in Section 2.3.3, serial-section block-face scanning electron microscopy is one of the primary methods used in connectomics and proteomics for creating 3-D maps of stabilized, stained neural tissue [53].

CHAPTER 2. NEUROSCIENCE

65

development but a great deal of progress has been made [287] and we can expect rapid improvement in the
next few years fueled by advances in machine learning [193] and high-performance computing.
Indeed, there are many repetitive tasks routines carried out in the lab that can be automated by machine learning and computer vision or accelerated by robotically controlled instruments. Even such delicate
tasks as patch-clamp electrophysiology [222] and multi-electrode array insertion [481] can be performed
by programmable robots. Increasingly the manufacturers of scientific instruments are replacing hardware
components by software components so they can offer performance enhancements by simply upgrading the
software or swapping out a circuit board and replacing it with one using the latest processor technology.
The ability to run hundreds of laboratory experiments in parallel with little or no human intervention
is now possible with modular robotic components, standardized controllers and computer-vision-enabled
monitoring and data collection. Of course, prior to automating a complicated endeavor like that addressed by
the Encyclopedia of DNA Elements (ENCODE) Consortium12 , you first have to do a lot of exploratory work
to figure out what’s worth automating. That said, researchers should be aware of the potential advantages of
automation tools and quick to exploit them when they identify an appropriate task. The short- and mediumterm prospects for more parallelism, higher throughput, greater precision and enhanced flexibility is limited
primarily by our imagination and willingness to invest in building and deploying the requisite systems.

2.3.5

Synthetic Neurobiology

In this section, we consider the methodology of co-opting existing biomolecules for purposes other than
those for which they naturally evolved. This approach has the advantage that it often simplifies the problem
of biocompatability. Moreover it allows us to take advantage of the enormous diversity of solutions to biologically relevant problems provided by natural selection [359]. Given that cellular function is conserved
across a range of organisms from algae to mice, if an existing solution from the target organism is not found,
a solution from an alternative organism is often compatible.
We’ve already seen several examples of biomolecules that play important roles in technologies relevant to
scalable neuroscience. For instance, organic fluorophores are used in imaging technologies to stain tissues or
as markers for active reagents, as in the case of antibodies used in immunoflorescence imaging. Biomolecules
found in odd flora and fauna have found application in genomics and provide a dramatic example of how
biology can enable exponential scaling.
A key step in DNA sequencing involves amplifying the DNA to create the many copies required in
subsequent steps such gel electrophoresis13 . Amplification requires multiple cycles in which a heat-stable
DNA polymerase plays a critical role. An important breakthrough was the discovery of Taq polymerase
isolated from Thermus aquaticus a species of bacterium that can tolerate high temperatures, but it required
considerable additional effort before the method now called polymerase chain reaction (PCR) was refined
12 The goal of ENCODE is to build a comprehensive parts list of functional elements in the human genome, including elements that
act at the protein and RNA levels, and regulatory elements that control cells and circumstances in which a gene is active.
13 It is worth noting that this amplification step will no longer be necessary in nanopore sequencing or other singlemolecule sequencing
methods [434].
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and became an indispensable tool in genomics [300].
The discovery of complex molecules called channelrhodopsins played a similar role in spurring the development of optogenetics [47]. These molecules function as light-gated ion channels and serve as sensory
photoreceptors in unicellular green algae to control movements in response to light. We’ll look at the development of optogenetics in more detail as a case study in how technologies in this field develop and a object
lesson in the difficulty of predicting how long it takes to propel an idea from its initial conception to a useful
technology.
Once you’ve identified a suitable molecule to perform your target function, you have to figure out how
to introduce it into the cell. In some cases, it is possible to introduce the molecule directly into the intraor extra-cellular fluid, but more often than not, it is necessary to enlist the cell’s machinery for replication,
transcription and translation to produce the necessary active molecules and control their application. This last
typically involves the technology of recombinant DNA and synthetic biology.
There are a number of technologies for inserting genes into a host cell’s DNA. In some cases, you can
co-opt an existing pathway that will express and control the expression of a protein in exactly the right way.
It is also possible to modify an existing pathway or create an entirely new pathway, but such modifications
and additions are notoriously difficult to get right and can delay or derail development. Such problems are
exacerbated in the case of introducing additional compounds into the mix.
Despite its challenges, this approach to building nanoscale recording and reporting devices is promising
since the issues of biocompatibilty which plague more exotic approaches based on nanotechnology are much
more readily solved, given the current state of the art. Moreover, these solutions utilize existing cellular
sources of energy and biomolecular processes, many of which can be viewed as carrying out informationprocessing tasks, are remarkably energy efficient compared to semiconductor technology. To illustrate, we
look at three examples:
The role of competition, rich collaboration, timing, serendipity and just plain luck make it difficult to
predict when or even whether an idea, however compelling, will mature to point that it serves as a useful
tool to enable new science. This is nowhere more apparent than in the case of optogenetics, one of the most
powerful new technologies to emerge out of systems neuroscience in the last decade [469].
The basic molecules used in optogenetics — called opsins — have been studied since the 1970s. These
complex proteins undergo conformational changes when illuminated that serve to control the transfer of
specific ions across the membranes of cells in which they are expressed. Found in archaea, bacteria, fungi
and algae these large-molecule proteins serve diverse photosynthetic and signaling purposes. While obvious
in hindsight, at the time it was not obvious that these proteins could be re-purposed to control the firing of
neurons.
Once the basic idea was formulated, the search was on for a molecule that could be expressed in mammals at levels high enough to mediate neural depolarization, was well tolerated at such levels, didn’t require
additional reagents to enable in vivo experiments, and recovered quickly enough to allow for precise control
of the target neurons. There were also the technical problems of how to introduce the molecule into cells
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and how to precisely deliver light to the target neurons that needed to be solved to provide a compelling
demonstration.
Before the field stumbled upon channelrhodopsin there were a bunch of alternative technologies being
considered including ones with longer chains of dependencies and more complicated component technologies
involving both natural and synthetic options both biological and inorganic. This is often the natural chain of
events leading to a simpler, more elegant solution matching the task to a specific solution in nature that solves
the problem.
Once the idea was out, several labs came out with related technologies around the same time. There were
also plenty of exciting innovations including a demonstration of light-activated neural silencing in mammals
and refinements such as a channelrhodopsin that can be opened by a blue light pulse and closed by a green
or yellow light pulse. Opsins probably could have been applied in neuroscience decades earlier [47], but
excitement and competition often serve as the tinder required to ignite a flurry of rapid development [474].
Generating the connectome at the macroscale — tracing the major white-matter connections between
functional areas — is reasonably tractable using diffusion tensor MRI. Generating the microscale connectome
— mapping the connections between individual neurons — is much more challenging and it may be that
approaches based on analyzing scanning electron micrographs are tackling a harder problem than is strictly
necessary. Might there be a simpler way of creating a catalog of all the neurons in a tissue sample, their
connections, cell type, connection strengths and 3-D coordinates?
Zador et al [471] have proposed the idea of “sequencing the connectome” in a paper of the same title
emphasizing the opportunity to leverage one of the most important scalable technologies to emerge from the
biological sciences. The basic concept is simple. The authors break down the problem into three components:
(a) label each neuron with a unique DNA sequence or “barcode”’, (b) propagate the barcodes from each
source neuron to each synaptically-adjacent sink neuron — this results in each neuron collecting a “bag of
barcodes”, and (c) for each neuron combine its barcodes in source-sink pairs for subsequent high-throughput
sequencing.
All three steps — excluding the sequencing — are to be carried in the live cells of the target tissue sample.
The details are not nearly as simple and each step will likely require significant engineering effort. However,
as in the case of optogenetics, there are a number of tools that might be applied directly or adapted to suit.
There exist reasonable approaches for generating random barcodes from DNA templates that could be used
as unique designators for individual neurons.
We also know how to propagate barcodes transynaptically using viruses that naturally spread from neuron
to neuron through synapses. The operation of “concatenating” barcodes is carried out in any number of neurons. Sequencing and location tagging would be accomplished using the method described in Section 2.3.3
for generating a static volumetric transcriptomic map. Getting all these pieces to play together and not compromise the cell before all the connectomic data is collected might be the work of a summer or several years.
It is difficult to predict the outcome, but several experts believe Zador’s approach or something like it will
work and the first demonstrations on simple organisms are one to two year out.
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Calcium imaging offers our best near-term scalable method for recording from large ensembles of living
neurons in mice or even simpler experimental animals. But what if we want to record from neurons deep
within the brain in an awake behaving human? One proposal is to design a molecular machine to sense a
convenient correlate of neural activity such as elevated calcium concentrations and write the resulting data to
a molecular “ticker tape” [473, 228]. While somewhat more subtle than the previous proposal, the individual
steps are conceptually straightforward.
Cellular transcoding processes such as DNA replication and messenger RNA transcription make occasional errors in the process of incorporating nucleotides into their respective products. The proposed method
depends on harnessing an enzyme called DNA polymerase (DNAP) that plays a central role in DNA replication. Relying on the property that the rate of misincorporation is dependent on the concentration of positive
ions or cations. They show that by modulating cation concentrations one can influence the misincorporation
rate on a reference template in a reliable manner so that information can be encoded in the product of DNAP
and then subsequently recovered by sequencing and comparing with the reference template.
There are a lot of moving parts in the ticker-tape technology. A full solution will require packaging all the
necessary enzymes, nucleotide-recycling, and metabolic machinery necessary to initiate and sustain DNAP
reactions outside of the nucleus. This idea may be in the early, wishful-thinking stage of exploring complex,
multi-step solutions, hoping that in the meantime some molecular biologist will stumble across an existing
ticker-tape-like solution just waiting for us to exploit14 . It is very hard to make any reasonable predictions of
how long it will take this technology to mature or if it will resemble anything like the current proposal if a
solution is ever realized. Two to five years is optimistic and a final solution will likely bear little relationship
to the current proposal.
It is no longer necessary to depend solely on what we discover in the natural world when searching
for biomolecules for engineering purposes. Methods from synthetic biology like rational protein design and
directed evolution [45] have demonstrated their effectiveness in synthesizing optimized calcium indicators for
neural imaging [192] starting from natural molecules. Biology provides one dimension of exponential scaling
and additional performance can be had by applying high-throughput screening methods and automating the
process of cloning and testing candidates solutions.
There are also opportunities for accelerated returns from improved algorithms for simulating protein
dynamics to implement fast, accurate, energy function used to distinguish optimal molecules from similar suboptimal ones. Advances in this area undermine arguments that quantum-dots and related engineered
nanoscale components are crucial to progress because these technologies can be precisely tuned to our purposes. Especially when weighed against the challenges of overcoming the toxicity and high-energy cost of
these otherwise desirable industrial technologies.
Biology doesn’t offer any off-the-shelf solutions addressing the reporting problem aside from writing the
recorded data to some stable molecular substrate like DNA and then flushing the encapsulated data out of
14 Finding a DNAP sensitive to calcium or other biologically relevant ions is difficult, but, as in the case of channelrhodopsin and Taq
polymerase, a novel organism’s DNAP might come to the rescue, especially as it becomes clearer exactly what we’re looking for.
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the nervous system to be subsequently recovered from the organism’s blood or urine15 We aren’t likely to
find solutions to the problem of transmitting large amounts of data through centimeters of nervous tissue for
the obvious reason that nature hasn’t come across any compelling need to read out the state of large neural
populations. To engineer scalable solutions to the reporting problem, we may have to look to advances in
building nanoscale electronic circuits.

2.3.6

Nanotechnology

Nanotechnology, the manipulation of matter at the atomic scale to build molecular machines, is already
contributing to brain science [8]. Much of the recent progress in developing probes for multi-cell recording
depends on nanotechnology [482, 27, 110, 78]. From advances in chip fabrication for faster computers
to better contrast agents for imaging and high-density, small-molecule assays for high-throughput pathogen
testing, the products of nanotechnology research play an increasingly important role in the lab and clinic [476,
450, 457, 68].
It isn’t so much a matter of whether nanotechnology will deliver implantable whole-brain scanning, but
when, and, unfortunately, predicting when is complicated. On the one hand, it is possible to make some rough
predictions about when we can expect a chip with a transistor count of 10,000, peak power consumption
less than 5 nanowatts and size small enough to enter the brain through the capillaries might be feasible —
anywhere from five to ten years depending on the degree to which Moore’s law can be sustained16 .
On the other hand, issues of toxicity and heat dissipation pose problems likely to delay approval for
use in humans, not to mention the consequences of implanting millions of computer chips in your brain.
In this section, we look at what is possible now and what we believe will be possible in the medium- to
longer-term horizon. As a thought experiment, we sketch a not-entirely-implausible technology for wholebrain scanning to focus attention on some of the technological challenges. Think of a brain-scale cellular
network with recorders playing the role of mobile phones, local reporters that of cell towers, and relays
that of phone-company switches or networked computers.

17

The purpose of this exercise is to explore the

boundary between science fact and science fiction in order to better understand the promise and peril inherent
in this rapidly evolving technology.
The technology we envision requires several types of implantable devices operating at different scales. At
the smallest scale, we imagine individual cells instrumented with recorder molecules that sense voltage levels,
proteins, expression levels, and perhaps changes in cell structure. There already exist micro-scale MEMS
15 Specifically,

we know of no practical method to induce exocytosis of large amounts of DNA that doesn’t involve killing the cell.
we are assuming that power consumption per device will continue to fall by half every 1.5 years, at least for the next five or
so years. Koomey’s law [227] describing this trend was based on performance over the last six decades but there are some worrisome
issues projecting forward, especially when one considers the energy consumed in charging and discharging capacitance in transistors
and interconnect wires and the static energy of devices in terms of controlling leakage current [424]. If progress is stalled or seriously
retarded, the prospects for keeping to our ambitious time line will obviously be negatively impacted.
17 It may one day be feasible to install a network of nanoscale wires and routers in the extracellular matrix. Such a network might
even be piggybacked on the existing network of fibrous proteins that serve as structural support for cells, in the same way that the cable
companies piggyback on existing phone and power distribution infrastructure. At one point, we discussed the idea of using kinesin-like
“wire stringers” that would walk along structural supports in the extracellular matrix to wire the brain and install a fiber-optic network.
16 Here
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lab-on-a-chip devices employing scalable technologies that should serve to produce nanoscale variants as
the fabrication techniques mature [475, 229, 266, 97]. These recording devices would transmit signals to be
read by nanoscale reporting devices floating in the surrounding extracellular fluid or anchored at strategic
locations in the extracellular matrix.
Imagine one type of reporting device distributed throughout the brain so there is one such device within a
couple of microns of every neuron. Each such reporter is responsible for picking up the signals broadcast from
recorders in its immediate vicinity. These reporting devices might directly transmit information to receivers
located outside the brain but we anticipate this approach running into power and transmission limitations.
Instead, suppose that these local reporters participate in a heterogeneous network of devices allowing for
different modes of transmission at different scales.
The local reporters would forward information to a second type of reporting device more sparsely distributed and responsible for relaying the information received from the local reporters to external receivers
not limited by size or power requirements. These relay devices could number in the thousands instead of
millions, be somewhat larger than the more numerous and densely distributed reporters, and be located inside
of the dura but on the surface of the brain, within fissures or anchored on the membranes lining the capillaries
supplying blood to the brain and the ventricles containing cerebrospinal fluid.
Recorders might use optical signalling or even diffusion to transmit information to local reporting devices.
The local reporters might employ limited-range photonic or near-field technologies to forward information
to the nearest relay device. Finally, the relays multiplex information from many reporters and forward the
result using microscale RF transmitters or micron-sized optical fibers connected to a “Matrix”-style physical
coupling.
Relays located on the surface of the brain would have more options for power distribution and heat dissipation, and, being larger than local reporters, they would stand a better chance of having enough room to
integrate efficient antennas. The RF transmitters would have no problem with scattering and signal penetration, and, because there are orders-of-magnitude fewer relays than local reporters, it is more likely that
the available frequency spectrum will be able to supply sufficient bandwidth. Two-way transmission would
enable sensing and the ability to excite or inhibit individual neurons.
Ignoring the potential health risks associated with such an invasive technology, most of the components
mentioned above only exist in science fiction stories. That said, something like the above scenario is well
within the realm of possibility in the next twenty years. Moreover, one can easily imagine less-invasive
versions for medical applications in which the benefits outweigh the risks to patients. Indeed, we are already
seeing clinical trials for related technological advances that promise to restore mobility to patients with severe
disabilities [23, 140, 422].
Let’s consider each of the components in our Gedankenexperiment, focusing on the reporting problems.
The recorders associated with individual cells might encode data in packets shunted into the extracellular
fluid for transmission to local reporters by diffusion. Suppose the packets are the size (˜50 nm) and diffusivity
(˜10

8

cm2 /s) of vesicles used for cellular transport and suppose there are a million local reporters distributed
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uniformly throughout a human brain. It would take about a day on average to transport a packet from a
recorder to a nearby reporter [239].
A biologically-motivated alternative to decrease transit time and reduce the number of reporters might
involve equipping each vesicle with a molecular motor or flagella providing an effective diffusivity of around
10

5

cm2 /s [61, 453]. With only 1000 reporters evenly distributed throughout the brain, it would take on

average less than 2 hours for these augmented vesicles to traverse the necessary distance. Packing enough
information into each vesicle in the recorder and unpacking, decoding and relaying the information in the reporter fast enough to support the necessary bandwidth is quite another challenge, but leveraging the molecular
machinery of DNA replication and transcription might offer a possible solution — see Appendix 2.3.13.
Each reporter would transmit this information to the closest relay device on the surface of the brain.
Depending on the application, we might want to distribute more relay devices on the surface of the cortex and
thalamus than elsewhere. The surface area of an adult brain is around 2,500 cm2 . Given a thousand relays,
each relay is responsible for a couple of square centimeters. Assuming a million local reporters proportionally
distributed, each relay is responsible for forwarding information from a thousand local reporters. We would
need each reporter to transmit up to 2.5 ⇥ sqrt(2)/2 cm = 1.76 cm.

Unfortunately, we can’t position the reporters farther than about 500 µm and still retain the benefits

of optical frequencies: low absorption to minimize tissue damage, high frequency to optimize bandwidth.
Pushing aside these challenges, suppose there exists a frequency band in which scattering and absorption
are low in brain tissue and relay devices along with their associated antennae are small enough to allow
implantation.
If we allow for 10 bits per millisecond per neuron on average assuming only a fraction of neurons will
have anything to report at any given time, 50% overhead for packetization, addressing, error correction, etc,
then we arrive at 15 Gb per second as a bound on the channel capacity required of each relay. In any given
millisecond, about 1% or 10,000 of the million reporters will be communicating with their respective relay
— assume that neurons fire at 10 Hz and so only 10 milliseconds of every 1000 actually have a firing peak
and require a signal.
For high-enough carrier frequencies, suppose we can use a modulation scheme like orthogonal-frequencydivision-multiplexing (OFDM) [244], splitting up a congested bandwidth into many narrow-band signals.
Then, assuming a reasonably powerful and compact source of Terahertz radiation, we could again apply
OFDM and give each relay its own 15 GHz of bandwidth without inhibiting transmission — see Appendix 2.3.12.
As an alternative to relying entirely on the electromagnetic (EM) spectrum, researchers have proposed
an approach in which the sub-dural reporters communicate with and supply power to a class of (implanted)
reporters using ultrasonic energy [380]. The implanted reporters are referred to as neural dust and we’ll
refer to an individual implanted reporter as a dust mote. In this proposal, dust motes are also responsible
for recording measurements of the local field potential (LFP) that the dust motes then transmit to the subdural reporters. The dust motes are approximately cube shaped, measuring 50 µm on a side, and consist of a
piezoelectric device and some electronics for powering the mote and transmitting LFP measurements.
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A 100 µm mote designed to operate at a frequency of 10 MHz, l = 150 µm has ˜1 dB attenuation at a 2 mm
depth — the attenuation of ultrasound in neural tissue is ˜0.5 dB/(cm MHz). A comparable electromagnetic
solution18 operating at 10 GHz, l = 5 mm has ˜20 dB attenuation at 2 mm. There are other complicating
factors concerning the size of the inductors required to power EM devices and efficient antennae for signal
transmission — displacement currents in tissue and scattering losses can increase attenuation to 40 dB in
practical devices. The proposed approach posits that electrophysiological data might be reported back via
backscattering by modulating the reflection of the incident carrier wave used to supply power.
The small size of the implanted devices also complicates directly sensing the local field potential. The
electrodes employed by electrophysiologists measure local field potentials at one or more locations with
respect to a second, common electrode which acts as a ground and is located at some distance from the probe.
In the case of LFP measurements made by dust motes, the distance between the two electrodes is constrained
by the size of the device such that, the smaller this distance, the lower the signal-to-noise ratio — see Gold et
al [146] for an analysis of extra- and intra-cellular LFP recording strategies for constraining compartmental
models. The S/N problem can be ameliorated somewhat by adding a “tail” to each dust mote thereby locating
the second electrode at some distance from the first one situated on the main body.
It is hard not to be a bit cavalier in fending off the technical challenges faced in trying to read off anything
approaching the full state of an active brain, but the main purpose of our thought experiment is to acquaint
the reader with some of these challenges, convey a measure of just how audaciously hard the problem is, and
give some idea of the wide range of techniques drawn from many disciplines that are being brought to bear
in attempting to solve it [269].
Noting that any of the nanotechnologies discussed would require some method of “installation” and assuming that our encouraging the development of “designer babies” with pre-installed recording and reporting
technologies would be awkward and likely misunderstood, we came up with the following simple protocol
for installing a generic nanotechnology solution along the lines of our Gedankenexperiment:
1. modification of individual cells to express biomolecular recorders might be accomplished using a
lentivirus — unique among retroviruses for being able to infect non-dividing cells — or alternative
viral vector and recombinant-DNA-engineered gene payload; while not a nanotechnology solution per
se, this sort of biological approach will likely remain the best option for instrumenting individual neurons for some time to come,
2. distribution of local reporting devices might be accomplished using the circulatory system and, in
18 Note

that the speed of sound — approximately 500 m/s in air and 1500 m/s in water — is considerably slower than that of an
electromagnetic signal — exactly 299,792,458 m/s in a vacuum and close enough to that for our purposes in most other media. The
relatively slow acoustic velocity of ultrasound results in a substantially reduced wavelength when compared to an electromagnetic signal
at the same frequency. Compare for example a 10 MHz, l = 150 µm ultrasound signal in water with a 10 Mhz, l = 30m EM signal.
An EM signal of this wavelength would be useless for neural imaging; the tissue would be essentially transparent to the signal and so
penetration depth would be practically unlimited, but there would hardly be any reflected signal and the size of an antenna necessary to
receive such a signal would be prohibitively large — on the order of half the wavelength for an efficient antenna. A comparable EM
solution for neural dust [380] would therefore be closer to the 10 GHz frequency provided in the text.
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particular, the capillaries19 in the brain as a supply network with steps taken to alter the blood-brainbarrier using focused ultrasound [188] during the installation process; once in the brain the reporters
could be anchored in the extracellular matrix using techniques drawn from click chemistry [223],
3. pairing of neurons with their associated reporter devices might be accomplished using IPTG (isopropyl
b-D-1-thiogalactopyranoside), tamoxifen, or other methods of controlling gene expression to achieve
pairing; the associated machinery could be bundled with the lentivirus payload or introduced using a
separate helper virus; this sort of in situ interface coupling between biological and nanotech components is likely to become common in hybrid solutions, and, finally,
4. installing a grid of relay devices on the surface of the brain without a craniotomy is likely to remain
challenging until such time as nanotechnology develops nanorobotic devices capable of navigating in
tissue either autonomously or via some form of teleoperation; in the meantime, there may be applications in which such a grid could be installed, at least on the cortical surface employing the same
procedure used for intraoperative electrocorticography [377].
It is worth noting that a more natural method of “installation” might indeed involve a developmental approach
patterned after the self-assembly processes governing embryonic development, but so far our understanding
of molecular self assembly is limited to the simplest of materials such as soap films and, even in these cases,
nature continues to surpass our best efforts.
The development of technology for building nanoscale communication networks [61] could propel our
fictional brain-computer-interface into the realm of the possible. We’re already seeing prototypes for some
of the most basic components required to build communication networks, including carbon nanotubes to
construct RF [221] and optical antennas [212] and multiplexers fabricated from piezoelectric nanomechanical resonators that could enable thousands of nanoscale biosensors to share the same communication channel [365]. It is possible to build a fully-functional radio receiver from a single carbon nanotube [195] and
the possibilities for optical communication employing more exotic technologies from the field of plasmonics [378] are even more intriguing. However, as promising as these demonstrations may seem, practical
developments in this arena appear to be some years off.
One area where nanotechnology is likely to have a big impact is in computing hardware. Logic circuits
and non-volatile memory fabricated from carbon nanotubes are among our best hopes for sustaining Moore’s
law beyond the next few years. The prospects are excellent for smaller, faster, lower-power devices based on
carbon nanotubes with possible spin-off benefits for neuroscience. Carbon nanotubes can be conjugated with
DNA to render them biocompatible and it may be possible to embed these composites in cell membranes to be
used as voltage sensors and to excite and inhibit individual neurons, thereby providing a practical alternative
to silicon and other semiconductor materials that are toxic to cells.
19 Needless to say it will be tricky shrinking the reporter technology to a size small enough that it can pass easily through the capillaries
without inducing a stroke.
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Technology Investment

Commercial opportunities and industry involvement related to a scientific endeavor can help to drive the
development of enabling technologies and accelerate progress. In the case of the Human Genome Project,
commercial interest lagged scientific progress in the early days, but once the business opportunities became
apparent industry, involvement accelerated with collateral benefits for science in the form of better, cheaper
and faster sequencing and related tools and techniques [100, 88]. In this section, we briefly survey some of
the opportunities that might drive investment and spur innovation in neuroscience.
Companies that offer products and services relating to scalable neuroscience abound. There are companies like FEI, Gatan, Inscopix, 3Scan and Zeiss that specialize in electron microscopy, stains and preparations,
and automation for serial-sectioning. Those that primarily serve the research community like Neuralynx and
UNC Joint Vector Laboratories by providing electrophysiology tools for research including hardware and
reagents for optogenetics. Industrial products and services like those offered by Nanoimmunotech including
off-the-shelf and special-order nanoparticles and technologies for joining (conjugating) nanostructures, dyes,
biomolecules. There are even grass-roots open-source communities like Open Optogenetics and Open EEG
that create communities and offer educational resources and open-source tools and protocols. And then there
is the incredible array of companies large and small that provide reagents, cell lines, hardware, software and
services to the medical community.
Medicine has long been a driver for technology with ample capital funding to underwrite the development
costs of new technologies. Assays for analyzing diseased tissue, tumors, cell counts, DNA sequences all have
their neurophysiological counterparts, and, in the case of the brain, there is a felt need for lower-cost, noninvasive, readily-accessible diagnostic tools. The incumbent technology providers will likely maintain their
technical and market advantages, but big companies tend to be slow to innovate and generally fail to offer
incentives to their engineers to take on high-risk, high-payoff projects. Bulky, expensive hardware like MEG,
MRI, PET, high-end EEG and ultrasound imaging and FUS equipment offer significant competitive challenges to the small company. That said there are opportunities in the synthetic biology and nanotechnology
arenas to transition research ideas to products that could, in time, challenge even these markets.
In the near-term, companies like Neurosky, Emotiv, InterAxon, Zeo and Hitachi are pursuing BCI opportunities that leverage inexpensive, portable, non-invasive, off-the-shelf technologies such single-chip multichannel EEG, EMG, NIRS, eye- and gaze-tracking, microfluidic immunoassay chips, etc. to provide tools
and consumer devices for meditation, entertainment, sleep management, and out-patient monitoring. Nearinfrared spectroscopy (NIRS) is a good example of a relatively inexpensive, non-invasive technology for
measuring functional hemodynamic responses to infer neural activation — correlated with fMRI BOLD signals — which could be integrated with wearable displays like Google Glass.
One target of particular consumer interest is the development of personal assistants that know us better
than we do, can help us to calibrate our preferences and overcome instinctive biases to make better decisions,
and allow us to monitor or even exercise some degree of control over our emotional states to overcome
anxiety or depression. Building such intimate software assistants and accompanying sensor suites that are
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comfortable and even fashionable is challenging. Moreover a successful product will have to cope with the
fact that the class of sensors that are practical for such applications will offer only rough proxies for those
emotional and physiological markers likely to be most useful in understanding our moods and preferences.
There is reason to believe that existing options for sensing can be combined using machine learning to
predict the relevant psychophysical markers. The obvious approach would be to create a training set using
more expensive technologies such as MRI, MEG, and higher-quality, multi-channel EEG. Signatures for
healthy and pathological variants of many cognitive functions are now well established to the point where
we can predict common brain states by analyzing fMRI images. Researchers have demonstrated inter-subject
synchronization of fMRI responses during natural music listening, providing a baseline that could be used to
predict musical preferences[2]. The development of activity based classifiers to identify functional areas in
animal models [46] could could be extended to take ECoG or EEG data from humans and do the same.
There are opportunities for small startups savvy in user-interface and machine-learning technologies to
partner with neurophysiologists and cognitive neuroscientists to build products for personalized medicine,
assistive technology and entertainment. Researchers at New York University and Johns Hopkins have shown
that concussion, dementia, schizophrenia, amyotrophic lateral sclerosis (ALS), autism and Fragile X syndrome (FXS) are among the numerous diseases with characteristic anomalies detectable using eye movement
tracking technology [307, 369]. Researchers at Yale used fMRI [372] to enable subjects to control their
anxiety through a process of trial and error resulting in changes that were still present several days after the
training. The experimental protocol relied on displaying the activity of the orbitofrontal cortex (a brain region
just above the eyes) to subjects while they lay in a brain scanner.
In the medium-term, there will be opportunities using transcranial magnetic stimulation, focused ultrasound, implantable electrical and optogenetic arrays for patients with treatment-resistant anxiety, depression,
stroke, head-injury and tumor-related tissue damage, neourodengenerative diseases, etc. Here again partnering with researchers, sharing IP with academic institutions, and finding chief executives and venture capital
partners experienced with health-related technologies will be key. Longer-term opportunities for better prosthetics, cognitive and physical augmentation, entertainment, etc. are the stuff of science fiction but could
arrive sooner than expected if key technologies mature more quickly than anticipated.
As for the considerable promise of nanotechnology, venture capital firms interested in this area might
want to hedge their bets by dividing investment between (1) non-biological applications in communications
and computing where biocompatibility isn’t an issue and current technologies are up against fundamental limitations, and (2) biological applications in which the ability to design nanosensors with precisely-controllable
characteristics is important.
Regarding (1) think in terms of quantum-dot (QD) lasers, photonics, and more-exotic-entangled-photon
technologies for on-chip communication — 2-D and 3-D chips equipped with energy-efficient, high-speed interprocessor communication supporting dense core layouts communicating using arbitrary, even programmable
topologies. Regarding (2) there is plenty of room for QD alternatives to natural chromophores in immunoflorescence imaging [276], voltage-sensing recording [274], and new contrast agents for MRI [319]. Advances
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in precisely controlling QD properties will help to fuel the search for better methods of achieving biocompatibility.
There’s another category of technology development that is more speculative but worth mentioning here.
A number of companies like Brain Corporation, Evolved Machines, Grok — formerly called Numenta, IBM
and Vicarious have embarked on projects to build systems that make use of ideas from neuroscience to
emulate brain-like computations. Their business model is based on developing computational architectures
patterned after the brain to solve practical problems in anomaly detection, visual perception, olfactory recognition, motor control and autonomous vehicle navigation.
There is a long history of neuroscientists using existing simple electrical, mechanical and computational
models to explain neural circuits [277, 443, 399, 48]. It’s not clear that we know enough about the basic
principles governing real brains to engineer artificial brains. Indeed it would seem that if those principles
were widely known they would have been incorporated into state-of-the-art computer-vision and machinelearning systems given that those fields include leading experts in computational neuroscience, but that is
manifestly not true [104]. There is another possible approach to unraveling the secrets of the brain that holds
out more promise and that dovetails with the focus on this report on developing new scientific instruments to
record neural activity at the scale of whole brains.
Even the near-term technologies that we have discussed in this report promise to provide unprecedented
detail across significantly larger populations of neurons than possible previously. Moreover with new tools
from optogenetics and better optical methods for delivering light to deep tissues we now have the capability
of selectively activating and silencing individual neurons in a given circuit. Optogenetic tools are particularly
convenient for probing neuronal sensitivity, mimicking synaptic connections, elucidating patterns of neural
connectivity, and unraveling neural circuits in complex neural networks [69]. It will soon be possible to
instrument and record from neural circuits in awake, behaving subjects exposed to natural stimuli. The
potential for hypothesis-driven science to discover the underlying principles is enormous, and the prospects
for data-driven exploration may be at least as promising.
Engineers routinely apply machine-learning algorithms to fit models with thousands or even millions of
parameters to data. Typically the data defines the inputs and outputs of a function that we would like to infer
from the data and then apply to solve a problem such as analyzing an image — the input is a numerical array
of pixel values — and determining if it contains an instance of a particular class of objects — the output is
true or false. However, it is also possible that the function is realized as a physical system and the inputs
and outputs correspond to measurable parameters of that system. In this case, the objective is generally to
infer some function that reproduces the behavior of the physical system or at least the observable inputs and
outputs in the data.
An investigator interested in inferring such a function might start with a hypothesis couched in terms of a
family of models of some explanatory value, with success measured in terms of the fitted model accounting
for observed data [213, 65]. Alternatively, the investigator might be satisfied with a family of models expressive enough to capture the behavior of the target system but of little or no explanatory power and a set of
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experiments demonstrating that the fitted model accounts for the data, including held-out data not included
in the training data. This sort of relatively opaque model can be employed as a component in a more complicated model and the resulting compositional model might prove to be very interesting, both practically and
scientifically.
For example, a number of scientists believe that the neocortex is realized as a homogeneous sheet of
anatomically-separated, computationally-similar units called cortical columns [297, 298]. If so, then if we
were to infer the function of one cortical column in, say, the visual cortex, and then wire up a sheet of
units implementing this function, then perhaps the composite sheet would exhibit the sort of behavior we
observe in the early visual system. This particular example is quite challenging, but the same principle
could apply to a wide variety of neural circuits, e.g., the retina, believed to have this sort of compositional
architecture [472, 366].
A team knowledgeable in large-scale machine learning might partner with one or more labs involved
in recording from neural circuits and share data and expertise to essentially mine the data for algorithmic
and architectural insight. Products amounting to black boxes realizing useful adaptive strategies and pattern
recognition behaviours would provide substantial value in a wired world in desperate need of such behaviors
exhibiting the robust character of biological systems. Scientists scour the world for novel genes and microorganisms that exhibit useful behavior and it is this trove of natural technologies that hold out such promise for
the next generation of neural recording instruments [359]. It may be that these same instruments will help to
reveal an equally valuable algorithmic windfall for the companies with the wherewithal to harvest it.
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Leveraging Sequencing for Recording

Overview
The BRAIN initiative, Brain Activity Mapping (BAM), Human Brain Project, and others like it seek to gather
the activity and structure of many neurons; this data would help test comprehensive models of the brain and
design better treatments for nervous system diseases, e.g. Huntington’s, Dementia, Pain, and others. The
human brain has on the order of 1011 neurons, 1014 synapses, over a hundred neurotransmitters, and dozens
of genetically defined cell types among other parameters [17], which traditional technologies — microscopy,
electrophysiology, electrode arrays, and others — are ill-equipped to deal with. This magnitude and specificity of data is normally overwhelming with without serious compromises: experiments are invasive and
subject viability is reduced. In contrast, DNA sequencing is used to measure millions to billions of molecules,
is readily scalable (both reading, storing, and analyzing the data [256]), and always getting cheaper [143].
Due to this, next-generation sequencing technology is proposed to help connectome construction and activity
recording. Doing this will require integration of several technologies, many of which are already available
and ready to use while others still need some tweaking. Based on analysis of recent publications and currently
available technologies, we are optimistic that sequencing can be used to produce connectomes and firing patterns in cell culture or simple model organisms in the near term (1-2 years) with use in rodent models in the
medium term (3-5 years). However, a concern remains about the viability of this approach to study human
connectomics without serious technical improvements, on both the science and policy side.
There are several proposals on how to use DNA sequencing to study connectomics and activity, we will
focus on two and several technologies that would help in their implementation. To study the connectome, the
plan is to individually barcode all neurons in a brain, allow the barcodes to spread to synaptically connected
partners, ligate host and foreign barcodes, and sequence [471]. To record activity, one proposal is to encode
the activity as errors in a DNA template [228]. These are fundamentally molecular biology challenges that
need to be overcome, however the possibility exists that using nanotechnology [8] will help improve the
reliability and experimental breadth of these technologies by taking advantage of the increasing returns in
computing power and size reduction as epitomized in Moore’s [294] and Bell’s law [30] laws along with
Intel’s Tick-Tock model of chip architecture miniaturizationd [391].

Technical
Some of the technologies outline below are available (Recombinases, Super-resolution microscopy, FISH,
etc.) while others still need to be fully developed (ion-sensitive and cytoplasmic DNA polymerases, induced
DNA secretion, etc.). However, a timeline for when they can be integrated into a sequencing-based approach
to BAM is of interest given the many parts needed to get the entire systems working.
Ion-sensitive DNAPs DNA polymerases (DNAPs) can be sensitive to ion concentration and a recent
publication characterized a particular one, Dpo4, for its transfer function (relation between ion concentration
and error rate) with Mn++ , Mg++ , and Ca++ . Dpo4 was only useful for discerning Mn++ and Mg++ ,
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which are physiologically less preferred than Ca++ [473]. However, it is likely that ion-sensitive DNAPs
can be found or created by mining microbiology literature and metagenomic searches20 or through DNAP
engineering (e.g. via directed evolution [135, 458, 122, 136]). For example, modifying DNAPs can yield
increases in desired parameters, such as the addition of a T3 DNA polymerase thioredoxin binding domain
to Taq polymerase that caused a 20-50 fold increase in processivity [99]. Further, a basic search of Polbase,
a DNA polymerase database, shows that T7, Pow, and Pab Pol I all have very low error rates (lower than
Dpo4); in addition, T7 has high processivity and is quite rapid—13,404 bases/min or 223.4 Hz. Given that
networks can fire between 40-200 Hz, this should allow enough resolution to pick up spiking at rest or low
frequency activity [264]. The availability of many DNAPs and the pressure to improve them within the
molecular biology community — for use in PCR and other assays — indicates that an ion-sensitive DNAP
could be created or found within 1-2 years and implemented in mammals in 3-5 years.
Cytoplasmic DNAPs Transcription in the cytoplasm would be preferred for activity-based measurements
using DNA polymerases to avoid the different characteristics of calcium transients in the nucleus [42]. A
special form of transcription that can occur in the cytoplasm has been observed and might be adapted for
the ticker tape system.[85] Given the paucity of experimental data showing localization of DNAPs to the cell
membrane — either via anchoring to transmembrane proteins, addition of GPI anchors, or other methods —
it is unlikely that this component will be implemented until 3-5 years out unless a breakthrough in adapting
cytoplasmic viral replication machinery, such as that of the Mimivirus, can be demonstrated.
Modified DNAP trangenetic mouse It takes at minimum around two years to make a trangenetic mouse
line [95]. Given that ion-sensitive nor non-viral cytoplasmic DNAPs haven’t been fully characterized and a
cell line containing a barcode cassette has just been made[470] indicates that we are 3-5 years from obtaining
a mouse model that natively expresses a modified DNAP, either constitutively or under control of specific
inducible constructs (e.g. Cre, FLP, etc.).
Recombinases Cell lines with a Rci-based shuffling cassette stably integrated to allow random barcoding
of neurons has already been created [470] and a randomized transfection library already demonstrated to
work [317]. Full characterization in cell culture and invertebrate model organism is likely 1-2 years out while
use with rodents is 3-5 years out (see transgenetic mice). This technology is unlikely to be used with humans
in the near future.
2nd /3rd generation sequencers PacBio RS, 454 GS/FLX and Life Technologies Starlight21 have the
longest read lengths needed for activity-based sequencing. However, Starlight isn’t available yet, PacBio has
an extraordinarily high error rate of around 12%, and 454 GS/FLX series have position-dependent error rates,
which are not preferred. While it is possible to implement the proposed BRAIN sequencing methods now,
improvements in read length, error rate, position-dependent errors, and error type are needed to reduce the
problem of biases. Because of the competitive environment and rapid pace of improvement in this area, we
expect the needed technology is in the 1-2 year pipeline and if needed can be optimized specifically for these
20 BLASTing for DNAPs that appear to have calcium binding domains or similar structural elements to DNAPs with known calcium
sensitivity.
21 Not yet on the market.
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applications given adequate interest and funding.
Super-resolution microscopy STORM, PALM, STED, and other microscopy techniques have helped illuminate the fine structures of the cell and commercial systems are already available.[373] Integrating blinking fluorophores with GRASP, FISSEQ, and FISH for identification of synaptically connected neurons and in
situ sequencing is possible in the next 1-2 years and has been previously supported to occur given adequate
interest.[184]
FISSEQ/FISH/ISH-HCR These technologies have been improved over the past decade and incorporation into this system should be trivial [290, 29], with an estimate of 1-2 years. They each require slightly
different approaches, but we envision FISSEQ or ISH-HCR winning out due to versetility in design of barcodes and ability to sequence error-strewn activity templates. ClearT and CLARITY might provide a method
of imaging without needing to arduously slice brains, but they are new techniques and at the moment not
optimized. It will likely take 1-2 years given concerted effort and 3-5 years given parallel development to
realize FISH or FISSEQ in 3D volumes without the need for slice work.
GRASP Another older technology that might be adapted for use in BRAIN sequencing [132]. The idea
would be to synaptically couple two barcodes then sequence using FISH/FISSEQ and distinguish closely
localized synapses using super-resolution microscopy. Skepticism remains about the ability to distinguish
multiple points at the diffraction limit, but our calculations indicate that at an average of 1 synapse per cubic
micron, this shouldn’t be a large problem.
Exosome-based DNA secretion Cells secrete exosomes (small vesicles containing protein, DNA, and
other small molecules) and they could be made to carry DNA containing connectome or activity data into
the blood stream and out the renal system [41]. However, few mechanisms for experimentally inducing their
secretion are known (calcium being one signal, but that would cause problems in a calcium detecting system).
Technology to non-invasively alter nanoparticles exist for thermal, radio, and magnetic signals [185, 396, 32],
so it may be possible to couple these technologies to induce DNA secretion to allow the subject to be kept
alive during readout. Due to the multiple systems that need to be put into place, this is optimistically a 3-5
year outlook.
Engineered proteins These would be proteins that respond to ultrasonic, thermal, radio, magnetic, and
other non-invasive signals. This has already been demonstrated for ion channels, but awaits conjugation to
DNAPs or other proteins for integration into BRAIN sequencing systems [185, 396, 32]. Given that pieces
of the technology exists we estimate 3-5 years for proof-of-concept and 5-10 years for expression in rodents.
Multiplexed probes The possibility exists that multiplexing delivery of sequencing chemicals and readout of the signal is possible, seeing that it has already been done with neural recording and drug delivery [379].
For example, the drug delivery channel would uptake small samples of surrounding fluid and use a nanodevice with a DNAP molecular imprinted onto its surface. Binding and sequencing of local nucleotides could be
offloaded to a nearby sequencer or a clever method could take advantage of changes in surface conductance
upon binding22 of specific segments of the DNA strand, measure the change, and read this out as a measure
22 For

example, how binding in surface plasmon resonance (SPR) changes reflectivity.
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of the current nucleotide being sequenced (given some previously defined standard) [268]. Given that we can
now either offload the heavy lifting to already available DNA sequencers and because the probes have already
been fabricated, preliminary results could be seen in brain slices within 1-2 years.
Nano-sequencers Inserting sequencers in vivo that don’t need the addition of expensive reagents, highcost library construction, and other add-ons associated with parallel sequencing[143] would yield benefits
both from near real-time data acquisition and reduced complexity. Detecting proteins [67] and DNA [229,
266, 97] using micro-technologies already exists and nanopore technologies should allow these to be scaled
down [209, 475, 175]. Already, theoretical calculations for DNA nano-sequencers has been demonstrated and
the possibility of integrating this with other nano-scale read-out technologies (e.g. RFIDs or OPIDs) could
allow sequencing without the DNA needing to leave the system [286]. Further, this would also improve
the false-negative rate as DNA can be degraded or altered during transport out of the body. The fact that
theoretical calculations for detecting base-pair differences sans pyrosequencing have been done but devices
don’t yet exist peg this as a 5-10 year technology.

Predictions
The following table summarizes the best estimates of when key technologies discussed in this proposal will
be implemented for use in DNA sequencing for connectomics or activity recording. These times represent
optimistic estimates for proof-of-concept in cell-culture then onto animal models (add an extra 2-3 years). We
do not consider use in humans as that is 10+ years away for sequencing-based technologies, partially because
gene therapy also needs to advance to a point where the constructs designed for use in model organisms
can be easily transfered with drastically diminished risk for neuronal death induced by over-expressing viral
vectors and other complications. Because of this long timeline, human implementation is not directly relevant
to BRAIN goals in the short/medium term for this set of technologies (in contrast to fMRI, EEG, and other
medically approved, non-invasive technologies).

CHAPTER 2. NEUROSCIENCE

82

Technology

Area

Years

Notes

Ion-sensitive DNAPs

activity

1 to 2

a

Cytoplasmic DNAPs

activity

3 to 5

Modified DNAP transgenetic mouse

activity

3 to 5

Recombinases
nd
rd
2 /3 generation sequencers

connectome

1 to 2

both

1 to 2

STORM/PALM/STED

both

1 to 2

FISSEQ+2D slice

both

1 to 2

FISSEQ+CLARITY/ClearT

both

3 to 5

c

FISH+2D slice

both

1 to 2

d

FISH+CLARITY/ClearT

both

1 to 2

GRASP

connectome

1 to 2

Exosome-based DNA secretion

both

3 to 5

Multiplexed probes

both

3 to 5

Engineered proteins

both

5 to 10

e

Nano-sequencers

both

5 to 10

f

b

a DNA

polymerase sensitive to Mn and Mg exist and are mentioned in Zamft et al [473].
to see improvements in error rates and read length.
c The ability for 3D imaging to obtain diffraction limited sampling in unknown at present.
d This would be more useful for connectomics where a known set of barcodes is possible. One could envision using the percent
binding of a template probe to determine activity.
e Ultrasonic microbubbles are currently being considered for gene delivery but few proteins are known to respond to it specifically.
f Based on estimates from current lab-on-a-chip devices.
b Need

2.3.10

Scalable Analytics and Data Mining

Overview
We present some estimates of the scale at which we would be able to record from neurons simultaneously. The
treatment here is data modality agnostic, i.e. we may have calcium imaging data, data from optical sensors,
or data from direct electrode measurements of neuronal voltages. The focus here is more on the potential
of computer analytics to identify functional patterns with the measured data. The goal may be to identify
functional collections of neurons or achieve super resolution imaging based on the fact that the activities of
nearby neurons are correlated.
A central problem in deducing function/structure from measurements is the issue of identifying which
cell gives rise to a certain measured signal. Any measured waveform is contaminated by waveforms from
nearby cells. Spike sorting algorithms try to rectify this by separating individual waveforms (from different
neurons) from their linear combination. One can envision that these spike sorting algorithms combined
with sophisticated side-information will enable us to record from more neurons than is possible now with
electrodes. We provide an example below to illustrate the kind of scaling possible and the development time
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scales involved.
Of course such techniques would invariably be guided by the functional models of the brain and the quality of measured data. In the following sections we review some of the technologies and algorithms which
show great promise in helping us scale our readout problem. While most of the discussed technologies are
currently possible only in animal models because of the need for novel signal measurement devices (requiring genetic enginering or highly invasive electrode recordings), one can imagine that the signal processing
algorithms used here would be data agnostic and hopefully will carry over even to non invasively gathered
human brain data.
Technical
Most of the methods in this section focus on signal recording of neural activity, either in the form of direct
measurements of voltage levels, or indirect measurement of the calcium concentration levels using genetically encoded calcium indicators (GECIs). Although the latter usually suffer from lack of resolution (mainly
temporal) some GECIs like GCaMP3 and/or GCaMP5 [192] offer much faster kinetics (i.e. greater temporal resolution) and greater stability across interesting timescales (i.e. greater readout duration). As mentioned later, such properties are crucial for increasing the readout duration from neurons, and may serve as
convenient replacements for micro electrode arrays for high throughput brain signal measurement. These
signals are used in conjunction with sophisticated microscopy (laser or fluorescence) and/or sophisticated
algorithms/models to perform parameter estimation. The hope is that prior knowledge of the structures or
processes generating the measured signals would either help in the refinement of the estimated parameters
or in scaling up the number of signals read. In fact if the sizes of the neurons are large enough (e.g. some
hippocampal and cerebellar cells) and if the functional regions are stable enough (across behavioural states
and time scales as is the case with hippocampal place cells), such techniques offer practical ways to scale up
the number of neurons one can image.
One of the main issues in making sense of measured signals from the brain is identifying which cells they
come from. While rate of spiking was long considered to be critical for understanding neural function [398]
, it was slowly realized that other waveform properties (like relative spike timing patterns) may also be
important in encoding neuron function. This is where spike sorting algorithms come in. These try to separate
linear superposition of signals into waveforms for each neuron. Algorithms like PCA (principal component
analysis), ICA (independent component analysis), and particle filter (sequential Monte Carlo methods) have
been successfully used in some settings to recover spiking patterns of individual cells. While these algorithms
are not free from artifacts, these techniques in combination with other modalities like cell-body segmentation
do offer powerful ways of inferring connectivity patterns and/or functional classification from signals [193].
Predictions
In general the exact reconstruction techniques used depends on the area of the brain we are imaging and the
signals or parts of the brain we are interested in. Techniques like the ICA (independent component analysis)
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have been used to good effect in understanding biomedical signals (EEG, MEG, fMRI) [435]. Of course, such
analysis tend to be based on some assumptions about the underlying signal generation process, in particular
about measured waveforms being a linear combination of several independently generated waveforms. While
this in isolation may not correspond to realistic models of neural function, it does offer useful insights especially when combined with different techniques [203]. The number of sample points needed however scales
as the square of the number of independent components we are trying to recover. One can think of applying a
similar concept in the analysis of neural signals. The independent components would correspond to different
functional units. Combining measurements from different approaches may help to annotate reconstructed
signal with e.g. location information from microscopy.
Using ICA, we generally need of the order of n2 data points to be sampled in order to estimate the
mixing coefficients of the n independently firing neurons. Thus for approximately 80
cortical minicolumn or 7

100 neurons in a

50 neurons in a cerebellar microzone (an anatomical and functional collection of

neurons), we need to be able to record on the order of 104 data points. Since neural connectivity patterns or
functional evolution can be significantly affected by timeshifts of a few milliseconds [272], we need at least
one millisecond temporal resolution. This entails that we record at least for 10s or more. While this is not hard
with direct electrode recordings (which often have good temporal resolution), the use of indirect (e.g. calcium
imaging) techniques often need sophisticated signal processing to achieve the same (e.g. to deduce precise
spike times from calcium levels). Thus not only do we need to record from many neurons simultaneously, we
also need to be able to record for a longer duration per neuron. Due to plasticity of synaptic connections and
functional associations and the photobleaching effects (or instability) of the indicators, this may be a challenge
in some settings. However, in some cases mentioned below where there is stability of the functional units
across time or behavioural states, the problem is solvable using the approaches mentioned here.
We note in passing that while these ideas are representative of the gains that can be achieved, they are not
the only ones considered in the literature. The problem of spike timing inference has been looked at from
other perspectives also. For example, [441] uses particle filtering to deduce spike times. With simulated data
they conclude that using models can outperform standard estimation methods like Wiener filters. However,
for brevity and to convey representative estimates of how much we can scale, we henceforth focus on specific
work.
We consider the work in [299], and look into the evolution of similar techniques. By using techniques
like independent component analysis together with cell body segmentation, the authors in [299] could recover
signals from > 100 Purkinje cells. By analysing the correlation patterns, they could also identify microzones
with sharp delineations (width of one Purkinje cell). This level of precision was not achieved by direct
measurement methods at the time it was published due to the coarse (approximately 250µm) inter-electrode
spacing. Future work in [106] used a combination of two photon imaging and its correlation with virtual
reality patterns to achieve functional imaging of hippocampal place cells at cellular resolution during virtual
navigation. By using a different microscopy technique, researchers in [137] were able to obtain simultaneous
recordings from > 200 Purkinje cells simultaneously across different microzones. This was scaled to >
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1000 hippocampal pyramidal cells in [480]. Of course, the absolute numbers are dependent on which part
of the brain we image and the specific techniques we use, but the numbers do reveal the power of more
refined models of neural activity and improved signal recording capabilities in understanding and better
characterising the functional state of the brain.
In the remaining part of the discussion we present some estimates for the potential of better algorithms
in helping us understand other functional units of the brain which may not necessarily be as stable as the
microzonal structures in the cerebellum. A topic of intense research in this is the cortical minicolumn [62].
Proposed in [296] in 1957 this has led to significant research in identifying groups of neurons as a functional
unit, instead of focussing on single neurons. It talks about functional organization of cortical neurons in
vertical columns, the idea being that they would be activated by the stimulation of the same class of peripheral
receptors. This idea is the basis for much of future work. For example, the Blue Brain Project [271] aims
to simulate the human cortical column on the Blue Gene supercomputer. The basic workhorse is still the
Hodgkin Huxley model, simulated on a supercomputer to reveal interesting macrostructures. While there is
strong evidence for cortical microcolumns being important units of neural function and pathways, they do
show some sort of plasticity, i.e. the neurons from different cortical columns may organize themselves into
units which change with time and functional stimulus [62]. Of course having the model is not enough. One
needs to be able to fit the free parameters in the model to the empirically measured data. This is one of
the main focus areas for the Blue Brain project also. Readouts from patch clamp techniques or other MEA
(microelectrode array) recordings are used to model the different neurons. Other techniques like spectral
clustering (which is similar to PCA) offer some insights [114].
In humans, these minicolumns range in length from 28µm to 40µm. While electrodes offer ways to record
from neurons in different parts of the brain simultaneously, they usually suffer from poor spatial resolution
(but good temporal resolution). However, some of the latest developments in electrode technologies offer a
solution to that. Using the resolution offered by the latest 3D optogenetic arrays, we can get close to 150
µm [482], but other techniques like fluorescence microscopy [137] offer feasible ways of imaging cortical
columns in a level of detail which would be enough to resolve neurons to single cell precision.
In short these techniques in conjunction with microscopy and other data acquisition techniques offer
scalable and non destructive ways of increasing spatiotemporal resolution (as compared to using them in
isolation e.g. microelectrodes which have good temporal resolution but poor spatial resolution or traditional
imaging tools which generally have poor temporal resolution-although some recent work [154] promises sub
millisecond accuracy). In any case, these techniques can help not only to reconstruct from measured data, but
also to guide data acquisition. Incorporation of available side-information about the neurons we are interested
in can offer powerful ways of scaling up the number of neurons we are able to image.
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Macroscale Imaging Technologies

Overview
Nuclear magnetic resonance (NMR) imaging modalities are currently the most promising technologies for
recording macroscale measurements, with resolution on the order of millimeters and seconds, used in the
analysis of the major functional areas and the white-matter pathways connecting those areas in awake, behaving human subjects. Magnetic resonance imaging (MRI) sensitive to quantitative NMR tissue properties,
diffusion, and blood oxygenation are currently the tools of choice for studies of normal and pathological
behavior in the field of cognitive neuroscience as well as clinical diagnosis.
Diffusion tensor imaging (DTI) and quantitative MRI (qMRI) have already been used in in vivo human
studies to quantify fascicle and tissue development, and therefore cognition and behavior. DTI models the
distribution of diffusion directions of water protons as a tensor, providing measures of the apparent diffusion coefficient (ADC) and fractional anisotropy (FA). Identical lobes of a gradient in the diffusion-sensitive
direction are applied separated by a 180 degree pulse and a temporal wait so that diffusing spins, unlike
stationary spins, are not fully re-phased and thus contribute attenuated signal. Quantitative mapping of the
proton density (PD), which is proportional to the amount of water, and the T1 , which measures the spin-lattice
relaxation constant and thus quantifies the interactions between protons and their molecular environment, can
be used to measure Macromolecular Tissue Volume (MTV), the non-water volume in the voxel, and the Surface Interaction Rate (SIR), the efficiency of a material’s energy exchange with water protons [281]. Since
water preferentially diffuse along axons, DTI enables tractography of the fascicles and since approximately
50% of the macromolecules in the white matter are myelin sheaths, MTV measurement provides an indication of axonal diameter and myelination. Although there is no dynamic activity mapping, the changes in
structural properties give an indication of function due to long-time-scale development and plasticity of the
brain. Specifically, the rate of change of FA, MTV, and SIR in the posterior corpus callosum, the arcuate
fasciculus, and the inferior longitudinal fasciculus have been shown to correlate with reading ability [444]. In
addition, changes may be used to diagnose and evaluate diseases; for example de-myelinating disorders such
as multiple sclerosis can be identified using MTV measures.
Functional MRI (fMRI) enables the coarse spatial and temporal localization of neural activity through
the proxy of the hemodynamic blood oxygen-level dependence (BOLD) response. After neural activity,
ions must be pumped across cell membranes for repolarization. This necessitates blood flow to the region,
resulting in elevated oxygenation levels in the 2 to 3 millimeters surrounding active neurons 2 to 6 seconds
after they fire. Oxy-hemoglobin is diamagnetic like most substances in the body, while deoxy-hemoglobin
is paramagnetic. Therefore, the increase in oxy-hemoglobin levels results in a decrease in the magnetic
susceptibility differences between the blood and the surrounding tissue. Since the variation in the proton
resonant frequencies correspondingly decreases, T2 ⇤ lengthens, and the image appears more intense in the
active regions. Taking advantage of this indirect coupling of a magnetic spin parameter to synaptic activity,
it is possible to map the brain activity in response to motor and cognitive tasks, thereby enabling the better
understanding of these functions at the macroscopic level. Although the seconds-scale response time is much
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slower than many neural processing dynamics, the information from fMRI has still proven very valuable.
For example, fMRI has facilitated the identification of the visual field maps in the human visual cortex and
improved the understanding of the perception and function of the visual system [446].
The advantages of MRI stem from its noninvasiveness, its endogenous contrast, and its scalability, and
therefore the fact that it can be used in human studies. Although MRI does not have neuron-level resolution,
it does have the ability to measure more macroscopic variables that reflect properties of the local population
of neurons and how these local populations interact. It thus has the potential to address the missing length
scales in neuroscientific knowledge — while neurons and synapses are reasonably understood, we do not
have a good understanding of the microarchitectural units in the brain and especially how these units communicate, interact, and work together in a global network. Therefore, since we do not yet have the ability to
understand the complexity of individual neuron data across the entire brain, courser spatial-scale information
is valuable for increasing the understanding of the brain and is scalable in terms of both acquisition time and
data processing and storage. MRI in particular can be used to study the integration of signals across brain
circuits and the development of the white matter, and therefore cognition, over time and experience. Especially in these areas of research, recording from humans is necessary, as smaller, less-developed animals lack
the extensive pathways and complex cognitive functions of humans [445]. Therefore, the promise of MRI
primarily stems from its ability to be used on humans to study the global brain network.
Technical
Currently, scan times of 8 to 12 minutes were necessary to achieve 1.5 mm3 to 2 mm3 resolution at 1.5 T
and ˜1 mm3 resolution at 3.0 T for qMRI and DTI [281]. The long duration of MR image acquisition posed
a challenge in prior studies, preventing the study of cognitive development before the age of eight [445]. Although fast sequences have been used for both qMRI and DTI, the acceleration factors from parallel imaging,
if any acceleration was used at all, were relatively conservative [281]. Therefore, there is still a lot of room
for improvement in the use of parallel MRI (pMRI) systems to facilitate the greater understanding of the
development of the brain at the macroscale. A system with four receiver coil elements and a corresponding
four will be utilized in the very near future to scan six to eight year olds [445].
The fMRI signal, stemming from susceptibility effects of blood oxygenation, is typically very weak.
Therefore, signal averaging is necessary to achieve satisfactory image quality, and high main field strengths
are utilized to increase the signal strength, and therefore the signal-to-noise ratio. Acquiring the signal multiple times to facilitate averaging, however, increases the scan time by a factor of the number of averaged
signals. The acceleration from parallel imaging, therefore, can keep the image acquisition duration reasonable, especially for pediatric imaging. Especially at the high field strengths used for fMRI, the acceleration
factors obtained from pMRI are high. In addition, parallel imaging ameliorates the tradeoffs incurred from
increasing the main field strength.T2 ⇤ generally shortens as field strength increases, causing the signal to
dephase quickly during readout [144]. Since the BOLD response is rapid, however, fast sequences with ex-

tended readout times such as echo planar imaging (EPI) are used for fMRI. Therefore, the shortened readouts
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provided by parallel coils are particularly valuable in fMRI to avoid the decay of the signal. Parallel imaging has already been successfully used for functional imaging [101]. Gains from parallel imaging have not
been exhausted, however, and improvements in pMRI over the next 2-3 years are predicted to significantly
contribute to functional neuroimaging.
Coil arrays with up to 32 elements which can achieve up to an eight-fold improvement in scan time
without significant degradation of the image quality. Using current RF coil hardware, if the acceleration
factor is increased further, the sensitivities of the coil elements used for each measurement overlap spatially
and the measurements are no longer necessarily independent in the presence of noise. It thus becomes difficult
to solve the inverse problem of reconstructing the image from the set of acquired signals and coil sensitivities
as the effective rank of the relevant matrix (resulting from the signals and sensitivities) decreases. In addition,
the number of elements in RF coil arrays are limited by a signal-to-noise ratio (SNR) penalty. Since smaller
coils are more sensitive to the surface than to deeper structures, reconstructing the image at the center of
the brain requires summing the small signals from all of the array elements. In doing this, noise is also
received from all of the coils (rather than primarily from the nearest surface coil, as is the case for superficial
structures), and the SNR degrades to become comparable to that of a body coil [308]. As better RF coils
are designed, improving the spatial selectivity and uniformity (over the limited volume) of the elements, coil
arrays with 256 elements and an acceleration factor of 32 can be expected within the next 2-3 years. This
improvement may enable the testing of subjects as young as 2 or 3, which would, for example, allow the
study of cognitive development that begins earlier than reading, as well as the development of motor skills,
which occurs at too young of an age to be studied with current technologies. In addition, in other applications
where fast scanning is not essential, the scan time improvement can be traded in for SNR and resolution
improvements.
Improvements in image acquisition time and signal to noise ratio, as well as the application of the most
advanced current technology to neuroscience studies, therefore, will very probably contribute to the understanding of the brain’s structural development and function within the next three years.
Ultrasound
The lack of an acoustic window into the brain is a significant roadblock to the use of ultrasound or noninvasive neural imaging in humans. A back-of-the-envelope illustration of this uses the characteristic impedance
mismatches between air, bone, and tissue and therefore the reflection coefficients, the frequency necessary
for desired resolution, and the attenuation coefficient at this frequency (using the ˜1 dB/MHz/cm loss rule of
thumb). These determine the intensity necessary for the signal to be above the electronic noise floor at the
penetration depth into the brain desired. The intensity at the focus, combined with the absorption coefficient
of the tissue, gives the specific absorption rate (SAR), and the bioheat equation can be used to determine the
increase in temperature from the SAR. Using the Arrhenius damage integral, the temperature function can be
converted into an equivalent thermal dose at 43 degrees C, which gives an indication of if the tissue has been
damaged via coagulative necrosis. In addition, the intensity of the pressure waves can be compared to thermal
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and mechanical limit indices to evaluate the safety. Due to the acoustic properties of the skull, ultrasound
may be more suitable for neural stimulation using low-intensity, low-frequency ultrasound, or therapeutic ablation using high intensity focused ultrasound (e.g. of the thalamus for essential tremor treatment) rather than
imaging. The main contribution of imaging to this field, therefore, may be MR, which provides thermometry
measurements and good contrast, to guide and monitor the use of focused ultrasound. An alternative may be
to surgically insert transducers, but, in doing so, some of the main advantages of imaging, noninvasiveness
and therefore the ability to conduct human studies, are lost. Since the main challenges to using ultrasound in
neuroscience is not temporal or spatial resolution, but depth penetration/SNR and heating issues, despite recent, near-term, and intermediate-term improvements for rapidly scanning tissue at high temporal (dynamic)
and spatial resolution, it is likely not most promising technology for brain imaging.

2.3.12

Nanoscale Recording and Wireless Readout

Overview
We discuss in the following section the use of micron-scale, implantable optical devices for wireless readout.
We present an optical identification tag (OPID), an analog of the conventional Radio-frequency identification
tag (RFID), as a sensor for neuronal monitoring of the firing of axon potentials as well as a communication
means with other devices. After a brief description of the structure of OPIDs, including their necessary size
and their components, we present two technological schemes for wireless readout via nanotechnology, each
leveraging the use of OPIDs and potentially realizable in the next 4-8 years. In each, we envision a region of
the brain (potentially the entire brain) where an OPID is placed next to each neuron such that it can record,
in real time, the firing of the axon potential.
The first readout system would utilize larger, yet still micron-scale, implanted RFID chip reporters to relay
information from the sensor OPIDs to devices external to the brain. Each reporter would communicate locally
with the sensors nearest to it, and would then transmit an aggregated signal, containing the data of its local
sensors, to an external receiver, where the data could be processed. This system would allow for real-time
monitoring of the firing of large regions of neurons. The OPIDs could be installed via the methods described
in the introduction, and the larger RFID reporters would be surgically implanted. The second readout system
is similar to the first, but uses an insertable fiber-probe to communicate with the sensors. Each fiber probe
would contain hundreds, or even thousands of chips capable of communicating with the sensors, and would
remain connected to some external circuitry. However, instead of relaying the information wirelessly, each
of these reporter chips would send data along the probe itself via electronic circuits.
Technical
With Moore’s Law holding over the past many decades, transistors have reached dimension sizes of 22 nm
and are projected to decrease to 10 nm by the year 2016. As such, the design of an RFID with micron
dimensions has been achieved to well within the dimensions of neuronal cells [58], given their size range of
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4 to 100 µm. In fact, the latest in RFIDs can fit inside the larger ones. Assuming a linear scaling of RFID size
with transistor size, we can expect a 10,000 transistor RFID to decrease to about 10 µm ⇥ 10 µm ⇥ 5 µm by
the year 2016.

One type of RFID, proposed by Yael Maguire at Harvard, is an optical frequency RFID, or OPID, measuring 10 µm ⇥ 10 µm ⇥ 5 µm and containing ˜10,000 transistors that would sit either inside a neuron or

immediately adjacent to it. Each OPID will contain a neuronal voltage sensor [328], sensitive enough to
detect voltage levels on the order of millivolts, with a time-resolution within 1 millisecond. The OPIDs will
operate while under the constant illumination of the reporters and utilize small optical components capable of
communication with either larger RFID chips or fiber-probes. When the OPIDs sense axonal firing, a CMOS
circuitry layer with a CPU will store this information, and at specified intervals dynamically change the load
impedance of their optical components to modulate backscattered signals. Maguire suggests the powering of
such a device using a high-efficiency solar cell. Wireless power transfer via magnetic induction and glucose
powering are two other avenues for powering these devices [236]. State of the art glucose energy extraction
has achieved 1.0-3.3 µW/cm2 or 1.0-3.3 ⇥ 10

2

pW/µ m2 [160]. Transistors today operate at picowatt scales,

so either the glucose extraction efficiency or the transistor operating power need to increase/decrease by about
3 orders of magnitude. Extrapolating Moore’s law, we can expect glucose powering to become feasible in 16
years.
RFIDs as Reporters: We now consider the first system, in which OPID sensors communicate with local
RFID reporters that send information outside the brain. These OPIDs will modulate the backscatter of light
sent by the RFIDs. We choose optical communication in the wavelength range of 600 nm to 1400 nm, the biological window, due to its low absorption coefficient [353] of 0.1-0.5 mm

1

and its high frequency, enabling

low-loss communication with substantial bandwidth. This choice results in a tradeoff with scattering. Light
scattering at these wavelengths is quite strong, and leads to a very small coherent penetration depth. Grey
matter in the brain suffers from a scattering coefficient of approximately 10 mm
signal-to-noise ratio (SNR) of e

10

1

[465], corresponding to a

for two objects separated by 500 µm. White matter has an even greater

scattering coefficient of approximately 30 mm 1 , corresponding to a SNR of e

30

at the same separation

distance. Given this constraint, an OPID in grey (white) matter will need to communicate with a separate
reporter within a distance of about 500 µm (150 µm).
As RFIDs decrease in size, RFID-based implantable biomedical devices continue to decrease as well.
Pivonka et al [330] report a 2 mm ⇥ 2 mm wirelessly powered implant with both a communication channel
in the low GHz frequency range and a magnetic induction powering range of 5 cm. The device itself spans
only 600 µm ⇥ 1 mm ⇥ 65 nm, with the larger dimensions being the result of the coil used for wireless power

transfer. A mere 500 µW is all that is needed to continuously power the device, and this takes into account
the power that goes into the locomotive motion of Pivonaka’s design - a stationary device would require
substantially less power. This powering distance range, along with this power threshold, allows for access to
the majority of the brain. In fact, the powering distance is the main limiting factor in how deep into the brain
an RFID can be placed. Communication distances are not an issue provided the chosen frequency band has
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low extinction in brain tissue, and provided that the RFID is large enough to contain a dipole or folded dipole
antenna functional in this frequency band [125]. Therefore, it is reasonable to expect, in the next 4-8 years,
a decrease in the size of the magnetic induction coil relative to the wavelength to the point where the same
range of 5cm could power a coil of 500 µm ⇥ 500 µm, given the decrease that has occurred since wireless
power transfer was derived [236, 330].

Having addressed the issues of powering RFIDs and OPIDs, as well as defining frequency windows of
communication for each, we next turn to the interaction between the sensor OPIDs and their reporter RFID
counterparts: We assume the implantation of a 10 µm ⇥ 10 µm ⇥ 5 µm OPID for every neuron in some

region of interest (ROI) of the human brain, yielding a sensor density of 8 ⇥ 104 sensors / mm3 . This leads
to a 4% increase in the volume of the ROI, or identically a 4% decrease in extracellular fluid. For illustrative

purposes we consider a region of grey matter, where a sensor-reporter pair can be distanced up to 500 µm
apart. Assuming the insertion of RFIDs on the order of 500 µm ⇥ 500 µm ⇥ 30 µm spaced every 1 mm, then
each reporter would be linked to all sensors within a 1 mm3 rectangular volume surrounding it. Given that
the firing rate of a neuron is approximately 10 Hz, then we can expect 800 spikes/ms on average.
A given OPID will need to transmit its own identity in the form of some serial number, timing information
about the firing of the axon potentials, and an additional amount of overhead accounting for error correcting
codes, redundancy, etc. If the OPID transmits a packet of data every time its neuron fires, it will need to transmit about 100 bits per packet, assuming 12 bits to contain firing information, 37 for an OPID identification
number, and just over 50 for overhead. For a 1 mm3 ROI, this corresponds to 8 ⇥ 105 total signals sent per
second, (sps) and 8 ⇥ 107 bits/second (bps). While the bps is small, the sps could lead to congestion at the

reporter end, similar to bad cell phone reception in a densely crowded area. Suppose that, instead of an OPID
transmitting every time its neuron fires, it stores the data in a buffer and transmits it every second, yielding
a sps of 8 ⇥ 104 sps. The necessary buffer could be achieved with Maguire’s 10,000 transistors, in 4 years

in accordance with Moore’s law. Reducing the sps by another factor of ten to 8 ⇥ 103 sps would require 10
times the buffer size. This is accomplishable, for the same-sized device, in 8 years time.

Next we must consider the issue of bandwidth between the RFIDs and OPIDs. As mentioned above,
the biological window provides an 800 nm wavelength (l) range in which transmission can occur. As an
illustrative example, we consider frequency-division multiplexing between the OPIDs. That is, each OPID
is assigned, by the RFID, a specific frequency band in which it will communicate, in order to distinguish
between signals. In communication systems, the Q-factor Q = f /D f is the ratio of the frequency of transmission to the half-max bandwidth, and is a measure of frequency selectivity. For 800 OPIDs around 1
RFID each utilizing 1nm l of bandwidth, each OPID will need to transmit with a photonic device offering
Q = 1.05 ⇥ 103 . For 4 ⇥ 104 OPIDs per RFID in a volume of 1 mm3 , photonic devices with Q = 52.5 ⇥ 103

will be needed. While this may be achievable with quantum dots in years to come, this is possible to achieve
at the moment with very thin photonic crystal slabs. Specialized photonic crystal cavities have demonstrated
ranges from Q = 45, 000 [6] to Q

1, 000, 000 in the wavelengths of interest [15]. Another solution, also
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proposed by Maguire, is the use of an LCD screen in the OPID that can modulate the backscatter of an impinging electromagnetic (EM) wave. It has been shown that by applying a small voltage, the reflectance and
efficiency of an LCD display can be boosted to

95% [225].

Electronic Fiber Probes as Reporters: Using RFIDs as reporters introduces the additional challenge
of wireless relay from the RFIDs to external devices. RFIDs will work well for small ROIs, but the bit rate
transmitted from them scales linearly with volume. In the limiting case of the entire brain and each OPID
transmitting at the above 8 ⇥ 107 bps, the total data rate will be 2 ⇥ 1014 bps, or 2 Terabits/sec. Instead of
attempting to handle an enormous amount of data wirelessly, it may be more feasible to replace the RFIDs

with thin electronic fiber probes, on the order of 500 µm in diameter. Suppose a ROI in the brain had OPIDs
attached to every neuron, and further suppose that a series of probes, in parallel, were surgically implanted
into this ROI. By spacing the probes with the same characteristic spacing of the RFIDs (˜1 mm3 ), and placing
RFID-like chips inside the probes, at this same characteristic spacing, it would be possible to read data from
the neurons and transmit information electronically up the probe instead of dealing with it wirelessly. The
drawback to this system is the added volume needed in which to place the entire probe.

2.3.13

Hybrid Biological and Nanotechnology Solutions

DNA Sequencing Implants
Nanotechnology is poised to offer much benefit in sequencing DNA, and this benefit can be harnessed for
brain activity mapping. There are many proposals for using DNA to record information from neurons, such as
recording synaptic spikes and mapping the connectome — see Appendix 2.3.9. We expect other information
(such as topography) also will eventually be recordable in DNA. Once information is recorded in DNA,
however, getting the information out still presents a formidable challenge. One possibility is to encapsulate
the DNA in a vesicle, which would migrate through the extracellular fluid to DNA sequencing chips inside
the brain, at which point the DNA would be sequenced and the information would be read out digitally.
The migration of the vesicles from neurons to the chips creates a surprising amount of difficulty. These
vesicles would probably have diffusivities similar to other such vesicles, or around the order of 10

8

cm2 /s,

causing them to be rather slow [239, 178]. If 1 million sequencing chips were evenly distributed throughout
the brain, it would take around a day for these vesicles to travel the distance needed to reach the chips. A better
solution (one that would both decrease the time and number of chips) would be to equip these vesicles with
molecular motors. Fitting these vesicles with molecular motors such as flagella could give them effective
diffusivities of around 10

5

cm2 /s [61]. With only 1000 chips evenly distributed throughout the brain, it

would take on average less than 2 hours for these augmented vesicles to traverse the necessary distance. 1000
chips is a small enough amount that they could be implanted manually, though we expect such a procedure
to be automated. The vesicles additionally would contain functional groups to allow them to target to these
chips. A large number of each of these vesicles would need to be released for each corresponding strand of
DNA to ensure that at least one makes it to a chip. Once the vesicle makes it to the chip, it would release the
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DNA for sequencing.
Sequencing the DNA could be performed quickly by nanopore technology. Nanopores consist of small
holes in a membrane (such as in silicon or graphene). As DNA is threaded through this nanopore, voltage
readings on the membrane indicate translocation events that correspond to specific base pairs, allowing for
fast sequencing. Currently, each pore can read 300 bp/s (base pair per second) [224]. A chip containing an
array of 100 ⇥ 100 nanopores reads 3 Mbp/s. Assuming DNA sequencing follows its exponential increase in
speed (doubling time of about 0.8 years), this leaves us with speeds of around 200 Mbp/s and 12 Gbp/s for
these chips in 5 and 10 years [404]. Assuming 1000 chips in the brain and estimating that a bit of data might
take tens of bp to encode, then in 5 years this system would be able to hand 10 Gbit/s, and in 10 years it could
handle 1 Tbit/s. The 5 year option presents 1 bit for every 10 neurons per second for readout, which is likely
too small for mapping activity for anything other than short experiments, but could be used to determine other
information, such as cell types or connectomics. By 10 years from now, this technology would have 10 bits
per neuron per second. In theory, this would allow for mapping the activity of 10% of the neurons in the brain
with 10 ms resolution, or 1% of the neurons in the brain with 1 ms resolution. If trends continue, all 100B
neurons could be readout with 1 ms resolution in about 15 years. Finally, this information would be read out
from the chips using fiber optics. With each chip processing 10 Mbit/s in 5 years and 1 Gbit/s in 10 years,
this is clearly within the range that fiber optic wires could handle.
Förster Resonance Energy Transfer
Förster Resonance Energy Transfer (FRET) is a phenomenon that can be exploited to optically map the activity of the brain. FRET can occur when two chromophores are close to each other; the donor chromophore
transfers its energy to the acceptor chromophore by dipole-dipole coupling, leading the acceptor to fluoresce.
If the chromophores are not close, the donor fluoresces at a different frequency. Optical imaging techniques
can therefore be used to determine if the chromophores are within a certain distance. Placing these chromophores either on different molecules or specific locations of the same molecule allow one to determine if
the two molecules are interacting or if the one molecule has undergone a conformational change, and this can
be harnessed for brain activity mapping. The two most promising approaches for using FRET are a genetic
engineering based approach and a nanotechnology based approach.
Genetic engineering has already led to some successes in using FRET for mapping brain activity. For
instance, Cameleon is a genetically encoded calcium indicator (GECI) that in the presence of calcium ions
undergoes a conformational change which increases the FRET effect [291]. Cameleon can therefore be used
to visualize synaptic spikes. GCaMP5s (GECIs similar to Cameleon) are possibly the most advanced of
such genetically encoded indicators and have been used to image the firing of over 80% of the neurons in
an entire zebrafish brain in vivo at 0.8 Hz and single-cell resolution [5]. With each iteration of the GCaMP
molecule, there have been a few large improvements of properties (such as three-fold increases in contrast
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from GCaMP3 in 2009 to GCaMP5G in 2012) and a number of smaller improvements [192] — see Appendix 2.3.14. Extrapolation of these trends indicates that these molecules will undergo incremental improvements in coming years. The genetic engineering approach to FRET has the advantages of being more
mature than the nanotechnology approach and being capable of implementation in a relatively easy, nontoxic
manner. However, the requirement for genetic engineering does present a potential barrier for use in humans.
The nanotechnology approach to FRET typically involves quantum dots (QDs), nanoparticles that confine
excitons in all three spatial dimensions and thus exhibit only a few allowed energy states. QDs can be used
in FRET as either the acceptor or the donor (or both), and have been used to image action potentials [302].
QDs have many beneficial properties for use in FRET. For instance, QDs have broad absorption spectra
with narrow emission spectra, and varying the size of QDs substantially varies these spectra. Therefore,
they are bright, tunable, and have high signal to noise [476]. The biggest detriment against using QDs for
FRET is probably their toxicity. There are currently efforts to reduce toxicity by coating QD in polymers
or functionalizing them with ligands, but these efforts so far have only seen partial success [134]. Another
hurdle will be introducing the QDs into the brain. Focused ultrasound can be used to temporarily disrupt the
blood-brain barrier, allowing for the QDs to cross into the brain [449].
The genetic engineering based approaches to FRET seem likely to dominate for at least the next five
years, due to their relative maturity and problems QDs face. Nanotechnology ultimately has more to offer,
and probably will overtake the bioengineering approaches after toxicity and delivery hurdles are solved, likely
between 5 and 10 years from now. For both of these approaches, imaging in mammals and in particular people
presents issues largely due to the opaqueness of the brain. Microendoscopy or related technology could be
used to overcome these problems — see Appendix 2.3.15.
Carbon Nanotube Neural Stimulation
In addition to mapping brain activity, nanotechnology has the potential to control the activity of the brain
with great precision. The realization of such capabilities has many market and social incentives. In addition
to treatment or cures for neurological disorders, fine control promises benefits in many endeavors, including
gaming, learning, and augmentation. Furthermore, controlling the activity of the brain will be instrumental in
mapping the activity of the brain, as control will allow us to discern causality instead of simply correlation.
Carbon nanotubes (CNTs) are one class of molecule that can be exploited for this control.
One such scheme involves using DNA to interface CNTs with ion channels. CNTs can be separated
by length using centrifugation [123]. These different length CNTs can then be wrapped in specific DNA
sequences that target particular chiralities of CNTs, such that each sequence corresponds to CNTs of a particular length and chirality [423]. These resultant complexes (DNA-CNT) are nontoxic and able to cross the
blood brain barrier [108]. These DNA-CNT would be fitted with strands of DNA on their ends such that the
strands target particular ion channels. This targeting will probably initially require the ion channels to be
genetically engineered so that the DNA-CNT have an easier time homing in on them, but we envision that
eventually the DNA-CNT could be functionalized to specifically bind to non-engineered ion channels. By
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differing the targeting DNA strands depending on the length of the CNT, different length DNA-CNT will
target to different types of ion channels [364]. CNTs oscillate when irradiated with light (with oscillation depending on length of the CNT), and this oscillation in turn activates the ion channel [364]. By using different
frequencies of microwave light, we can target different length CNTs and thus different ion channels [364].
Using only semiconducting CNTs and not metallic CNTs — which are dependent on the chirality — prevents
the CNTs from heating up under this irradiation [364].
This process would have a lot of the same capabilities as optogenetics, but would also have certain advantages. For one, this method would allow for many more types of ion channels to be independently activated.
This is because the narrow range of light usable for optogenetics would allow for only a handful of ion
channels to be independently activated without much crosstalk. The carbon nanotubes, on the other hand,
could be fabricated to different lengths such that a very large number of channels could be independently
activated [364]. Additionally, microwaves can penetrate the skull, while visible light cannot, so this method
can be used without implants. Furthermore, we might be able to target DNA-CNT to ion channels without
genetic engineering, thus circumventing a major obstacle for use in people. Of additional note, DNA-CNT is
slowly broken down by the body, so this technique would not be permanent.

2.3.14

Advances in Contrast Agents and Tissue Preparation

Overview
The technologies presented in this section all fall into the category of near-term opportunities with potential for incremental progress over the longer term. Non-invasive means for detecting neural structure and
activity is paramount for both basic neuroscience and clinical therapies. Novel contrast agents for MRI
and photoacoustic tomography (PAT) present technologies that can be developed to reliably gain large scale
(whole-brain) structure and activity information. A holy grail for all imaging techniques is to enable identification of specific molecules. Several avenues for using contrast agents to identify molecules are being
explored in these techniques. All of these technologies are available for use in animal models. Potential for
clinical use is noted where applicable.
Genetic engineering has matured to the level of complexity development. DNA can be deterministically
created and inserted into a genome. There already exist genetically encoded indicators for a variety of neurotransmitters. Finally, optogenetics provides a tool to optically excite or silence neurons. All of these pieces
have brought genetic engineering to a point of complexity development. The leading question here is, how
can one combine these techniques to learn more about the biology of the brain? As these techniques have
already been developed, incremental progress will proceed with a tilt toward complexity of implementation.
Finally an important class of genetically encoded indicators are calcium indicators, also known as genetically
encoded calcium indicators (GECIs). Currently GECI’s present important information regarding neuronal
activity, but do not present activity on the level of a single action potential. The current state of the art GECI,
Gcamp5, exhibits great improvement over previous versions and incremental advancement is expected.
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Novel tissue preparation techniques like CLARITY [87] and ClearT [237] present new ways for researchers to optically probe prepared tissue. Previously, researchers needed to cut small portions of the
brain, stain, and image this small area. With CLARITY and ClearT , one can stain large portions–an entire
mouse brain — entire brain and image separate areas confocally. These techniques also allow for washing
and restaining of the same tissue. Incremental progress will proceed in refining the technique, and research
groups will ramp up use of the tool.
Technical
Focused Ultrasound (FUS) has been combined with photoacoustic tomography for deep (3mm in brain tissue)
and accurate imaging of blood brain barrier (BBB) disruption [450]. In this work, gold nanorods (AuNR)
were used as a contrast agent for PAT to image the time dynamics of BBB disruption by FUS. Gold nanorods
are particularly well suited as a contrast agent for photoacoustic tomography (PAI) due to their tunable optical
properties and the potential for gene delivery [79]. Additionally, gold nanocages have been explored as
contrast agents with capability for drug delivery [462].
Photoacoustic Tomography produces images by using ultrasound and the transduction of absorbed photons into heat and subsequently pressure. It has been used in mice for functional imaging of hemodynamics
without the use of a contrast agent. It has the advantage over MRI of imaging both oxygenated and deoxygenated hemoglobin, two values correlated with cancer and brain function [451]. Additionally it can
be combined with contrast agents for molecular targeting. It is compatible currently available molecular
dyes [251] that have potential for approval for clinical use. Finally, PAT has potential for clinical use as it
is non-invasive and can image intrinsic absorbers. To date, PAT has achieved imaging on many scales —
from organelles to organs — with the capability of imaging up to 7 cm into brain tissue with sub-millimeter
resolution [449]. PAT can be implemented in a variety of different manners; it has been used to image blood
flow (as in doppler photoacoustic tomography) [448], gene expression [250]. Many implementations of PAT
are intrinsic and noninvasive. Thus, they present opportunities for human studies and clinical use. PAT has
already been commercialized for preclinical use through VisualSonics and Endra. It is predicted that PAT
usage will increase within 1-2 years for preclinical applications and rapid adoption and commercialization
for clinical use will follow upon FDA approval.
Magnetic Resonance Imaging provides another method for non-invasive measurement of neural activity.
Bioengineering of contrast agents serves a powerful method to develop contrast agents; one could imagine building a versatile indicator for MRI that is similar to the green fluorescent protein (the workhorse of
molecule targeted optical microscopy). Magnetic nanoparticles such as super paramagnetic iron oxide when
conjugated with calmodulin can be use as a calcium indicator for neural activity. Directed evolution has been
used to develop a dopamine indicator based on a heme protein [385]. Finally, enzyme based contrast agents
combining MRI contrast with in situ chemical processing. An early example visualized b-galactosidase expression via enzymatic hydrolysis of a Gadolinium substrate [261]. Given the mature level of this technology
incremental development of molecular targeted contrast agents will occur.
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GCaMP, a popular GECI, has become an indispensable tool for neuroscience research. The state of the art,
GCaMP5, cannot reliably detect sparse activity–one test setup provided detection of single action potentials
(APs) 26% of the time [192]. Previous versions of GCaMP had negligible detection of single APs. Dynamic
range has also rapidly increased GCaMP2, GCaMP3 and GCaMP5H exhibited DF/F = 5.1 ± 0.1, 12.3 ± 0.4,
and 158 ± 12 respectively. Finally, calcium affinity has also increased over previous versions of GCaMP. The

rapid progress of the GCaMP family of indicators and the recent release of GCaMP6 (on AddGene) indicates
that this technology will continue to develop the potential for calcium imaging of sparse activity. Furthermore,
GCaMP has been used in mice, drosophilia, zebrafish, and C. elegans and can be presented as a viral vector
or can be expressed transgenically. GCaMP is already commonly used in neuroscience laboratories to image
neural activity. However, many advancements remain. Thus we place this in the short term advancement and
implementation category with the hope that reliable detection of single action potentials arrives within 3-5
years.

The recent introduction of CLARITY and ClearT to the neuroscience community presents a great tool

and will quickly revolutionize experimental neuroscience [87]. The technique allows for multiple rounds of
in-situ hybridization and immunohistochemistry. Combining CLARITY with optogenetics and/or calcium
imaging can provide detailed information regarding activity, structure, and expression. ClearT presents a
powerful tool for developmental biology and interrogating. At the moment it is unclear in what ways the
technique will be used. However, the latest tissue clarification techniques open new possibilities for research
and will become commonplace in laboratories within 1-2 yrs.

2.3.15

Microendoscopy and Optically Coupled Implants

Overview
In this section we talk about implantable devices for activity recording in dense neural populations. The focus
here will be particularly on recordings from deep brain regions as opposed to superficial layers that are easier
accessible by other means. We first give the estimates for the scalability of microendoscopy approach. We
then investigate avenues for development of next generation of implantable devices that can further boost the
number of recorded locations and individual neuron cells per location.
Microendoscopy: Optical ways to probe and stimulate neural activity are gradually taking over traditional methods such as multi-electrode arrays. This is facilitated by great advances in GECI and more recently voltage sensitive fluorescent proteins. A number of fluorescence microscopy techniques utilizing these
advantages have been employed to record neural activity. Among them: single- and two-photon excitation
scanning microscopy [103], light-sheet microscopy [5] and others. Due to severe light scattering, imaging
depth is limited to ⇠500-750 um, so only superficial brain tissue is reachable for conventional microscopy

techniques [455]. The inside of the brain machinery is, of course, as essential as the periphery and the main
challenge is to obtain high-quality recordings from deep brain regions as well.
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It has been shown that implantation of a carefully engineered microendoscope allows extending capabilities of standard microscopy techniques to regions arbitrarily deep in the animal brain. Microendoscope
composed of several GRIN (Gradient Index) lenses relays the high quality optical image above the animal
scull, which can be further accessed by conventional optics. Strikingly, activity from more than a thousand cells in a mouse Hippocampus can be recorded simultaneously using this technique [480]. Both single
and two-photon imaging modalities are possible using GRIN endoscopes [216]. Thus, scaling the microendoscopy approach will be extremely useful to allow recording from multiple dense populations of neurons
in several locations along the neural pathways in the brain. This should greatly facilitate studies of connectivity between different brain areas as other techniques do not provide this kind of resolution and coverage.
Since most technological problems have been extensively debugged in single-endoscope experiments, it is
reasonable to expect steps in direction of multiplication of microendoscopy recordings in the same animal.
We believe that first attempts will be made in 1-2 year perspective and further increase in the number of
simultaneous endoscope implantations will follow in 2-5 years. However, one of the main disadvantages
of microendoscopy is its inherent invasiveness. This also becomes a limiting factor for recordings from too
many endoscopes, since brain function can be substantially altered by implant. In the following technical
section, we estimate the total number of simultaneously implanted endoscopes for deep-structure imaging
not to exceed 20, which corresponds to recordings from ⇠20000 neurons simultaneously. Though this number is just an order of magnitude larger than what is currently available with other technologies, it still opens
unprecedented experimental opportunities, thanks to dense recordings at distant locations.
Fiber-coupled microdevice implants: Since scaling of microendoscopy recordings has its limitations,
mainly due to high invasiveness, different approaches and technologies will emerge to keep up with the
demand to obtain neural activity recordings at cellular level from more and more brain locations and more
cells per location as well. In a general way we here discuss the advantages of using an optical fiber as an
implant that can solve two major technological problems. First, sufficient power has to be supplied to the
’recorder‘ of neural activity. In case of ion or voltage sensitive florescent proteins excitation light has to
illuminate neurons; in case of electrode arrays one needs to power all the electronics. In both cases optical
power can be sent directly into the fiber. Second, optical fiber may have an extremely large bandwidth and
serve to transmit optical signal encoding neural activity out from the brain.
Fiber implantation has been used in a variety of optogenetic experiments [31]. However, stimulation with
a single fiber lacks spatial resolution. Some attempts to construct fiber bundles have been made [169] which
is though as bulky but inferior in quality to microendoscopy. Recording fluorescent signal with a fiber itself
is also not feasible as it does not carry spatial information, so optogenetics field is moving into direction
of microfabricated multiwaveguide arrays [31, 482]. We suppose that fiber implantation may become extremely valuable if coupled to a miniature device located on its tip. We envision the following functions such
microdevice needs to possess:
1. microdevice needs to be well interfaced with the fiber to form a single minimally invasive implantable
unit,
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2. monitoring by optical or electrical means activity from several hundred to several thousand of surrounding neurons,
3. interface with the fiber, namely encode the spatial information and neuron firing times/patterns into an
optical signal that is transmitted back into fiber, and
4. efficiently manage optical power sent into the fiber from outside: direct incoming optical power to
specific spatial locations (in case of fluorescence excitation) or convert it into an electrical signal to
power built-in electronics.
In the following subsection, we propose several implementation options and performance estimates. In
the 5-10 year range, this approach may allow recording a comparable to microendoscopy number of cells per
locations while being much less invasive.
Technical
Microendoscopy: Typical microendoscope for imaging deep brain structure includes a micro-objective and
a relay lens is ⇠5mm long and ⇠0.5 mm in diameter. This results in damaging of minimum 0.2% of total

brain mass of a mice (typically 0.4-0.5g). This accounts only for the volume that has to be replaced by
an implant. In reality, damage might be significantly larger due to immune response to a foreign body. A
number of studies examined different parameters of electrode implants that affect the damage to the brain.
Such factors as implant material and size as well as the insertion speed determine the number of damaged
neuron cells [331, 418, 39]. Many of the findings can be extrapolated on microendoscope implants, however,
to the best of our knowledge, no comprehensive studies have been conducted to quantify the effect of multiendoscope implants from both microscopic and behavioral points of view. Though in some experimental
protocols damage to certain areas of brain tissue is tolerable, one should not aim at more than 20 simultaneous
deep-imaging sites, which will result in brain lesion of ⇠4% by volume.

By extrapolating density of recordings from [480] we come to a conclusion that engineering advances can

bring the microendoscopy to simultaneous recording from ⇠20000 neurons deep in mouse brain. However,

further increase of the number of endoscopes will potentially result in unreasonable complication of experiment and different deep-imaging approaches are needed. A system capable of handling and manipulation
of such big number of microendoscopes in conjunction with simultaneous imaging would require significant
engineering effort especially in miniaturization of optomechanics, though technology itself is available. We
believe that due to extremely high interest and investment in the field, these issues may be solved in the
nearest perspective, and functioning multi-endoscope imaging systems appear available to the neuroscience
community in 1-2 years, and more advanced systems in 2-5 year perspective.
Fiber-coupled microdevice implants: The idea of a microdevice recording neural activity and coupled
to an optical fiber is very generic and can be possibly implemented in a variety of ways and employing
different technologies. For example, the sensing part of the device may consist of multi-electrode arrays or
interface with different nanoscale recorders scattered in the brain (see above for details). Another option is to
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record activity information in an optical way directly, e.g., building a microdevice with a sensor that preserves
spatial information: a combination of micro-optics and CMOS sensors, for example. Ideally, the lateral size
of the microdevice should be matched to the diameter of the fiber, while constraints on its length are not as
strict. This should be done to ensure that the whole implant causes minimal damage to the brain.
According to [418], implants 50 µm in diameter lead to larger survival fractions of neurons compared to
bigger implants. To be more specific, we assume that the fiber with cladding and a device have a diameter
of 100 µm. This would result in 25-100 times less tissue damage than in case of typical microendoscope of
the same length. A 50 µm or 62.5 µm diameter multimode fiber has a bandwidth of 10Gb/s, which is well
above the bandwidth needed even for a very high resolution data one can be recording in a single location,
e.g., 1000 ⇥ 1000 pixels image, 8-bit depth and 100Hz update frequency results in 0.8Gb/s.

An emerging field of Photonic Crystals (PhC) may greatly facilitate all-optical signal routing and pro-

cessing on the microdevice itself. Efficient PhC-based waveguides, splitters and couplers and all-optical
switches [197] have lateral footprint of (l/n)2 , so a thousand distinct waveguides (one per recorded neuron)
can easily fit laterally in the microdevice each addressing a distinct ’recorder‘ or a portion of the sensor. In
terms of power consumption the fiber can transmit up to several watts of optical power, so the limitation
would be set by the amount of power that brain can dissipate (typically several tens of mW per imaging
location). PhC all-optical switches also have an advantage over electronic counterparts as they can work in
sub-femtojoule per bit regime [310] (to power 100000 devices at 10 MHz one needs only 1 mW of power).
The whole implanted device can be rapidly switched between input/output modes: fraction of the time for
power input and the rest for recorded data streaming. Of course, the exact architecture of a microdevice
needs to be carefully engineered, but achieving similar to microendoscopy numbers of recorded cells should
be feasible within 5-10 years, while significantly reducing the invasiveness.

2.3.16

Opportunities for Automating Laboratory Procedures

Overview
We are interested in the applications of machine learning and robotics to automate tasks previously carried
out by scientists and volunteers. This brings speed and consistency to experiments, but this also comes with
questions and demands in error rates and efficiency. This is especially important in the brain readout problem,
where an error rate of less than 0.01 percent can result in drastically skewed data once brought to a larger
scale, eg. from a neuron to the connectome. In evaluating emerging technologies, we looked for improvements in scalability. The technologies chosen to focus on all minimize the risk of scalable error. Furthermore,
recognizing scalability as both vertical and horizontally applicable, we weighed technical value on more than
strides in the error rate. Considering horizontal scalability to be the technology’s potential to expand into a
human model and the primary obstacle to this being the invasiveness of the technology itself, we chose to
focus on three technologies ranging in progression toward a noninvasive technique: patch-clamp electrophysiology, automated scanning electron microscopy, and high-throughput animal-behavior experiments.
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Scanning Electron Microscopy (SEM): Scanning electron microscopy generates three-dimensional images using a combination of two-dimensional images generated by focusing an electron beam across the
surface of a biological tissue sample and collecting data on the backscattered electrons. This technology has
seen tremendous advances in the last few years and is at the forefront of today’s imaging methods. Furthermore, as electron microscopy staining has shown to be successfully unbiased in the staining of membranes
and synapses in a neuron, in principle, the technology has the potential to be quite successful in mapping
neural networks. There are three technologies within SEM that are automated, and as their automation accuracy and resolution improve, they are all viable techniques in reconstructing neuronal connectivity. These
are serial block-face SEM (SBEM), automated serial-section tape-collection scanning electron microscopy
(ATUM-SEM), and focused ion beam SEM (FIB-SEM). These methods range in imaging resolutions and
dimensions, but all have the ability to be automated in a way that is scalable to reconstruct dense neural
circuits. Once the challenge of increasing spatial scope and resolution is addressed, the main challenges that
remain for SEM in automation itself are increasing the imaging speed. It seems likely that in the next one
to two years, acquisition will be fast enough to image an entire human brain in a reasonable amount of time
(under one year).
Patch-Clamp Electrophysiology and Probe Insertion: Patch-clamp electrophysiology is a robotic tool
to analyze the molecular and electric properties of single cells in the living mammalian brain. Automation
of the patch clamp technique began in the late 1990s and current patch-clamp algorithms allow for the high
throughput detection, electrical recording, and molecular harvesting of neurons. Recent advances, including
a robotic process that allows for patch-clamp electrophysiology in-vivo, coupled with the ability to obtain
information about the position or type of cellular structures being recorded indicate that this is a viable
candidate for mapping neuronal connectivity. The major challenges to patch-clamp electrophysiology are
throughput and the success rate of whole-cell recording. Nonetheless, there are significant breakthroughs
currently being made in the field and these drawbacks will likely be resolved in the next five years.
High-Throughput Animal-Behavior Experiments: High-throughput animal-behavior experiments offer a means of studying human systems through an animal model. A challenge in using an animal model
is acquiring and analyzing enough data to demonstrate that an animal model is an adequate comparison;
therefore high throughput data collection using robotics is a viable way to expedite progress in this direction.
Though animal-behavior experiments are less often considered at the forefront of viable technologies in mapping neuronal connectivity, development of new animal models exploiting characteristics of novel organisms
may bring great advances in their parallels to the circuitry of certain parts of the human brain. The challenge
of high-throughput animal-behavior experimentstion lies in being able to draw direct parallels from the animal to human models in brain circuitry, especially beyond the proven models in the visual system. In the
next one to two years, expect to see an increase in high-throughput animal-behavior experiments as they are
proving to be a viable option.
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Technical
Scanning Electron Microscopy (SEM): Increasing Imaging and Acquisition Speed: Highly parallel SEM is
a development whose implementation is highly feasible in the next one to two years. It is possible to parallel
imaging across multiple microscopes by assigning each to separate imaging sections. This would increase
imaging speed by over two orders of magnitude. Another feature commonly overlooked is the overhead
amount of time it takes to section, load, and unload specimens. This can result in a per-section overhead
of up to six minutes, which in the case of ATUM-SEM is over ten percent of the per-section imaging time.
Automating parts of this overhead component is achievable within the next one to two years and would
increase imaging speed up to ten percent. In addition, a recent study in SBEM used a novel technique for
coating specimens in scanning to eliminate distortion in electric fields due to the accumulation of negative
charge; the technology is applicable to other automated SEM technologies [419]. The overall result of such
is the possibility to saturate camera sensors in a single frame, thus increasing system throughput. Coupled
with the technological advances in image frame readout inherent in Moores law, camera acquisition speed
may nearly double in the next one to two years [52].
Patch-Clamp Electrophysiology and Probe Insertion: Increasing Throughput and Whole-Cell Patch
Recording Success Rate: Current automated patch-clamp electrophysiology technologies can detect cells
with 90% accuracy and establish a connection with such detected cells about 40% of the time, which takes
3-7 min in vivo. It is also worth noting that the manual comparison was a success rate of about 29% [222].
Nevertheless, the low successful connection rate limits the amount of data being collected and in order to
achieve more comprehensive recordings, the area may require a great deal more sampling. In addition, the
3-7 minutes of robot operation is over a small localized area: scaling this method up to the entire brain may
prove to require a lot more time, especially in the overhead of setting the robot up. This would be an undesirable amount of time for an in vivo study to take place. There are advances in increasing the speed of
patch-clamp electrophysiology. In order to increase throughput, the use of multi-electrode arrays and multiple pipettes is being explored. This would increase throughput by as much as two orders of magnitude. In
addition, groups such as Bhargava et al have worked to increase the success rate of obtaining whole-cell patch
recordings through the use of a smart patch-clamping technique which combines patch clamp electrophysiology and scanning ion conductance microscopy to scan the cell surface and generate a topographic image
before recording. This allows for microdomains and, consequently, a spatial functional map of surface ion
channels [34]. They have also looked into expanded the size of the probe after surface mapping to increase the
likelihood of capturing channels at those locations; they found a substantially greater yield in functional data
on membrane features by increasing patch pipette size [35]. This has yielded a success rate of about 70%, a
dramatic increase from 40% [350]. If this method can be incorporated in vivo, patch clamp electrophysiology
will become a viable method for reconstructing neural networks.
High-Throughput Animal-Behavior Experiments: In the ideal situation, high-throughput animal behavior experiments may be used to model complete human neural networks. This would allow for extended
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observation and the option to work with more invasive technology. There is currently very little work being done in using these experiments for a complete model, but there has been extensive work in using animal
models for the visual system. Mark Schnitzer’s massively parallel two-photon imaging of the fruit fly allowed
for as many as one hundred flies to be recorded at one time [52, 334]. Advances are also being made in using
mice to model the human visual system; there is evidence of invariant object recognition in mice [481], as
well as multifeatural shape processing [7] and transformation-tolerant object recognition. The bottleneck is
not the extent to which we can put animal experiments in parallel; it is in establishing parallels to investigate.
At this pace, there will be significant advances in mapping the visual system in the next two to five years
using animal experimentation. A complete neural circuitry, however, may not be accomplished using this
method for the next five to ten years.

Chapter 3

Psychiatry
3.1

Vision-Based Classification of Developmental Disorders using Eye
Movements

Autism Spectrum Disorders (ASD) is an important developmental disorder with both increasing prevalence
and substantial social impact. Significant effort is spent on early diagnosis, which is critical for proper
treatment. In addition, ASD is also a highly heterogeneous disorder, making diagnosis especially problematic.
Today, identification of ASD requires a set of cognitive tests and hours of clinical evaluations that involve
extensively testing participants and observing their behavioral patterns (e.g. their social engagement with
others). Computer-assisted technologies to identify ASD are thus an important goal, potentially decreasing
diagnostic costs and increasing standardization.
In this work, we focus on Fragile-X-Syndrome (FXS). FXS is the most common known genetic cause of
autism [158], affecting approximately 100,000 people in the United States. Individuals with FXS exhibit a set
of developmental and cognitive deficits including impairments in executive functioning, visual memory and
perception, social avoidance, communication impairments and repetitive behaviors [407]. In particular, as in
ASD more generally, eye-gaze avoidance during social interactions with others is a salient behavioral feature
of individuals with FXS. FXS is an important case study for ASD because it can be diagnosed easily as a
single-gene mutation. For our purposes, the focus on FXS means that ground-truth diagnoses are available
and heterogeneity of symptoms in the affected group is reduced.
Maintaining appropriate social gaze is critical for language development, emotion recognition, social
engagement, and general learning through shared attention [98]. Previous studies [220, 145] suggest that
gaze fluctuations play an important role in the characterization of individuals in the autism spectrum. In this
work, we study the underlying patterns of visual fixations during dyadic interactions. In particular we use
those patterns to characterize different developmental disorders.
We address two problems. The first challenge is to build new features to characterize fine behaviors of
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Figure 3.1: (a) We study social interactions between a participant with a mental impairment and an interviewer, using multi-modal data from a remote eye-tracker and camera. The goal of the system is to achieve
fine-grained classification of developmental disorders using this data. (b) A frame from videos showing the
participant’s view (participant’s head is visible in the bottom of the frame). Eye-movements were tracked
with a remote eye-tracker and mapped into the coordinate space of this video.
participants with developmental disorders. We do this by exploiting computer vision and multi-modal data
to capture detailed visual fixations during dyadic interactions. The second challenge is to use these features
to build a system capable of discriminating between developmental disorders. The remainder of the paper
is structured as follows: In section 2, we discuss prior work. In section 3, we describe the raw data: its
collection and the sensors used. In section 4, we describe the built features and analyze them. In section 5,
describe our classification techniques. In section 5, we describe the experiments and results. In section 6 we
discuss the results.

3.1.1

Previous Work

Pioneering work by Rehg et al. [343] shows the potential of using coarse gaze information to measure relevant
behavior in children with ASD. However, this work does not address the issue of fine-grained classification
between ASD and other disorders in an automated way. Our work thus extends this work to develop a
means for disorder classification via multi-modal data. In addition, some previous efforts in the classification
of developmental disorders such as epilepsy and schizophrenia have relied on using electroencephalogram
(EEG) recordings [235]. These methods are accurate, but they require long recording times; in addition, the
use of EEG probes positioned over a participant’s scalp and face can limit applicability to developmental
populations. Meanwhile, eye-tracking has long been used to study autism [43, 163], but we are not aware of
an automated system for inter-disorder assessment using eye-tracking such as the one proposed here.
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Dataset

Our dataset consists of 70 videos of an clinician interviewing a participant, overlaid with the participant’s
point of gaze (as measure by a remote eye-tracker), first reported in [159].
The participants were diagnosed with either an idiopathic developmental disorder (DD) or Fragile-XSyndrome (FXS). DD presents similar autistic symptoms to FXS, but does not have FXS or any other known
genetic syndrome.There are known gender-related behavioral differences between FXS participants, so we
further subdivided this group by gender into males (FXS-M) and females (FXS-F). There were no genderrelated behavioral differences in the DD group, and genetic testing confirmed that DD participants did not
have FXS.
Participants were between 12 and 28 years old, with 51 FXS participants (32 male, 19 female) and 19 DD
participants. The two groups were well-matched on chronological and developmental age, and had similar
mean scores on the Vineland Adaptive Behavior Scales (VABS), a well-established measure of developmental
functioning. The average score was 58.5 (SD = 23.47) for individuals with FXS and 57.7 (SD = 16.78) for
controls, indicating that the level of cognitive functioning in both groups was 2 – 3 SDs below the typical
mean.
Participants were each interviewed by a clinically-trained experimenter. In our setup the camera was
placed behind the patient and facing the interviewer. Figure 3.1 depicts the configuration of the interview,
and of the physical environment. Eye-movements were recorded using a Tobii X120 remote corneal reflection
eye-tracker, with time-synchronized input from the scene camera. The eye-tracker was spatially calibrated to
the remote camera via the patient looking at a known set of locations prior to the interview.

3.1.3

Visual Fixation Features

A goal of our work is to design features that simultaneously provide insight into these disorders and allow
for accurate classification between them. These features are the building blocks of our system, and the key
challenge is engineering them to properly distill the most meaningful parts out of the raw eye-tracker and
video footage. We capture the participant’s point of gaze and its distribution over the interviewer’s face, 5
times per second during the whole interview. There are 6 relevant regions of interest: nose, left eye, right
eye, mouth, jaw, outside face. The precise detection of these fine-grained features enables us to study small
changes in participants’ fixations at scale.
For each video frame, we detected a set of 69 landmarks on the interviewer’s face using a part-based
model [479]. Figure 3.1 shows examples of landmark detections. In total, we processed 14,414,790 landmarks. We computed 59K, 56K and 156K frames for DD, FXS-Female, and FXS-Male groups respectively.
We evaluated a sample of 1K randomly selected frames, out of which only a single frame was incorrectly
annotated. We mapped the eye-tracking coordinates to the facial landmark coordinates with a linear transformation. Our features take the label of the cluster (e.g. jaw) holding the closest landmark to the participant
point of gaze. We next present some descriptive analyses of these data.
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(b) FXS-F

(c) FXS-M

Figure 3.2: Temporal analysis of attention to face. X axis represents time in frames (in increments of 0.2
seconds). Y axis represents each participant. Black dot represent time points when the participant was
looking at the interviewer’s face. White space signifies that they were not.
Feature granularity. We want to analyze the relevance of our fine grained attention features. Participants—
especially those with FXS—spent only a fraction of the time looking at the interviewer’s face. Analyzing the
time series data of when individuals are glancing at the face of their interviewer (see Figure 3.2), we observe
high inter-group participant’s variance. For example, most of FXS-F individual sequences could be easily
confused with the other groups.
Clinicians often express the opinion that the distribution of fixations, not just the sheer lack of face
fixations—seem related to the general autism phenotype [220, 200]. This opinion is supported by the distributions in Figure 3.3: DD and FXS-F are quite similar, whereas FXS-M is distinct. FXS-M focuses primarily
on mouth (4) and nose (1) areas.

(a) DD

(b) FXS-F

(c) FXS-M

Figure 3.3: Histograms of visual fixation for the various disorders. X-axis represents fixations, from left to
right: nose (1), eye-left (2), eye-right (3), mouth (4), and jaw (5). The histograms are computed with the data
of all participants. The non-face fixation is removed for visualization convenience.

Attentional transitions. In addition to the distribution of fixations, clinicians also believe that the sequence
of fixations describe underlying behavior. In particular, FXS participants often glance to the face quickly and
then look away, or scan between non-eye regions. Figure 3.4 shows region-to-region transitions in a heatmap.
There is a marked difference between the different disorders: Individuals with DD make more transitions,
while those with FXS exhibit significantly less—congruent with the clinical intuition. The transitions between
facial regions better identify the three groups than the transitions from non-face to face regions. FXS-M
participants tend to swap their gaze quite frequently between mouth and nose, while the other two do not.
DD participants exhibit much more movement between facial regions, without any clear preference. FXS-F
patterns resemble DD, though the pattern is less pronounced.
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(a) DD

(b) FXS-F

(c) FXS-M

Figure 3.4: Matrix of attentional transitions for each disorder. Each square [i j] represents the aggregated
number of times participants of each group transitioned attention from state i to state j. The axes represent
the different states: non-face (0), nose (1), eye-left (2), eye-right (3), mouth (4), and jaw (5).
Approximate Entropy. We next estimate Approximate Entropy (ApEn) analysis to provide a measure of
how predictable a sequence is [347] . A lower entropy value indicates a higher degree of regularity in the
signal. For each group (DD, FXS-Female, FXS-Male), we selected 15 random participants sequences. We
compute ApEn by varying w (sliding window length). Figure 3.5 depicts this analysis. We can see that there
is great variance amongst individuals of each population, many sharing similar entropy with participants of
other groups. The high variability of the data sequences makes them harder to classify.
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Figure 3.5: (a) - (c) Analysis of the ApEn of the data per individual varying the window length parameter w.
Y-axis is ApEn and X-axis varies w. Each line represents one participant’s data. We observe great variance
among individuals.

3.1.4

Classifiers

The goal of this work is to create an end-to-end system for classification of developmental disorders from
raw visual information. So far we have introduced features that capture social attentional information and
analyzed their temporal structure. We next need to construct methods capable of utilizing these features to
predict the specific disorder of the patient.
Model (RNN).

The Recurrent Neural Network (RNN) is a generalization of feedforward neural networks to

sequences. Our deep learning model is an adaptation of the attention-enhanced RNN architecture proposed by
Hinton et al. [439] (LSTM+A). The model has produced impressive results in other domains such as language
modeling and speech processing. Our feature sequences fit this data profile. In addition, an encoder-decoder
RNN architecture allows us to experiment with sequences of varying lengths in a cost-effective manner. Our
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actual models differ from LSTM+A in two ways. First, we have replaced the LSTM cells with GRU cells [86],
which are are memory-efficient and could provide a better fit to our data [204]. Second, our decoder produces
a single output value (i.e. class). The decoder is a single-unit multi-layered RNN (without unfolding) and
with a soft-max output layer. Conceptually it could be seen as a many-to-one RNN, but we present it as a
configuration of [439] given its proximity and our adoption of the attention mechanism.
For our experiments, we used 3 RNN configurations: RNN 128: 3 layers of 128 units; RNN 256: 3 layers
of 256 units; RNN 512: 2 layers of 512 units. These parameters were selected considering our GPU memory
allocation limitation.
We trained our models for a total of 1000 epochs. We used batches of sequences, SGD with momentum and
max gradient normalization (0.5).
Other Classifiers. We also trained shallow baseline classifiers. We engineer a convolutional neural network
approach (CNN) that can exploit the local-temporal relationship of our data. It is composed of one hidden
layer of 6 convolutional units followed by point-wise sigmoidal nonlinearities. The feature vectors computed
across the units are concatenated and fed to an output layer composed of an affinity transformation followed
by another sigmoid function. We also trained support vector machines (SVMs), Naive Bayes (NB) classifiers,
and Hidden Markov Models (HMMs).

3.1.5

Experiments and Results

By varying the classification methods described in Section 3.1.4 we perform a quantitative evaluation of the
overall system. We assume the gender of the patient is known, and select the clinically-relevant pair-wise
classification experiments DD vs FXS-F and DD vs FXS-M. For the experiments we use 32 FXS-male, 19
FXS-female and 19 DD participants. To maintain equal data distribution in training and testing we build
Strain and and Stest randomly shuffling participants of each class ensuring a 50%/50% distribution of the two
participant classes over the sets. At each new training/testing fold the process is repeated so that the average
classification results will represent the entire set of participants. We classify the developmental disorder of
the participants, given their individual time-series feature data p, to evaluate the precision of our system. For
N total participants, we create an 80%/20% training/testing dataset such that no participant’s data is shared
between the two datasets. For each experiment, we performed 10-fold cross validation where each fold was
defined by a new random 80/20 split of the participants –about 80 participant’s were tested per experiment.
Metric. We consider the binary classification of an unknown participant as having DD or FXS. We adopt a
voting strategy where, given a patient’s data p = [ f1 , f2 , .... fT ], we classify all sub-sequences s of p of fixed
length w using a sliding-window approach. In our experiments, w correspond to 3, 10, and 50 seconds of
video footage. To predict the participant’s disorder, we employ a max-voting scheme over each class. The
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SVM
N.B
HMM
CNN
RNN 128
RNN 250
RNN 512

window length
3
10
50
3
10
50
3
10
50
3
10
50
3
10
50
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DD vs FXS-female (precision)
0.65
0.65
0.55
0.60
0.60
0.60
0.67
0.66
0.68
0.68
0.68
0.55
0.69
0.79
0.86

DD vs FXS-male (precision)
0.83
0.80
0.85
0.85
0.87
0.75
0.81
0.82
0.74
0.82
0.90
0.77
0.79
0.81
0.91

Table 3.1: Comparison of precision of our system against other classifiers. Columns denote pairwise classification precision of participants for DD vs FXS-female and DD vs FXS-male binary classification. Classifiers
are run on 3,10, and 50 seconds time windows. We compare the system classifier, RNN to CNN, SVM, NB,
and HMM algorithms.
predicted class C of the participant is given by:
C = argmax

Â

c2{C1 ,C2 } sub-seq. s

1(Class(s) = c)

(3.1)

Where C1 ,C2 2 {DD, FXS-F, FXS-M}, Class(s) is the output of a classifier given input s. We use 10 cross
validation folds to compute the average classification precision.
Results.

The results are reported in Table 3.1. We find that the highest average precision is attained using

the RNN.512 model with a 50 second time window. It classifies DD versus FXS-F with 0.86 precision and
DD versus FXS-M with 0.91 precision. We suspect that the salient results produced by the RNN 512 are
related to its high capacity and its capability of representing complex temporal structures.

3.1.6

Conclusion

We hereby demonstrate the use of computer vision and machine learning techniques in a cost-effective system
for assistive diagnosis of developmental disorders that exhibit visual phenotypic expression in social interactions. Data of experimenters interviewing participants with developmental disorders was collected using
video and a remote eye-tracker. We built visual features corresponding to fine grained attentional fixations,
and developed classification models using these features to discern between FXS and idiopathic developmental disorder. Despite finding a high degree of variance and noise in the signals used, our high accuracies imply
the existence of temporal structures in the data.
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This work serves as a proof of concept of the power of modern computer vision systems in assistive
development disorder diagnosis. We are able to provide a high-probability prediction about specific developmental diagnoses based on a short eye-movement recording. This system, along with similar ones, could be
leveraged for remarkably faster screening of individuals. Future work will consider extending this capability
to a greater range of disorders and improving the classification accuracy.

Chapter 4

Drug Screening
4.1

In-silico Labeling: Predicting fluorescent labels in unlabeled images

Microscopy is a uniquely powerful tool. It offers a way to observe cells and molecules across space and time.
However, biological samples are mostly water and poorly refractile, so visualizing cellular structure is challenging. Optical and electronic techniques amplify contrast and make small signals visible to the human eye,
but resolving other features requires different techniques, particularly fluorescence labeling. Fluorescence
labeling with dyes or dye-conjugated antibodies provides unprecedented opportunities to reveal macromolecular structures, metabolites, and other subcellular constituents.
Yet, fluorescence labeling itself has limitations. Specificity varies, labeling is time consuming, specialized reagents are required, and some types of labeling perturb or even kill the cell. Immunocytochemistry
commonly produces non-specific signals because of antibody cross-reactivity. Lastly, measuring the label
requires an optical system that can reliably distinguish it from other signals in the sample.
We wondered if microscopic images of unlabeled cells contain more information than the human brain
can readily comprehend and if new computational approaches could see more. With deep learning (DL),
neural networks have been trained to achieve superhuman performance on specialized tasks [387, 409, 376].
Although promising, using DL to analyze microscopy images has been limited, often relying on pre-processed
images [58, 477] or the imposition of special and somewhat artificial sample preparation procedures, such
as the requirement for low plating density [174, 477, 430]. As such, it is unclear whether DL approaches
provide a significant and broad-based advance in image analysis and extract information from unlabeled
images that eludes the human eye.
Much of the focus of DL has been image classification, where a single label is predicted from a given
image (e.g., predicting the label cat if the image contains a cat). Unfortunately, the task of predicting fluorescence images from transmitted light images is not well served by typical classification models [410] because
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they typically contain spatial reductions which destroy fine detail. In response, researchers have developed
specialized models for predicting images from images, including DeepLab [81] and U-Net [354]. However,
we had limited success with these networks (Supplementary information, Fig. 4.18) and thus created a new
one.
Here, we sought to determine if computers can find and predict features in unlabeled images that normally
only become visible with invasive labeling. We designed a DL network and trained it on paired sets of
unlabeled and labeled images. Using additional unlabeled images never seen by the network, we showed
that features from unlabeled images of fixed or live cells accurately predict the location and texture of cell
nuclei, the health of a cell, the type of cell in a mixture of cells, and the type of subcellular process. We
also showed that the trained network exhibits transfer learning: it learned generalized features to solve new
problems based on a very limited training set.

4.1.1

Results

Training and testing data sets for supervised machine learning
To learn to predict fluorescence images from transmitted light images, we created a dataset of training examples: pairs of pixel-registered transmitted light z-stack images and fluorescence images. To benefit from
multi-task learning, in which a model is improved by learning several tasks, the training examples came from
arbitrary experiments, with arbitrary samples, imaging modalities, and fluorescent labels (Fig. 4.1a). We
chose deep neural networks as the statistical model to learn from the dataset: they can be expressive and
result in systems with substantially superhuman performance (Fig. 4.1b). We trained the model by fitting
parameters to the dataset to learn the correspondence rule (Fig. 4.1c). The trained model is a function mapping from the set of z-stacks of transmitted light images to the set of images of all fluorescent labels in the
training set. If the hypothesis is correct, the model would take an unseen z-stack of transmitted light images
(Fig. 4.1d) and generate images of corresponding fluorescent signals (Fig. 4.1e). Performance is measured
by the similarity of predicted fluorescence and true images for held-out examples.
We generated training datasets (Table 4.2) from different cell types with different labels made by different
laboratories. We used human motor neurons from induced pluripotent stem cells (iPSCs), primary murine
cortical cultures, and a breast cancer cell line. Hoechst or DAPI were used to label cell nuclei, CellMask was
used to label plasma membrane, and propidium iodide was used to label cells with compromised membranes.
Some cells were immunolabeled with antibodies against the neuron-specific -tubulin III (TuJ1) protein, the
Islet1 protein for identifying motor neurons, the dendrite-localized microtubule associated protein-2 (MAP2),
or pan-axonal neurofilaments. Note that though no individual well was labeled with more than three markers,
it is still possible for a model to learn to predict all labels.
To improve our chances of discovering correspondences, we collected images of unlabeled cells to maximize the information available to the network. Monolayer cultures are not strictly two dimensional, so any
single image plane contains limited information about each cell. We thus collected sets of images (z-stacks)
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Figure 4.1: Overview of a deep learning system to train a model to make predictions of fluorescent labels
from unlabeled images. (a) Dataset of training examples: pairs of transmitted light images from z-stacks of a
scene with pixel-registered sets of fluorescence images of the same scene. The scenes contain varying numbers of cells; they are not crops of individual cells. The z-stacks of transmitted light microscopy images were
acquired with different methods for enhancing contrast in unlabeled images. Several different fluorescent labels were used to generate fluorescence images and were varied between training examples. (b) An untrained
model comprising a deep neural network with unfitted parameters was (c) trained by fitting the parameters
in the untrained model to the data a. To test whether the system could make accurate predictions from novel
images, a z-stack of images of a novel scene (d) were generated with one of the transmitted light microscopy
methods used to produce the training data set, a. (e) The trained model, c, is used to predict fluorescence
labels learned from a for each pixel in the novel images, d. The accuracy of the predictions is then evaluated
by comparing them to the actual images of fluorescence labeling from d (not shown).
of the same microscope field from several planes at equidistant intervals along the z-axis and centered in the
middle plane of most of the cell bodies in the field.
Translating the focal plane through the sample captures features that are in sharp focus and features out
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Figure 4.2: Training data types and configurations
of focus (Fig. 4.3). Normally, out-of-focus features are undesirable, but we reasoned the implicit threedimensional information in these blurred features could improve prediction accuracy (Supplementary information).
Next, we collected sets of images of each sample with transmitted light and fluorescence microscopy
without intentionally moving the stage to minimize sample movements that might produce mis-registration
of pixels between the transmitted light and fluorescence images (Fig. 4.4, Table 4.2).
Developing predictive algorithms with machine learning
With these training sets, we used supervised machine learning (ML) to determine if predictive relationships
could be found between transmitted light and fluorescence images of the same cells. We used the unprocessed
z-stack as input for DL algorithm development. Before applying ML, we preprocessed the images to accommodate constraints imposed by the samples, data acquisition, and ML. For example, we normalized pixel
intensity distributions of the target images to make the pixel-prediction problem well defined. In addition,
the image stacks were not perfectly registered along the z axis and exhibited differences in depth of field and
optical sectioning. Therefore, we aimed to predict the maximum projection of the fluorescence images in the
z axis rather than the entire image stack, as this projection can be easily understood visually and would be
useful to predict.
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We developed an ML model that is a deep neural network that performs nonlinear pixel-wise classification. It was clear that performance would benefit from a model with a multiscale input, for the same reason
human eyes have foveas. We took the multiscale approach of Farabet et al.10, in which intermediate layers at
multiple scales are aligned by construction, but used transposed convolutions11 to learn the resizing function
rather than fixing it as in Farabet et al.. This lets the model learn the spatial interpolation rule which best
fits its task. To avoid the substantial investment of manually designing and tuning a model from scratch, we
chose to parameterize a space of models that could be efficiently searched over by a black box noisy function
optimizer12,13 (Table 4.2).
These methods culminated in a model (methods) which achieved a lower loss on our data than other
popular models while using fewer parameters (Supplementary information, Fig. 4.18) and which we judged
to have satisfactory performance for several in silico labeling tasks. For each pixel of each target label
image, the model produces a discrete probability distribution over 256 intensity values (corresponding to 8-bit
pixels). It reads z-stacks of transmitted light images collected with bright field, phase contrast, or differential
interference contrast methods and makes simultaneous predictions for every label kind that appeared in the
training dataset.
The network comprises repeated modules, like the Inception network [410], but the modules and architecture differ (methods). We redesigned a version of the Inception module (Fig. 4.9), specifying widths of
the layers with fewer parameters, which made it easier to search the architecture space. We used VALID
convolutions (Supplementary Table 4.5) to make the network approximately position-independent, which
improves scalability and correctness and removes boundary effects. The network has a multiscale input to
make predictions based on a large local context (Supplementary Figs. 4.9 , 4.10, 4.13). Multiple scales are
brought into geometric alignment at the midpoint of the network through the architecture rather than learned
parameters. This reduces the number of variables in the model, making it easier to fit with less data.
We implemented the model in TensorFlow and trained it using the Adam optimizer [218] with asynchronous stochastic gradient descent. We optimized the hyperparameters of the DL network, such as the
relative layer widths and nonlinearities, using Google Hypertune. Hypertune uses Gaussian processes for
hyperparameter space modeling12 and a bandit formulation for experiment selection in a style similar to the
GP-BUCB algorithm13. Hyperparameters were optimized by cross-validating on the training set; the test set
was only used for final evaluation. Network predictions from transmitted light images
We asked whether we could train a network to predict the labeling of cell nuclei with Hoechst or DAPI in
transmitted light images of fixed and live cells. With our trained model (Table 4.2), we made predictions of
nuclear labels from images withheld from the network during the training process (Fig. 4.6). Qualitatively,
the true and predicted nuclear labels looked nearly identical, and the models few mistakes appeared to be edge
cases (e.g., cell-like debris lacking DNA). We created scatter plots of true versus predicted pixel intensities
and quantified the correlation. Pearson r values 0.87 or higher indicated that the model accurately predicted
the extent and level of labeling and that the predicted pixel intensities accurately reflect the true intensities, at
least on a per-pixel basis. Thus, the model learned features that generalized given that these predictions were
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made using different cell types and image acquisition methods.
To assess the utility of the per-pixel predictions, we gave a team of biologists real and predicted nuclear
label images and asked them to annotate the images with the locations of the cell centers. With annotations
on real images as ground truth, we used the methodology of Coelho et al. [93] to classify the network’s errors
into four categories: (Fig. 4.6b). Under conditions where cellular debris was high (e.g., Condition Yellow)
or distortions in image quality evident (e.g., Condition Green), the model’s precision and recall drops to the
mid-90s. In other cases, the model was nearly perfect, even with dense cell clumps (e.g., Condition Blue).
Network predictions of cell viability
To determine whether transmitted light images contain sufficient information to predict whether a cell
is alive or dead, we trained the model with images of live cells treated with propidium iodide, a dye that
preferentially labels dead cells, and made predictions from withheld images of live cells (Fig. 4.7a). The
model was remarkably accurate, though not as much as it was for nuclear prediction. For example, it correctly
guessed that an entity (Fig. 4.7a, second magnified outset) is actually DNA-free cell debris and not a proper
cell and picked out a single dead cell in a mass of live cells (third outset). To get a quantitative grasp of the
model’s behavior, we created scatter plots and calculated linear fits (Fig. 4.7b). The Pearson r value of 0.85
for propidium iodide indicated a strong linear relationship between the true and predicted labels.
To understand the model’s ability to recognize cell death and how it compared to a trained biologist, we
had the real and predicted propidium iodide-labeled images annotated, following the same method as for the
nuclear labels (Fig. 4.7c). A subset of the discrepancies between the two annotations in which a biologist
inspecting the phase contrast images determined that an added error is a correct prediction of DNA-free
cell debris was reclassified into a new category (Online Methods, Fig. 4.12). The model has an empirical
precision and recall of 98% at 97%, with a 1% chance that two dead cells will be predicted to be one dead
cell.
Network predictions of cell type and subcellular process type
We tested the models ability to predict which cells were neurons in mixed cultures of cells containing neurons,
astrocytes, and immature dividing cells. Four biologists independently annotated real and predicted TuJ1
labeling, an indication that the cell is a neuron. We compared the annotations of each biologist (Fig. 4.8)
and assessed variability among biologists by conducting pairwise comparisons of their annotations on the
real labels only. With TuJ1 labels for the Condition Red culture, the performance of biologists annotating
whether an object is a neuron was highly variable, consistent with the prevailing view that determining cell
type based on human judgment is difficult. These measurements show humans disagree on whether an object
is a neuron 10% of the time, and 2% of the time they disagree on whether an object is one cell or several
cells. When a biologist was presented with true and predicted labels of the same sample, 11-15% of the time
the type of cell is scored differently from one occasion to the next, and 2-3% of the time the number of cells
is scored differently. Thus, the level of inconsistency introduced by using the predicted labels instead of the
true labels is comparable to the level of inconsistency between biologists evaluating the same true labels.
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Given the success of the model in predicting whether a cell is a neuron, we wondered whether it also
could accurately predict whether a neurite extending from a cell was an axon or a dendrite. The task suffers
from a global coherence problem (Supplementary information), and it was also unclear to us a priori whether
transmitted light images contained enough information to distinguish dendrites from axons. Surprisingly,
the final model could predict independent dendrite and axon labels (Fig. 4.14). It does well in predicting
dendrites in conditions of low (Condition Yellow) and high (Condition Blue) plating density, whereas the
axon predictions are much better under conditions of low plating densities (Condition Yellow).
Adapting the generic learned model to new datasets: Transfer learning
Does the network require large training data sets to learn to predict new things? Or does the generic model
represented by a trained network enable it to learn new relationships in different data sets more quickly or
with less training data than an untrained network? To address these questions, we attempted to use transfer
learning and the trained network to learn a label from a single well. To further emulate the experience of a
new practitioner adapting this technique to their problem, we chose data using a new label from a different
cell type, imaged with a different transmitted light technology, produced by a laboratory other than those that
provided the previous training data. In Condition Violet, differential interference contrast imaging was used
to collect transmitted light data from unlabeled cancer cells, and CellMask, a membrane label, was used to
collect foreground data (Table 4.2). With only the 1100-m square center of the one training well, the model
learned to predict cell foreground with a Pearson score of 0.95 (Fig. 4.15). Though that metric was computed
on a single test well, the test images of the well contain 12 million pixels each and hundreds of cells. These
findings demonstrate that the network we trained can share learned features across tasks, a property called
transfer learning. This suggests that the generic model represented by the trained network could continue to
improve its performance with additional training examples, and increase the ability and speed with which it
learns to perform new tasks.

4.1.2

Discussion

Here we report a new approach: in silico labeling (ISL). This ML system can infer fluorescent labels from
transmitted light images. The DL network we developed could be trained on unlabeled images to make
accurate per pixel predictions of the location and intensity of nuclear labeling with DAPI or Hoechst dye and
to indicate if cells were dead or alive by predicting propidium iodide labeling. We showed further that the
network could be trained to accurately distinguish neurons from other cells in mixed cultures and to predict
whether a neurite is an axon or dendrite. These predictions showed a high correlation between the location
and intensity of the actual and predicted pixels. They were accurate for live cells, enabling longitudinal
fluorescence-like imaging with no additional sample preparation and minimal impact to cells. Thus, we
conclude that unlabeled images contain substantial information - some not readily apparent to the human eye
- that can be used to train DL networks to predict labels in both live and fixed cells that normally require
invasive approaches to reveal, or which cannot be revealed using current methods.
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DL has been applied to achieve useful advances in basic segmentation of microscopy images, an initial
step in image analysis to distinguish foreground from background [430, 354, 84, 107, 267, 461], and on
segmented images of morphologically simple cells to classify cell shape [477] and predict mitotic state
[174]. Long et al. [259] applied DL methods to unlabeled and unsegmented images of low-density cultures
with mixtures of three cell types and trained a network to classify cell types. Initially, we tried to adapt
state-of-the-art DL models, but they had severe deficiencies. An unpublished deconvolution model based
on Inception [410] produced edge artifacts and poor fine-grained detail. DeepLab [81] also had poor finegrained detail. These issues were possibly due to a combination of locality-destroying transformations (such
as max pooling with stride > 1) and artifacts introduced by zero-padding in convolutions.
Our DL network comprises repeated modules, like the reported Inception network, but the modules and
architecture differ in important ways (Online methods). Inspired by U-Net [354], it is constructed so that
fine-grain information can flow from the input to the output without being degraded by locality-destroying
transformations. It is multiscale to provide context, but uses an architecture in which the correct spatial
alignment between the scales is enforced by the network architecture rather than being learned. It preserves
approximate position-independence in the output through the exclusive use of VALID transformations (Supplementary Table 4.5), which eliminates boundary effects in the predicted images. Finally, it is entirely
specified as the repeated application of a single parameterized module, which simplifies the design space and
makes it tractable to automatically search over network architectures.
We also gained insights into the strengths, limitations, and potential applications of DL for biologists. The
accurate predictions at a per-pixel level indicate that direct correspondences exist between unlabeled images
and at least some fluorescent labels. Moreover, the high-correlation coefficients for several labels indicate
that the unlabeled images contain the information for a DL network to accurately predict the location and
intensity of the fluorescent label. The fact that successful predictions were made under differing conditions
suggests that the approach is robust and may have wide applications. Fluorescent labeling is time consuming
and resource intensive, and the number of labels is limited by spectral overlap. ISL may offer, at negligible
additional cost, a computational approach to reliably infer more labels than would be feasible to collect
otherwise from an unlabeled image of a single sample. Also, because ISL works on unlabeled images of live
cells, repeated inferences can be done on the same cell over time without invasive labeling.
That successful predictions could be made by a singly-trained network on data from three laboratories
suggests that the training features were robust and generalizable. We showed that the trained network could
learn a new fluorescent label from a very limited set of unlabeled data collected with a different microscopy
method. This suggests that the trained network exhibited transfer learning. In transfer learning, the more a
model has learned, the less data it needs to learn a new similar task. It applies previous lessons to new tasks.
Thus, this network could improve with additional training data and might make accurate predictions on a
broader set of data than we have measured.
Nevertheless, we encountered clear limitations of the current models predictive ability. With supervised
ML, the quality of predictions is limited by the information contained in the input data. For example, the
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model was less successful in identifying axons in high-density cultures. Although the model identified neurons in mixed cultures well, it was unsuccessful in predicting the motor neuron subtype (Fig. 4.16). The
accuracy will be limited if there is little or no correspondence between pixels in the unlabeled image and
those in the fluorescently labeled one, if the quality of labeling is severely affected due to contributions from
non-specific binding or variability, or if the data are insufficient. We found from error analysis that the performance of the model depended on the amount of information in the unlabeled images, as measured by
the number of images in the z-stack (Fig. 4.17). One challenge is the empirical quality of DL approaches.
Network architecture and training approaches can be optimized to perform at impressive levels, but it can be
difficult to determine general principles of how the network made or failed to make predictions that might
guide future improvements. This will be an important area for future research.
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4.1.4

Methods

Differentiation of human iPSCs into motor neurons and plating in Condition Red. The human iPSC
line 1016A was differentiated as described in Rigamonti et al 2016 [349]. Briefly, iPSCs were grown to near
confluency in adherent culture in mTesr media (StemCell Technologies) before being dissociated to single
cells using Accutase (cat# 07920, StemCell Technologies). Single cells were seeded into a spinning bioreactor
(Corning, 55 rpm) at 1x106 cells/mL in mTesr with Rock Inhibitor (10 µM) and kept in 3D suspension
culture for the duration of differentiation. The next day (day 1), dual SMAD inhibitors SB431542 (10µM)
and LDN 193189 (1µM) were added. On day 2, the media was switched to KSR media (15% Knockout
Serum Replacement, DMEM-F12, 1x Glutamax, 1x Non-Essential Amino Acids, 1x Pen/Strep, 1x betamercaptoethanol; all from Life Technologies) with SB and LDN. On day 3, the KSR media was supplemented
with SB, LDN, retinoic acid (Sigma, 1µM), and BDNF (R&D, 10ng/mL). Beginning on day 5 and ending
on day 10, the culture was transitioned to NIM media (DMEM-F12, 1x B-27, 1x N2, 1x Glutamax, 1x NonEssential Amino Acids, 1x Pen/Strep, 0.2mM Ascorbic Acid, 0.16% D-glucose; all from Life Technologies).
On day 6, dual SMAD inhibition was removed and Smoothen Agonist was added (1 µM). On day 10, DAPT
was added (2.5µM).
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On day 15, the motor neuron spheres were dissociated using Accutase and DNAse. To dissociate the
spheres, they were allowed to settle in a 15 mL tube, the media was removed, they were washed with PBS
and then approximately 2 mL of warmed Accutase (with 100 µL DNAse) was added to the settled pellet.
Next, the tube containing the cells and Accutase was swirled by hand in a 37C water bath for 5 minutes.
Then, the cells were gently pipetted up and down using a 5 mL serological pipette. To quench and wash, 5 ml
of NIM was added and the cells were centrifuged at 800 rpm for 5 minutes. The pellet was then re-suspended
in NB media (Neurobasal, 1x B-27, 1x N2, 1x Glutamax, 1x Non-Essential Amino Acids, 1x Pen/Strep, 0.2
mM Ascorbic Acid, 0.16% D-glucose, 10 ng/mL BDNF, 10 ng/mL GDNF, 10 ng/mL CTNF) and passed
through a 40 µm filter. The filter was then washed with an additional 3 mL of NB media and the cells were
counted using a BioRad automated cell counter.
For plating, the Greiner µclear 96-well plate was coated overnight at 37C with 2.5 µg/mL laminin and 25
µg/mL poly-ornithine in water. The next day, the plate was washed with DPBS twice. The dissociated motor
neurons were plated at 65,000 cells per well in 200 µL of NB media and grown at 37C with 5% CO2 for 48
hours to allow processes to form.
Differentiation of human iPSCs into motor neurons and plating in Condition Yellow. The human
iPSC line KW-4, graciously provided by the Yamanaka lab, was differentiated to motor neurons via a modified version of the protocol in Burkhardt et al. [59]. Briefly, iPSCs were grown to confluency on Matrigel,
followed by neural induction via dual SMAD inhibition (1.5 µM Dorsomorphine + 10 µM SB431542) and
WNT activation (3 µM CHIR99021) for 3 days [111]. Motor neuron specification began at day 4 by addition
of 1.5 µM retinoic acid and Sonic Hedgehog activation (200nM smoothened agonist and 1 µM purmorphamine). At day 22, cells were dissociated, split 1:2 and plated in the same medium supplemented with
neurotrophic factors (2ng/mL BDNF & GDNF). At day 27, neurons were dissociated to single cells using
0.05% Trypsin and plated into a 96 well plate at various cell densities (3.7K 100K/well) for fixation and
immunocytochemistry.
Culturing of primary rodent cortical neurons and plating in Condition Green and Condition Blue.
Rat primary cultures of cortical neurons were dissected from rat pup cortices at embryonic days 20-21. Brain
cortices were dissected in dissociation medium (DM) with kynurenic acid (1 mM final) (DM/KY). DM was
made from 81.8 mM Na2SO4, 30 mM K2SO4, 5.8 mM MgCl2, 0.25 mM CaCl2, 1 mM HEPES, 20 mM
glucose, 0.001% phenol red and 0.16 mM NaOH. The 10x KY solution, was made from 10 mM KY, 0.0025%
phenol red, 5 mM HEPES and 100 mM MgCl2. The cortices were treated with papain (100 U, Worthington Biochemical) for 10 minutes, followed by treatment with trypsin inhibitor solution (15 mg/mL trypsin
inhibitor, Sigma) for 10 minutes. Both solutions were made up in DM/KY, sterile filtered and kept in a 37C
water bath. The cortices were then gently triturated to dissociate single neurons in Opti-MEM (Thermo Fisher
Scientific) and glucose medium (20mM). Primary rodent cortical neurons were plated into 96 well plates at
a density of 25,000 cells/mL. Two hours after plating, the plating medium was replaced with Neurobasal
growth medium with 100X GlutaMAX, Pen/Strep and B27 supplement (NB medium).
Culturing human cancer cells in Condition Violet. The human breast cancer cell line MDA-MB-231
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was obtained from ATCC (Catalog # HTB-26) and grown in Dulbeccos modified Eagle medium (DMEM)
supplemented with 10% fetal bovine sera (FBS). 15,000 cells in 150 µL of medium were used to seed each
well of a 96-well plate. Cells were grown at 37C for 2 days prior to labeling.
Fluorescent labeling in Condition Red. 96 well plates were first fixed with a final concentration of 4%
PFA by adding an equal volume as already present in each well of 8% PFA to each well. The plate was fixed
for 15 minutes at room temperature. Next, the plate was washed with 200 µL/well of DPBS 3 times for 5
minutes each. To permeabilize the cells, they were incubated in 0.1% Triton in DPBS for 15 minutes. Again,
the cells were washed with 200 µL/well of DPBS 3 times for 5 minutes each. The cells were then blocked
with 1% BSA, 5% FBS in DPBS for 1 hour at room temperature. Primary antibodies were then added
in blocking solution overnight at 4C at the following concentrations: rbIslet 1:1000 (Abcam cat#109517),
msTuj1 1:1000 (Biolegend cat# 801202). The next day, cells were washed with blocking solution 3 times for
5 minutes each. Secondary antibodies, gtrb Alexa 488 and gtms Alexa 546, were used at 1:1000 in blocking
buffer and incubated for 45 minutes at room temperature protected from light. Next, Hoechst was added at
1:5000 in DPBS for 15 minutes at room temperature protected from light. The cells were then washed with
200 µL/well of DPBS, 3 times for 5 minutes each protected from light. The cells were imaged in at least
200uL/well of clean DPBS to avoid evaporation during long scan times.
Fluorescent labeling in Condition Yellow. Day 27 iPSC-derived motor neurons were fixed in 4%
Paraformaldehyde for 15 minutes, and washed 3x in DPBS. Neurons were blocked and permeabilized using
0.1% Triton-X, 2% FBS and 4% BSA for 1 hour at room temperature, and then stained with MAP2 (Abcam
ab5392, 1:10000) and NFH (Encor RPCA-NF-H, 1:1000) at 4C overnight. Cells were then washed 3x with
DPBS, and labeled with Alexa Fluor secondary antibodies (each 1:1000) for 1 hour at room temperature.
Neurons were again washed 3x with DPBS, followed by nuclear labeling with 0.5 µg/mL DAPI.
Fluorescent labeling in Condition Green. Four day in vitro primary rat cortical neurons were treated
with a cell viability fluorescent reagent (ReadyProbes Cell Viability (Blue/Green), Thermo Fisher Scientific).
During treatment with the viability reagent, DMSO (1 in 1400) was added to a subset of the neurons to
increase their risk of death. NucBlue Live reagent (dilution of 1 in 72) and NucGreen Dead (dilution of 1 in
144) were added to the neuronal media. The NucBlue Live reagent stained the nuclei of all cells while the
NucGreen Dead reagent stained the nuclei of only dead cells. The cells were then imaged.
Fluorescent labeling in Condition Blue. Primary rat neurons were fixed in 96 well plates by adding 50
µL of 4% paraformaldehyde (PFA) with 4% sucrose to each well for 10 minutes at room temperature. PFA
was removed and cells were washed three times with 200 µL of PBS. Blocking solution (0.1% Triton-x-100,
2% FBS, 4% BSA, in PBS) was added for 1 hour at room temperature. Blocking solution was removed and
primary antibodies MAP2 (Abcam ab5392, 1:10000) and Anti-Neurofilament SMI-312 (BioLegend 837901,
1:500) were then added in blocking solution overnight at 4C. The next day, cells were washed with 100 µL of
PBS 3 times. Cells were then treated with Alexa Fluor secondary antibodies at 1:1000 in blocking solution
for 1 hour at room temperature. Neurons were again washed 3 times with PBS, followed by nuclear labeling
with 0.5µg/mL DAPI.
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Fluorescent labeling in Condition Violet. Adherent MDA-MB-231 cells in wells of a 96-well plate
were gently washed three times by aspirating and adding 150 µL of fresh medium to remove loosely attached
cells. 150 µL of medium with 3⇥ (0.5 µL) CellMask Deep Red membrane stain (Life Technologies, Catalog
#: C10046) were added to each well for a final 1.5⇥ final concentration and incubated for 7 minutes. Samples
were washed twice with fresh medium. Then, samples were fixed by aspirating media and adding 100 µL
of 4% PFA to each well, prepared previously from 16% PFA in PBS (Life Technologies, Catalog #: 28906).
Samples were incubated for 15 minutes more and then washed twice with PBS. PBS was aspirated and the
wells were allowed to evaporate some moisture for a few of minutes. One drop of Prolong Diamond with
DAPI mounting medium (Thermo Fisher, Catalog #: P36962) was added to each of the fixed wells and
the plate was gently agitated to allow the mounting medium to spread evenly. Samples were placed in the
refrigerator and allowed to incubate for > 30 minutes before imaging.
Image acquisition. Laboratory A (Condition Red) acquired images with 40⇥ high numerical aperture
(0.95) objectives using the Operetta high content imaging microscope (Perkin Elmer) running Harmony software version 3.5.2. The illumination system for fluorescence was a Cermax Xenon fiberoptic light source.
The microscope acquires images with 14-bit precision CCD cameras then automatically scales the images
to 16-bit. The plate used was a 96 well Greiner µclear plate. A total of 36 wells were acquired with 36
fields representing an enclosed 66 square region. For each field, 15 planes with a distance of 0.5 µm between each were acquired. Each field overlapped with adjacent fields by 34%. Four independent channels
were acquired: Bright field (50ms exposure), Hoechst (300ms exposure, 360-400 Excitation; 410-480 Emission), TuJ1 (200ms exposure, 560-580 Excitation; 590-640 Emission), and Islet1 (80ms exposure, 460-490
Excitation; 500-550 Emission). A total of 77,760 images were collected.
Laboratory B (Conditions Yellow, Green, Blue) used a Nikon Ti-E with automated ASI MS-2500 stage
equipped with a spinning disc confocal microscope (Yokogawa CSU-W1), phase contrast optics [133] (Nikon
S Plan Fluor 40X 0.6NA) and controlled by a custom plugin for Micro-Manager 1.4.18. An Andor Zyla4.2
camera with 2048x2048 pixels, each 6.5 µm in size, was used to generate images. For each microscope field,
1326 stacks of images were collected at equidistant intervals along the z-axis and centered in the middle plane
of most of cell bodies in the field. Depending on the plate conditions, the planes in the stack were 0.31.53
µm apart, and the stack of images encompassed a total span of a 3.619.8 µm along the z-axis and centered
around the midpoint of the sample. 96 well plates were used (PerkinElmer CCB). Each well was imaged with
a 9 to 36 tiles (33 to 66 patterns respectively) with overlap of approximately 350 pixels. 912003 images were
collected. Laboratory C (Condition Violet) used a Nikon Ti-E microscope equipped with Physik Instrumente
automated stage controlled by Micro-Manager 1.4.21. Images were acquired using a confocal microscope
with 1 µm z-steps with a Plan Apo 40⇥ NA 0.95 dry objective. An Andor Zyla sCMOS camera with 6.5 µm
pixel size was used, generating images with 20482048 pixels. Two wells were imaged, with 16 tiles each in
a 44 pattern with approximately 300 pixel overlap.
Image acquisition with overlap.All the microscopes we used have a robotic stage for translation in
the x and y dimensions, and a field of view substantially smaller than the size of the well, which provided
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unsatisfying spatial context. Thus, we acquired images in sets of tiles in square tiling patterns, using the
microscope’s stage to translate in x and / or y between successive shots in the same well. The patterns ranged
from 3⇥3 tiles up to 6⇥6. In all cases, the tiles overlapped each other to enable robust visual features based
stitching into larger images. The typical overlap was about 300 pixels, which we determined as the minimum
overlap required for accurate and robust stitching for a representative subset of our data (Supplementary
information).
High dynamic range image acquisition. To increase the range of luminance in the image plane beyond
the bit depth of the camera, we collected images in bursts of four 20-ms exposures. We then added two or
more images together or averaged the group of four images on a per pixel basis to resolve features closer to
the noise floor. Summing allows simple creation of images with 20, 40, 60, and 80 ms exposures. These
group-summed-images provide a higher dynamic range and can then be used to reconstruct the image plane
with all features more clearly visible than could be seen with any one exposure. If a direct sum of all images
is used, it is possible to generate an image of the acquired plane that exceeds the bit-depth of the camera. This
increases the accessible information per image plane by achieving better dynamic range and adds flexibility
to the analysis allowing rescaling in bit-depth as needed.
Data preparation. The image datasets must be cleaned and canonized before they can be used to train or
evaluate a ML system. To that end, they are fed through a preprocessing pipeline composed of the following
stages:
1. Salt and pepper noise reduction in the fluorescence images by means of a median filter. The median
filter is of size 5⇥5 and is applied successively until convergence, which occurs within 32 iterations.
2. Only needed for training. Dust artifact removal from fluorescence images, in which dust artifacts are
estimated and then removed from the fluorescence images.
3. Downscaling, in which images are bilinearly downscaled by a factor of two in each dimension to reduce
shot noise.
4. Flat field correction, in which the spatially varying sensitivity of the microscope is estimated and removed.
5. Dust artifact removal from transmitted light images.
6. Stitching, in which tiles with overlapping borders are montaged into a larger image, further reducing
noise at the intersections while making it possible to see large parts of the well in one image.
7. Only needed for training. z-axis maximum projection, in which the target (fluorescence) images are
projected along the z-axis by taking the 90th percentile intensity as a robust estimate of the maximum.
This step is necessary to make the prediction task well-defined, because some of our confocal images
had insufficient voxel z size, and because we lack a mechanism for registering voxels in the z direction
across all our datasets. If we had such a system we could attempt 3D (voxel) prediction, and indeed
we’ve had some promising results, not reported here, on a small, z-registered, dataset.

CHAPTER 4. DRUG SCREENING

125

8. Global intensity normalization, in which the per-image pixel intensity distributions are constrained to
have a fixed mean and standard deviation. This step, which is aided by the previous stitching step, is
necessary to make the ML task well defined, because our pixel intensities are not measured in comparable absolute units. Note this would not be necessary if our samples had been instrumented with
standard candles (point sources of known brightness); we would like to see in-sample calibration objects become a standard part of in vitro biology.
9. Only needed for training. Quality control, in which low quality images are removed from the dataset.
This makes ML more tractable, as otherwise the learning system would devote resources attempting to
learn the unlearnable.
Dust artifact removal from fluorescence images. A subset of the fluorescence images from the Laboratory B dataset contained the same additive intensity artifact likely due to excitation light scattering from
dust. The artifact was located at the same location in each image, and appeared as a sparse pattern (¡ 10%
of the pixels) of overlaid grey disks around 50 microns wide. The following procedure was used to estimate
the shape and intensity of this artifact, and then to subtract it from all of the images, thereby removing the
artifact. Given a collection of images all containing the artifact, the mean and minimum projections were
taken across the images (i.e., for each (x, y) pixel coordinate, the mean and minimum across all images was
evaluated). The sensor offset, an image sensor property, was then subtracted from the mean image, and an
edge-preserving smoothing, followed by a thresholding operation, was used to produce a binary mask of the
artifact location. The mask is used to replace artifact pixels in the mean image with the mean value of the
non-artifact pixels, after which a Gaussian blur is applied to produce an estimate of the average background.
Subtracting this average background from the average image yields the final estimate of the artifact, which is
then subtracted from each of the images.
Flat field correction. Flat field miscalibration can manifest as spatially-varying image brightness consistent from image to image. We assume the effect is multiplicative and slowly spatially varying. To estimate
the flat field, we take a per-pixel median across a set of images assumed to have the same bright field and then
blur the result using a Gaussian kernel. The kernel standard deviation in pixels is 1/16th the image height for
fluorescence images, and 1/32nd the height for transmitted light images. To flat field correct a new image, we
pixelwise divide it by the flat field image and then clip the result to capture most of the intensity variation.
Dust artifact removal from transmitted light images. We treat dust in transmitted light images as a
quickly spatially varying multiplicative artifact. To estimate the dust field, we take a per-pixel median across
a set of images assumed to have the same dust pattern. We do not blur the images. To dust correct a new
image, we pixelwise divide it by the dust field image and then clip the result to capture most of the intensity
variation.
Image stitching. To stitch a set of images, we first calculate approximate (x, y) offsets between neighboring tiles using normalized cross correlation. At this point, the set of offsets may not be internally consistent; there are many paths between any two images, and the accumulated offsets along two such paths
may disagree. To make the offsets internally consistent and thus refine the solution, we use a spring system
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formulation and find the minimum energy configuration. In other words, for measured offsets oi j 2 ¬2 we
find the tile locations Ii 2 ¬2 which minimize Âi, j ||Ii

Ij

then alpha composite the tiles into a shared canvas.

oi j ||2 . With the set of refined (x, y) offsets, we

Global intensity normalization. We globally affine normalize transmitted light pixel intensities to have
mean 0.5 and standard deviation 0.125. We globally affine normalize fluorescence pixel intensities to have
mean 0.25 and standard deviation 0.125. These numbers were chosen to make the image pixel distributions
mostly fit in the [0.0, 1.0] pixel intensity range, for easy visualization. Previous versions of the system had
used local normalization, but it wasn’t found to make much of a difference in the final images, and it contained
one more knob to tune (the size of the local neighborhood).
Quality control. Of the five datasets considered in this paper, six wells were removed from Condition
Red for quality concerns due to an issue with the motorized stage. This yielded the 25 remaining wells listed
in Table 1.
Machine learning. Our machine learning model is a deep neural network which takes sets of transmitted
light images across 13 z-depths and emits a discrete probability distribution for each pixel in each corresponding fluorescence images. Each distribution is over 256-pixel intensity values, corresponding to 8-bit
pixels.
The repeated module. Inspired by Inception [410], the model is constructed by repeated applying the
same basic building block (Fig. 4.9). The learned parts of the module are the two convolutions:
1. The expand convolution increases the number of features associated with each (row, column) coordinate.
2. The reduce convolution reduces the number of features associated with (row, column) coordinate.
Through hyperparameter tuning, we found that the best modules have substantially wider expansion layers
than reduction layers, with an optimum ratio of about five expansion features per reduction feature. We can
only speculate as to why this may be the case; though, we note others have used this pattern [339]. We also
note that this finding contradicts the advice of Szegedy et al [412], in which it is argued layer widths should
change gradually and monotonically. The module uses residual connections inspired by He et al. [172], this
being the element-wise addition at the top of the module. However, we must define an approximate identity
function, because the module always changes the layer size or scale. For the in-scale configuration, we simply
trim off a size 1 border in the row and column dimensions, corresponding to a VALID convolution with a
kernel size of 3 and a stride of 1. For the down-scale configuration, we do the same trim, then downscale by
a factor of 2 using average pooling. For the up-scale configuration, we upscale by a factor of 2 using nearest
neighbor interpolation.
Macro-level architecture. The full model is a 33-module-deep neural network, composed of the module
as described (Fig. 4.10). Like U-Net9, there is a direct data path between the input and output in the native
scale. The model is noteworthy in a few ways:
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1. It has a multiscale input, as its input is a set of five concentric squares, where the smallest square is
treated at the highest spatial detail, by the all-purple tower, and the largest square is treated at the lowest
spatial detail, by the tower with red nodes.
2. As in Farabet et al. [126], the activations at the top of each tower are spatially aligned, allowing us to
use a simple width concatenation to merge the towers. But unlike Farabet et al., we learn the upscaling
function, allowing the network to learn the interpolation rule which best fits the task.
3. The function associated with each output node is nearly the same across all output nodes. This is
nearly unheard of in complex deep neural networks. The only break from this invariant is in the
convolution transpose operations in the up-scale nodes. This results in a model that more closely
reflects the position-independent nature of the data, and it allows us to produce model predictions with
a regular 8-pixel stride and no overlap.
The module widths were set such that each module should take roughly the same number of operations
to evaluate, which means that modules get wider as their row and column size decreases. This also implies
that every tower in the lower network takes roughly the same amount of time to evaluate, which is desirable
for avoiding stragglers.
Training loss. For each pixel in each predicted label, the model emits a discrete probability distribution over 256 discretized pixel intensity values. The model losses are calculated as the cross-entropy errors
between the predicted distributions and the true discretized pixel intensity. These cross-entropy losses are
scaled such that a uniform predictor will have an error of 1.0. Each loss is gated by a pixelwise mask associated with each output channel, where the mask indicates on a per-training-datum basis whether a particular
label is provided. By gating the losses in this way, we can build a multihead model on a dataset created by
aggregating all our datasets. The model takes any label-free modality as input and predicts all labels ever
seen. The total loss is the weighted average of the gated losses. We weighted the losses so 50% of the loss
was attributed to error in predicting the fluorescence labels and 50% was attributed to error in autoencoding,
in which we asked the model to predict its own inputs. We found it useful to additionally task the network
with autoencoding because it can help in diagnosing training pathologies.
Training. The model was implemented in TensorFlow14 and trained using 64 worker replicas and eight
parameter servers. Each worker replica had access to 32 virtual CPUs and about 20 GB of RAM. Note, GPUs
would have been more efficient, but we lacked easy access to a large GPU cluster. We used the Adam [218]
optimizer with a learning rate of 10E-4 for 1 week, then reduced the learning rate to 10E-5 for the second and
final week. Though training for 2 weeks (about 10 million steps) was necessary to get the full performance
reported here, the model converges to good predictions within the first day.
Inference. The model is applied in a sliding-window fashion, so to infer a full image, the input images are
broken into patches of size 250⇥250 with a stride of 8, the patches are fed to the network producing outputs
of size 8⇥8, and the outputs are stitched together into the final image. Inferring all labels on a 1024⇥1024
image takes about 256 seconds using 32 CPUs, or about eight thousand CPU seconds, which currently costs
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about $0.01 in a public cloud. The process is parallelizable, so the inference latency can be very low, in
the range of seconds. We do our own inference in parallel using Flume, a Google-internal system similar
to Cloud Dataflow (https://cloud.google.com/dataflow/). The model predicts a probability distribution for
each output pixel, which is useful for analyzing uncertainty. To construct images we take the median of the
predicted distribution for each pixel. We’ve also looked at the mode (too extreme) and mean (too blurry). The
predicted images don’t a priori have the same average brightness as the true images, so we run them through
an additional global normalization step before declaring them final.
Manual identification of model errors. To evaluate a human interpretable metric of similarity between
a pair of predicted and true DAPI label images, we compared manual annotations of cell positions on each
label. First, a panel of three biologists viewed the true DAPI label and identified regions to be excluded where
the cell density was too high to accurately determine the cell centers in the true fluorescence images, meaning
we could not score predictions in those areas. Only a small fraction of cells were excluded (Fig. 4.11), and
the model made plausible (though unscorable) predictions in those regions. Next, cell center coordinates
were manually annotated in the remaining regions on each of the true and predicted DAPI labels. For each
coordinate, a disc shape of fixed diameter approximately the size of a cell was assigned to each annotated
cell center coordinate. We took the annotations on the true label to be the ground truth reference. Following
Coelho et al. [93], one-directional correspondences between objects (disc shapes) in the true and predicted
labels were determined by using maximum area of overlap and the errors were classified into four types:
split, merged, added, and missing. Cells at the edges of the field of view were excluded from these metrics.
We then take the accuracy to be the total number of objects in the true label, less the sum of the four types of
errors, divided by the total number of objects in the true label (Fig. 4.11).
The dead-cell-specific label (propidium iodide) was analyzed in a similar fashion as the nuclear labels,
with the following differences. Masking of high-cell-density regions and removing annotation errors at the
edges was not required. We noted that the predicted dead-cell-specific label often included false positives
that were not in the true label, but after closer inspection of the phase contrast images, many of these false
positives were determined to be true cellular debris that perhaps did not have DNA to be marked by the
true label. Hence, after the annotations on the true and predicted dead-cell-specific label were completed, a
different biologist viewed the input phase contrast images and attempted to reclassify each added error (false
positive) into a correct cellular debris prediction (Fig. 4.12).
Finally, the TuJ1 label also required neither masking of high-cell-density regions nor exclusion of errors
at edges. Here, not only did we repeat the within-person predicted and true label comparison across four
independent biologists, but we also analyzed the consistency of their annotations on the true label to establish a baseline for human agreement. Their four annotations on the true labels yielded 12 unique pairwise
comparisons for evaluating human consistency (for any two annotations, taking each to be the ground truth
in turn yielded two comparisons). We report the mean error rates across both these 12 comparisons and the
four predicted-versus-true comparisons, as well as the unbiased sample standard deviation (Fig. 4.8).
Code reproducibility. The TensorFlow source code and all data, including training, test, and predictions,
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will be made freely available upon paper acceptance.

4.1.5

Supplemental

Tiling: Optimal image stitching parameters
The ability to stitch together a montage of tiled images depended on a variety of factors, including sample
sparsity, imaging modality, number of z-depths and channels, and the overlap between adjacent tiles. On the
data we worked with, we determined that a 300-pixel overlap was sufficient to get robust stitching across most
datasets. This was determined empirically by cropping the tiles smaller and applying the stitching algorithm
until it could no longer successfully stitch together a test set of images.
Dependence of model performance on the number of images in the z-stacks
In this work, we used the full set of 13 transmitted light images in each z-stack (Supplementary Fig. 4.3).
However, it wasnt clear a priori whether the model needs all 13 z-depths. To test this, for each Nz in 1, 2, ..., 13
we trained independent models with Nz input z-depths. To specify which z-depths to provide the model, we
used a fixed ordering of the z-stack images starting at the center plane where most of the cells should be in
focus (z = 6 in a 0-indexed count) and expanding outward along the z axis in steps of two z-depths. For
instance, with this strategy, to select three of the available 13 z-stacks, we would select z-depths 4, 6, and 8.
To measure the performance on a subset of Nz z-depths, we extracted Nz z-depths according to our fixed
z-stack ordering and then trained an independent model on this image subset for four million steps. We then
measured cross entropy loss for fluorescence image prediction on a validation set (Supplementary Fig. 4.17).
Note, the curves in Supplementary Fig. 4.18 show losses for combined prediction of fluorescence labels and
auto-encoding, which tend to be lower.
These experiments suggest that performance improves with the number of input z-depths, but that each
additional image provides less benefit than the last. We do not find this surprising; each additional image
provides additional information the model can learn to use, but eventually performance will saturate.
Limitations
Even with a superhuman machine learning system, in silico labeling (ISL) would not work when the transmitted light z-stack lacks the information needed to predict the labels:
1. Neurites are hard to discern in Condition Blue, so the axon prediction was not very accurate (Supplementary Fig. 4.14).
2. Nuclei are nearly invisible in Condition Violet, so the nuclear prediction was not very localized (Supplementary Fig. 4.15).
3. Motor neurons look like regular neurons, so the predicted motor neuron label (Islet1) was not very
specific to motor neurons (Supplementary Fig. 4.16).
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4.
Thus, all applications of ISL should be validated on a characteristic sample before being trusted on a new
dataset.
Global coherence
The current model uses a cheap approximation to the correct loss function, not the correct loss itself. The
final output of ISL is an image, but the loss we use is over pixels, not images. Thus, the model will attempt
to predict the most likely pixels, and will make each of those predictions independently. This means that
predicted images may lack global coherence; instead of getting clear structures in images, predictions may
produce erroneous averages over several structures. Practically speaking, the problem is most noticeable
for long thin structures like neurites and explains why theyre not always predicted as continuous shapes
(Supplementary Fig. 4.14). The problem could be addressed with existing techniques from machine learning,
e.g. sampling techniques [428] or adversarial models [149].
Comparison to other deep learning models
The proposed model outperformed the DeepLab [81] and U-Net [354] models on this data. To determine
this, we trained those networks and the proposed model on our training data. The proposed model achieved
a lower loss than U-Net, which achieved a lower loss than DeepLab (Supplementary Fig.

4.18). Early

comparisons of the same kind were what drove us to develop a new architecture, rather than rely on existing
architectures.
For each learning rate in [1e-4, 3e-5, 1e-5, 3e-6], each model was trained for at least 10 million steps using
Adam [218], which took around 2 weeks each on a cluster of 64 machines. For each model, we selected
the trained instance with the best error out of the 4 learning rates. For the proposed model, it was 3e-6. For
DeepLab and U-Net it was 1e-5. These 3 trained instances had been continuously evaluated on the training
and validation datasets, producing the training curves shown in the figure.
The DeepLab and U-Net implementations we used were provided by the Vale team at Google, which
maintains internal implementations of common networks, and which created DeepLab. For U-Net, we used
an input size of 321 and a batch size of one. The proposed model had 27 million trainable parameters,
DeepLab had 80 million, and U-Net had 88 million.
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Figure 4.3: Generation of z-stacks of transmitted light images of unlabeled cells. To initially train the network
and to test the predictions of the network, z-stacks of transmitted light images of a given microscope field
were generated by collecting a total of 13 images: one approximately at the focal plane and an additional six
images above and below that plane. In the example shown from Condition Red, the 13 images in a stack were
spaced 0.3 m apart, spanning 3.6 m along the z-axis. The location of each image relative to the central plane
is given in microns by the numbers to left of the images. The outsets illustrate how different planes capture
different information about the sample with some planes providing greater detail about intracellular structure
and others providing more information about neurites and cell morphology. Scale bars are 40 m.
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Figure 4.4: Example images of unlabeled and labeled cells used to train a deep learning network. Each
row is a typical example of labeled and unlabeled images from datasets described in Table 4.2. The first
column is the center image from the z-stack of unlabeled transmitted light images from which the model
makes its predictions. Subsequent columns show fluorescence images of labels that the model will use to
learn correspondences with the unlabeled images and eventually try to predict from unlabeled images. The
numbered outsets show magnified views of subregions of images within a row. The training data are diverse:
sourced from two independent laboratories using four different cell types, six fluorescent labels and both
bright field and phase contrast methods to acquire transmitted light images of unlabeled cells. The scale bars
are 40 m.
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Figure 4.6: Predictions of nuclear labels (DAPI or Hoechst) from unlabeled images. (a) Upper-left-corner
crops of test images from datasets in Table 4.2; please note that images in all figures are small crops from
much larger images and that the crops were not cherry-picked. The first column is the center transmitted
image of the z-stack of images of unlabeled cells used by the model to make its prediction. The second and
third columns are the true and predicted fluorescent labels, respectively. Predicted pixels that are too bright
(false positives) are magenta and those too dim (false negatives) are shown in teal. Condition Red Outset 4
and Condition Yellow Outset 2 shows false negatives. Condition Green Outset 3 and Condition Blue Outset
1 show false positives. Condition Yellow Outsets 3 and 4 and Condition Green Outset 2 show a common
source of error, where the extent of the nuclear label is predicted imprecisely. Other outsets show correct
predictions. Scale bars are 40 µm. (b) The scatter plots compare the true fluorescence pixel intensity to the
model’s predictions, with inset Pearson r values. The solid line is the best linear fit. See Supplementary
Figure 4.19 for a detailed breakdown. Under each scatter plot is a further categorization of the errors and the
percentage of time they occurred. Split is when the model mistakes one cell as two or more cells. Merged is
when the model mistakes two or more cells as one. Added is when the model predicts a cell when there is
none (i.e., a false positive), and missed is when the model fails to predict a cell when there is one (i.e., a false
negative).
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Figure 4.7: Predictions of cell viability from unlabeled live images. The trained model was tested for its
ability to predict cell death, indicated by labeling with propidium iodide staining shown in green. (a) Upperleft-corner crops of cell death predictions on the datasets from Condition Green (Table 4.2). Similarly to
Figure 4.6, the first column is the center phase contrast image of the z-stack of images of unlabeled cells
used by the model to make its prediction. The second and third columns are the true and predicted fluorescent
labels, respectively, shown in green. Predicted pixels that are too bright (false positives) are magenta and those
too dim (false negatives) are shown in teal. The true (Hoechst) and predicted nuclear labels have been added
in blue to the true and predicted images for visual context. Outset 1 in a shows a misprediction of the extent
of a dead cell, and Outset 3 in a shows a true positive adjacent to DNA-free debris which was predicted to
be propidium iodide positive. The other outsets show correct predictions. (b) The scatter plot compares the
true fluorescence pixel intensity to the model’s predictions, with inset Pearson values, on the full Condition
Green test set. The solid line is the best linear fit. See Supplementary Figure 4.20 for a detailed breakdown.
(c) A further categorization of the errors and the percentage of time they occurred. Split is when the model
mistakes one cell as two or more cells. Merged is when the model mistakes two or more cells as one. Added
is when the model predicts a cell when there is none (i.e. a false positive), and missed is when the model fails
to predict a cell when there is one (i.e. a false negative). The scale bars are 40 µm.
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Figure 4.8: Predictions of cell type from unlabeled images. The model was tested for its ability to predict
from unlabeled images which cells are neurons. The neurons come from cultures of induced pluripotent
stem cells differentiated toward the motor neuron lineage but which contain mixtures of neurons, astrocytes,
and immature dividing cells. (a) Upper-left-corner crops of neuron label (TuJ1) predictions, shown in green,
on the Condition Red data (Table 4.2). The unlabeled image that is the basis for the prediction and the
images of the true and predicted fluorescent labels are organized similarly to Figure 4.6. Predicted pixels
that are too bright (false positives) are magenta and those too dim (false negatives) are shown in teal. The true
and predicted nuclear (Hoechst) labels have been added in blue to the true and predicted images for visual
context. Outset 3 in a shows a false positive: a cell with a neuronal morphology that was not TuJ1 positive.
The other outsets show correct predictions. (b) The scatter plot compares the true fluorescence pixel intensity
to the model’s predictions, with inset Pearson values, on the full Condition Red test set. The solid line is
the best linear fit. See Supplementary Figure 4.20 for a detailed breakdown. (c) A further categorization of
the errors and the percentage of time they occurred. The error categories of split, merged, added and missed
are the same as in Figure 4.6. There is an additional ”human vs human” column, showing the expected
disagreement between expert humans predicting which cells were neurons from the true fluorescence image,
treating a random expert’s annotations as ground truth. The scale bars are 40 m.
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Figure 4.9: The repeated module, the basic building block of this deep network model. Data flows from the
bottom to the top, along the indicated edges. Red operations contain variables to be learned, green operations
have no trained variables, and blue operations are batch normalization [189]. This module is parameterized
with three values: the width w, the size of the first convolution kernel k, and the stride s. CEXPAND is a
constant, which we set to 5.41 after hyperparameter tuning. It is used in one of three configurations: (1) in
the in-scale configuration, k = 3 and s = 1; (2) in the down-scale configuration, k = 4 and s = 2; (3) in the
up-scale configuration, k = 4, s = 2, the max pool is dropped, and the expand convolution is replaced with a
transposed convolution11, followed by a center crop to make the convolution transpose more space invariant.
In this crop, activations within two rows or columns of the border are discarded. All convolutions and the
max pooling are VALID, meaning they don’t use any imputed missing activation values.
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Figure 4.10: The deep neural network, the full statistical model used for label prediction. The rectangles
and hexagons are the network modules: the rectangles are in-scale, the hexagons with flat bottoms are downscale, and the hexagons with flat tops are up-scale. The octagons at the bottom are raw pixels read from
the unlabeled image stack, and the octagons at the top are model heads, from which the predicted patches
are derived for each fluorescent label. The colors correspond to the spatial scale of each particular module.
Purple is the native scale, blue is 2⇥ downscale, green is 4⇥ downscale, orange is 8⇥ downscale, and red
is 16⇥ downscale. The top number in each module is the number of rows and columns of its output layer.
The bottom two numbers are the widths of the modules expansion and reduction layers, respectively. The
network reads from a concentric set of five square patches, ranging in size from 72⇥72 pixels to 250⇥250
pixels, processes each one independently, merges them, does more processing, then predicts a number of 8⇥8
patches.
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Figure 4.11: Sample manual error annotations for the nuclear label (DAPI) prediction task on the Condition
Green data. The unlabeled image that is the basis for the prediction and the images of the true and predicted fluorescent labels are organized similarly to Figure 4.6, but the fourth column instead displays manual
annotations. Merge errors are shown as red dots, add errors are shown as light blue dots, and miss errors
are shown as pink dots. There are no split errors. All other dots indicate agreement between the true and
predicted labels. Outset 1 shows an add error in the upper left, a miss error in the center, and six correct
predictions. Outset 2 shows a merge error. Outset 4 shows an add error and four correct predictions. Outset
3 shows one correct prediction, and a cell clump excluded from consideration because the human annotators
could not determine where the cells are in the true label image. The scale bars are 40 µm.
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Figure 4.12: Sample manual error annotations for the cell death label (propidium iodide) prediction task on
the Condition Green data. The unlabeled image that is the basis for the prediction and the images of the true
and predicted fluorescent labels are organized similarly to Figures 4.6 and 4.7, but the fourth column instead
displays manual annotations, and the true and predicted nuclear (DAPI) labels have been added for visual
context. Merge errors are shown as red dots, add errors are shown as light blue dots, miss errors are shown
as pink dots, and add errors which were reclassified as correct debris predictions are shown as yellow dots.
There are no split errors. Outset 2 shows an add error at the bottom and a reclassified add error shown at top.
The top error was reclassified because of the visible debris in the phase contrast image. Outset 5 shows an
add error at the top and a reclassified add error at the left. Outset 7 shows a reclassified add error. Outset 8
shows a merge error at the top and a reclassified add error at the bottom. All other dots in the outsets show
correct predictions. Note, the dead cell on the left in Outset 3 is slightly positive for the true death label,
though it is very dim. The scale bars are 40 µm.
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Figure 4.13: Machine learning workflow for model development. (a) Example z-stack of transmitted light
images with five colored squares showing the models multiscale input. The squares range in size, increasing
approximately from 72⇥72 pixels to 250⇥250 pixels, and they are all centered at the same fixation point.
Each square is cropped out of the transmitted light image from the z-stack and input to the model component
of the same color in b. (b) Simplified model architecture. The model is composed of six serial sub-networks
(towers) and one or more pixel-distribution-valued predictors (heads). The first five towers process information at one of five spatial scales and bring the information into spatial alignment at the native spatial scale.
The sixth and last tower processes the aligned information. (c) Predicted images at an intermediate stage of
image prediction. The model has already predicted pixels to the upper left of its fixation point, but hasn’t yet
predicted pixels for the lower right part of the image. The input and output fixation points are kept in lockstep
and are scanned in raster order to produce the full predicted images.
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Figure 4.14: Predictions of neurite type from unlabeled images. (a) Upper-left-corner crops of dendrite
(MAP2) and axon (neurofilament) label predictions on the Conditions Yellow and Blue datasets. The unlabeled image that is the basis for the prediction and the images of the true and predicted fluorescent labels
are organized similarly to Figure 4.6. Predicted pixels that are too bright (false positives) are magenta and
those too dim (false negatives) are shown in teal. The true and predicted nuclear (DAPI) labels have been
added to the true and predicted images in blue for visual context. Outset 4 for the axon label prediction task
in Condition Yellow shows a false positive, where an axon label was predicted to be brighter than it actually
was. Outset 1 for the dendrite label prediction task in Condition Blue shows a false negative, where a dendrite
was predicted to be an axon. Outset 4 in the same row shows an error in which the model underestimates
the extent and brightness of the dendrite label. Outsets 1,2 for the axon label prediction task in Condition
Blue are false negatives, where the model underestimated the brightness of the axon labels. All outsets in this
row show the model does a poor job predicting fine axonal structures in Condition Blue. All other outsets
show correct predictions. Scale bars are 40 m. (b) Pixel intensity scatter plots and the calculated Pearson
coefficients for the correlation between the intensity of the actual label for each pixel and the predicted label.
See Supplementary Figure 4.20 for a detailed breakdown.
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Figure 4.15: An evaluation of the ability of the trained network to exhibit transfer learning. (a) Upper-leftcorner crops of nuclear (DAPI) and foreground (CellMask) label predictions on the Condition Violet dataset,
representing 9% of the full image. The unlabeled image used for the prediction and the images of the true
and predicted fluorescent labels are organized similarly to Figure 4.6. Predicted pixels that are too bright
(false positives) are magenta and those too dim (false negatives) are shown in teal. In the second row, the
true and predicted nuclear labels have been added to the true and predicted images in blue for visual context.
Outset 2 for the nuclear label task shows a false negative in which the model entirely misses a nucleus below
a false positive in which it overestimates the size of the nucleus. Outset 3 for the same row shows the model
underestimate the sizes of nuclei. Outsets 3,4 for the foreground label task show prediction artifacts; Outset
3 is a false positive in a field that contains no cells, and Outset 4 is a false negative at a point that is clearly
within a cell. All other outsets show correct predictions. The scale bars are 40 m. (b) Pixel intensity scatter
plots and the calculated Pearson coefficients for the correlations between the pixel intensities of the actual
and predicted label. Although very good, the predictions have visual artifacts such as clusters of very dark
or very bright pixels (e.g., boxes 3 and 4, second row). These may be a product of a paucity of training data.
See Supplementary Figure 4.21 for a detailed breakdown.
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Figure 4.16: Predictions of neuron subtype from unlabeled images. (a) Upper-left-corner crops of motor
neuron label (Islet1) predictions for Condition Red dataset. The unlabeled image that is the basis for the
prediction and the images of the true and predicted fluorescent labels are organized similarly to Figure 4.6,
but in the first row the true and predicted nuclear (DAPI) labels have been added to the true and predicted
images in blue for visual context, and in the second row the true and predicted neuron (TuJ1) labels were
added. Outset 1 shows a false positive, in which a neuron was wrongly predicted to be a motor neuron.
Outset 4 shows a false negative above a false positive. The false negative is a motor neuron that was predicted
to be a non-motor neuron, and the false positive is a non-motor neuron that was predicted to be a motor
neuron. The two other outsets show correct predictions. The scale bars are 40 m. (b) Pixel intensity scatter
plots and the calculated Pearson coefficients for the correlation between the intensity of the actual label for
each pixel and the predicted label. See Supplementary Figure 4.21 for a detailed breakdown.
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Figure 4.17: Dependence of model performance on the number of images in the transmitted light z-stack.
The x-axis is the number of images in the model input. The y-axis is the cross entropy loss on fluorescence
label prediction on a validation set. Each dot is the loss of a single model after training for 4 million steps
with the optimal learning rate of 3e-6. Two models were trained for each configuration, yielding 26 dots.
The curve is the degree 5 polynomial which best fits the data under the least squares loss. The more distinct
z-depths provided to the model, the better it performs.
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Figure 4.18: Comparison of the proposed model to DeepLab and U-Net. The curves show cross entropy
loss on the training and validation data, as a function of the number of training steps. The proposed model
achieved a lower loss than U-Net, which achieved a lower loss than DeepLab. All models were trained for at
least 10 million steps, which took around 2 weeks per model training on a cluster of 64 machines.
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Figure 4.19: Breakdown of scatter plots from Figure 4.6. Each subfigure shows the original scatter plot,
along with scatter plots restricted to true / predicted pixel pairs where the true intensity is above the indicated
threshold. These additional plots help explain how well the model can predict the intensity of a pixel, given
the true pixel intensity is above a certain level. (a) Condition Red. There were no true pixels with intensity >
0.8 for this condition. (b) Condition Yellow. (c) Condition Green. (d) Condition Blue.
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Figure 4.20: Breakdown of scatter plots from Figures 4.7 and 4.8 and Supplementary Figure 4.14 in the
same style as Supplementary Figure 4.19. (a) Figure 4.7. (b) Figure 4.8. (c) Supplementary Figure 4.14.
The first row is Condition Yellow, MAP2 prediction. The second row is Condition Yellow, Neurofilament prediction. The third row is Condition Blue, MAP2 prediction. The fourth row is Condition Blue, Neurofilament
prediction.
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Figure 4.21: Breakdown of scatter plots from Supplementary Figures 4.3 and 4.9 in the same style as
Supplementary Figure 4.19. (a) Supplementary Figure 4.15. The first row is DAPI prediction. The second
row is CellMask prediction. (b) Supplementary Figure 4.16.
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Dermatologist-level Classification of Skin Cancer with Deep Neural Networks

Skin cancer - the most common human malignancy [1] [352] [401] - is primarily diagnosed visually, beginning with an initial clinical screening, followed potentially by dermoscopic analysis, a biopsy, and histopathological examination. Automated classification of skin lesions using images is a challenging task due to the
fine-grained variability of skin lesion appearance. Deep convolutional neural networks (CNN) [246] [248]
show great promise for general and highly variable tasks over many fine-grained object categories [361]
[233] [189] [410] [411] [171]. Here we show classification of skin lesions using a single CNN, trained endto-end directly from images using only their pixels and disease labels as inputs. We train a CNN on a dataset
of 129,450 clinical images - two orders of magnitude larger than previous datasets [275] - consisting of
2,032 different diseases. We test its performance against 21 board-certified dermatologists on biopsy-proven
clinical images with two critical use cases: binary classification of (1) malignant carcinomas versus benign
seborrheic keratoses, and (2) malignant melanomas versus benign nevi. Case (1) represents the identification
of the most common cancers, and case (2) represents identification of the deadliest skin cancer. The CNN
achieves performance on par with all tested experts across both tasks, demonstrating, for the first time, an
artificial intelligence with dermatologist-level skin cancer classification capability. It is projected that 6.3 billion smartphone subscriptions will exist by the year 2021 [77]. Outfitted with deep neural networks, mobile
devices can extend the reach of dermatologists outside of the clinic, and enable low-cost universal access to
vital diagnostic care.
There are 5.4 million new cases of skin cancer each year in the United States [352]. One in five Americans
will be diagnosed with a cutaneous malignancy in their lifetime. While melanomas represent fewer than 5%
of all skin cancers in the United States, they account for approximately 75% of all skin cancer-related deaths,
and are responsible for over 10,000 deaths annually in the United States alone. Early detection is critical the estimated 5-year survival rate of melanoma drops from 97% if detected in its earliest stages to 14% if
detected in its latest stages. The key contribution of this work is a computational method which may allow
medical practitioners and patients to proactively track skin lesions and detect cancer earlier. By creating a
novel disease taxonomy and partitioning algorithm which map individual diseases into training classes, we
build a deep learning system for automated dermatology.
Prior work in dermatological computer-aided classification [275] [356] [60] has lacked the generalization
capability of medical practitioners due to insufficient data and a focus on standardized tasks such as dermoscopy [219] [91] [156] and histology image classification [37] [279] [90] [374]. Dermoscopy images are
acquired via a specialized instrument and histology images are acquired via invasive biopsy and microscopy;
both modalities yield highly standardized images. Photographic images (e.g. smartphone images) exhibit
variability in zoom, angle, lighting, etc, making classification significantly more challenging [337] [22]. We
overcome this challenge using a data-driven approach - 1.41 million pre-training and training images make it
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robust to photographic variability. Many former techniques require extensive preprocessing, lesion segmentation, and extraction of domain-specific visual features prior to classification. In contrast, our system requires
no hand-crafted features - it is trained end-to-end directly from image labels and raw pixels, with a single
network for both photographic and dermoscopic images. The existing body of work uses small datasets of
typically less than a thousand skin lesion images [156] [219] [37] that, as a result, do not generalize well to
new images. We demonstrate generalizable classification with a new dermatologist-labeled dataset of 129,450
clinical images, including 3,374 dermoscopy images.
Deep learning algorithms, powered by advances in computation and extremely large datasets [102], have
recently been shown to exceed human performance at visual AI tasks such as Atari game playing [292],
strategic board games like Go [387], and object recognition6. In this paper we outline the development of a
CNN that matches the performance of dermatologists at three key diagnostic tasks: melanoma classification,
melanoma classification using dermoscopy, and carcinoma classification. We restrict comparison to imagebased classification.
We utilize a GoogleNet Inception-v3 CNN architecture [410] pretrained on 1.28 million images (1,000
object categories) from the 2014 ImageNet Large Scale Visual Recognition Challenge6, and train it on our
dataset using transfer learning [318]. Figure 5.1 demonstrates the working system.

Figure 5.1: Deep convolutional neural network layout. Our classification technique is a deep convolutional
neural network (CNN). Data flow is from left to right: an image of a skin lesion (e.g. melanoma) is sequentially warped into a probability distribution over clinical classes of skin disease using Googles Inception-v3
CNN architecture pretrained on the ImageNet dataset (1.28 million images over 1000 generic object classes)
and fine-tuned on our own dataset of 129,450 skin lesions comprised of 2,032 different diseases. 757 training
classes are defined using a novel taxonomy of skin disease and a partitioning algorithm that maps diseases
into training classes (e.g. acrolentiginous melanoma, amelanotic melanoma, lentigo melanoma). Inference
classes are more general and are composed of one or more training classes (e.g. malignant melanocytic
lesions - the class of melanomas). The probability of an inference class is calculated by summing the probabilities of the training classes according to taxonomy structure.
** Inception-v3 CNN architecture reprinted from https://research.googleblog.com/2016/03/train-your-ownimage-classifier-with.html
The CNN is trained using 757 disease classes. Our dataset is composed of dermatologist-labeled images
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organized in a novel tree-structured taxonomy of 2,032 diseases, where the individual diseases form the
leaf nodes. The images come from 18 different clinician-curated, open-access online repositories, as well
as clinical data from Stanford Hospital and Clinics. Figure 5.2(a) shows a subset of the full taxonomy,
which has been organized clinically and visually by medical experts. We split our dataset into 127,463
training/validation images, and 1,942 biopsy-labeled test images.
To take advantage of fine-grained information contained in the taxonomy structure, we develop an algorithm (Table 5.6) to partition diseases into fine-grained training classes (e.g. amelanotic melanoma and
acrolentiginous melanoma). During inference, the CNN outputs a probability distribution over these fine
classes. To recover the probabilities for coarser-level classes of interest (e.g. melanoma), we sum the probabilities of their descendants. See Methods and Extended Data Figure 5.1 for more details.

Figure 5.2: A schematic illustration of the taxonomy and example test set images. a. A subset of the top
of the tree-structured taxonomy. The full taxonomy contains 2,032 diseases and is organized based on visual
and clinical similarity of diseases. Red indicates malignant, green indicates benign, and orange indicates
conditions that can be either. Black is melanoma. The first two levels of the taxonomy are used in validation.
Testing is restricted to the tasks of b. b. Example test set images highlight the difficulty of malignant vs benign
discernment for the three medically-critical classification tasks we consider: epidermal lesions, melanocytic
lesions, and melanocytic lesions visualized with a dermoscope.
We validate the algorithms effectiveness in two ways, using nine-fold cross validation. First, we validate
with a three-class disease partition - the level-1 nodes of the taxonomy - representing benign lesions, malignant lesions, and non-neoplastic lesions. Here the CNN achieves 72.1±0.9% overall accuracy (the average of
individual inference class accuracies) and two dermatologists attain 65.56% and 66.0% accuracy on a subset
of the validation set. Second, we validate with a nine-class disease partition - the level-2 nodes - such that the
diseases of each class have similar medical treatment plans. The CNN achieves 55.4 ± 1.7% overall accuracy
whereas the same two dermatologists attain 53.3% and 55.0% accuracy. A CNN trained on a finer disease
partition performs better than one trained directly on three or nine classes (see Table 2), demonstrating the
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effectiveness of our partitioning algorithm. Since validation set images are labeled by dermatologists but not
necessarily biopsy-proven, this metric is inconclusive, and instead shows that the CNN is learning relevant
information.
For conclusiveness, we test our algorithm and dermatologists using strictly biopsy-proven images on
medically significant use cases: distinguishing malignant versus benign (1) epidermal lesions (malignant carcinoma vs benign seborrheic keratosis) and (2) melanocytic lesions (malignant melanoma vs benign nevi).
For (2), we display two trials, one using standard images and the other using dermoscopy images, which
reflect two steps that a dermatologist might pursue to obtain a clinical impression. The same CNN is used
across all three tasks. Figure 5.2(b) shows a few example images, demonstrating the difficulty in distinguishing between malignant and benign lesions, which share many visual features. Our comparison metrics are
sensitivity and specificity (SS):

TP
P
TN
specificity =
N
sensitivity =

where T P (true positives) is the number of correctly predicted malignant lesions, P is the number of
malignant lesions shown, T N (true negatives) is the number of correctly predicted benign lesions, and N is
the number of benign lesions shown. When a test set is fed through the CNN, it outputs a probability, p,
of malignancy, per image. We can compute the sensitivity and specificity of these probabilities by choosing
a threshold probability t such that the prediction y for each image is given by y = p > t. Varying t in the
interval [0, 1] generates a curve of sensitivities and specificities that the CNN can achieve.
Figure 5.4(a) shows a direct performance comparison between the CNN and over 21 board-certified dermatologists on epidermal and melanocytic lesion classification. For each image the dermatologists are asked
whether to biopsy/treat the lesion or reassure the patient. Each red point on the plots represents the SS of a
single dermatologist. The CNN outperforms any dermatologist whose SS point falls below the CNNs blue
curve - most do. The green points represents the average dermatologist (average SS of all red points), with
error bars denoting one standard deviation. The area-under-the-curve (AUC) for each case is over 91%. The
data for this comparison (135 epidermal, 130 melanocytic, and 111 melanocytic-dermoscopy images) are
sampled from the full test sets. Plotted in Figure 5.4(b) are the SS curves for our entire test set of biopsylabeled images comprised of 707 epidermal, 225 melanocytic, and 1,010 melanocytic-dermoscopy images.
From Figure 5.4(a) to Figure 5.4(b) we observe negligible changes in AUC (< 0.03), validating the reliability
of our results on a larger dataset. In a separate analysis with similar results (see below) dermatologists are
asked if they believe a lesion is malignant or benign.
Using t-SNE [262], we examine in Figure 5.5 the internal features learned by the CNN. Each point represents a skin lesion image projected from the 2048-dimensional output of the CNNs last hidden layer into two
dimensions. We see clusters of points of the same clinical classes - insets show images of different diseases.
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Figure 5.3: General Validation Results Here we show ninefold cross-validation classification accuracy with
127,463 images organized in two different strategies. In each fold, a different ninth of the dataset is used
for validation, and the rest is used for training. Reported values are the mean and standard deviation of
the validation accuracy across all n = 9 folds. These images are labelled by dermatologists, not necessarily
through biopsy; meaning that this metric is not as rigorous as one with biopsy-proven images. Thus we only
compare to two dermatologists as a means to validate that the algorithm is learning relevant information. a,
Three-way classification accuracy comparison between algorithms and dermatologists. The dermatologists
are tested on 180random images from the validation set 60 per class. The three classes used are first-level
nodes of our taxonomy. A CNN trained directly on these three classes also achieves inferior performance to
one trained with our partitioning algorithm (PA). b, Nine-way classification accuracy comparison between
algorithms and dermatologists. The dermatologists are tested on 180 random images from the validation set
20 per class. The nine classes used are the second-level nodes of our taxonomy. A CNN trained directly on
these nine classes achieves inferior performance to one trained with our partitioning algorithm. c, Disease
classes used for the three-way classification represent highly general disease classes. d, Disease classes used
for nine-way classification represent groups of diseases that have similar aetiologies.
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Figure 5.4: Skin cancer classification performance of the CNN and dermatologists. a, The deep learning CNN outperforms the average of the dermatologists at skin cancer classification using photographic and
dermoscopic images. Our CNN is tested against at least 21dermatologists at keratinocyte carcinoma and
melanoma recognition. For each test, previously unseen, biopsy-proven images of lesions are displayed, and
dermatologists are asked if they would: biopsy/treat the lesion or reassure the patient. Sensitivity, the true
positive rate, and specificity, the true negative rate, measure performance. A dermatologist outputs a single
prediction per image and is thus represented by a single red point. The green points are the average of the
dermatologists for each task, with error bars denoting one standard deviation (calculated from n = 25, 22 and
21 tested dermatologists for keratinocyte carcinoma, melanoma and melanoma under dermoscopy, respectively). The CNN outputs a malignancy probability P per image. We fix a threshold probability t such that
the prediction y̆ for any image is y̆ = P t, and the blue curve is drawn by sweeping t in the interval 01. The
AUC is the CNNs measure of performance, with a maximum value of 1. The CNN achieves superior performance to a dermatologist if the sensitivityspecificity point of the dermatologist lies below the blue curve,
which most do. Epidermal test: 65 keratinocyte carcinomas and 70 benign seborrheic keratoses. Melanocytic
test: 33 malignant melanomas and 97 benign nevi. A second melanocytic test using dermoscopic images is
displayed for comparison: 71 malignant and 40 benign. The slight performance decrease reflects differences
in the difficulty of the images tested rather than the diagnostic accuracies of visual versus dermoscopic examination. b, The deep learning CNN exhibits reliable cancer classification when tested on a larger dataset. We
tested the CNN on more images to demonstrate robust and reliable cancer classification. The CNNs curves
are smoother owing to the larger test set.
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Figure 5.5: t-SNE visualization of the last hidden layer representations in the CNN for four disease
classes. Here we show the CNNs internal representation of four important disease classes by applying tSNE, a method for visualizing high-dimensional data, to the last hidden layer representation in the CNN of the
biopsy-proven photographic test sets (932 images). Coloured point clouds represent the different disease categories, showing how the algorithm clusters the diseases. Insets show images corresponding to various points.
Images reprinted with permission from the Edinburgh Dermofit Library (https://licensing.eri.ed.ac.uk/i/
Basal and squamous cell carcinomas are split across the malignant epidermal point cloud. Melanomas lie in
the center, in contrast to nevi, on the right. Similarly, seborrheic keratoses lie across from their malignant
counterparts.
Here we demonstrate the effectiveness of deep learning in dermatology - a technique which we apply
to both general skin conditions and specific cancers. Using a single convolutional neural network trained at
general skin lesion classification, we match the performance of over 21 tested dermatologists across three
critical diagnostic tasks: carcinoma classification, melanoma classification, and melanoma classification under dermoscopy. This fast, scalable method will be deployable on mobile devices and holds the potential
for significant clinical impact, including broadening the scope of primary care practice and augmenting clinical decision-making for dermatology specialists. Further research is necessary to evaluate performance in
a real-world, clinical setting to validate this technique across the full distribution and spectrum of lesions
encountered in typical practice. Acknowledging that a dermatologists clinical impression and diagnosis is
based on contextual factors beyond visual and dermoscopic inspection of a lesion in isolation, the ability to
classify skin lesion images with the accuracy of a board-certified dermatologist has the potential to dramatically expand access to vital medical care. This method is primarily constrained by data and can classify
many visual conditions if sufficient training examples exist. Deep learning is agnostic to the type of image
data used and could be adapted to other specialties, including ophthalmology, otolaryngology, radiology, and
pathology.
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Datasets

Our dataset comes from a combination of open-access dermatology repositories, the ISIC Dermoscopic
Archive, the Edinburgh Dermofit Library [374], and data from the Stanford Hospital. The images from
the online open-access dermatology repositories are annotated by dermatologists, not necessarily through
biopsy. The ISIC Archive data used is composed strictly of melanocytic lesions that are biopsy-proven and
annotated as malignant or benign. The Edinburgh Dermofit Library and data from the Stanford Hospital are
biopsy-proven and annotated by individual disease names (i.e. actinic keratosis). In our test sets, melanocytic
lesions include malignant melanomas - the deadliest skin cancer - and benign nevi. Epidermal lesions include
malignant basal and squamous cell carcinomas, intraepithelial carcinomas, pre-malignant actinic keratosis,
and benign seborrheic keratosis.

5.1.2

Taxonomy

Our taxonomy represents 2,032 individual diseases arranged in a tree structure with its three root nodes
representing general disease classes: (1) benign lesions, (2) malignant lesions, and (3) non-neoplastic lesions
(Figure 5.2(b)). It was derived by dermatologists using a bottom-up procedure: individual diseases, initialized
as leaf nodes, were merged based on clinical and visual similarity, until the entire structure was connected.
This aspect of the taxonomy makes it useful in generating training classes that are both well-suited for machine learning classifiers and medically relevant. The root nodes are used in the first validation strategy and
represent the most general partition. The children of the root nodes (i.e. malignant melanocytic lesions) are
used in the second validation strategy, and represent disease classes that have similar clinical treatment plans.

5.1.3

Data Preparation

Blurry images and far-away images were removed from the test and validation sets, but still used in training.
Our dataset contains sets of images corresponding to the same lesion but from multiple viewpoints, or multiple images of similar lesions on the same person. While this is useful training data, extensive care was taken
to ensure that these sets were not split between the training and validation sets. Using image EXIF metadata,
repository specific information, and nearest neighbor image retrieval with CNN features, we created an undirected graph connecting any pair of images that were determined to be similar. Connected components of
this graph were not allowed to straddle the train/validation split and were randomly assigned to either train or
validation. The test sets all came from independent, high-quality repositories of biopsy-proven images - the
Stanford Hospital, the University of Edinburgh Dermofit Image Library, and the ISIC Dermoscopic Archive.
No overlap (i.e. same lesion multiple viewpoints) exists between the test sets and the training/validation data.

5.1.4

Sample Selection

The epidermal, melanocytic, and melanocytic-dermoscopic tests of Figure 5.4(a) used 135 (65 malignant,
70 benign), 130 (33 malignant, 97 benign), and 111 (71 malignant, 40 benign) images, respectively. Their
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counterparts of Figure 5.4b used 707 (450 malignant, 257 benign), 225 (58 malignant, 167 benign), and 1010
(88 malignant, 922 benign) images, respectively. The number of images used for Figure 5.4(b) was based
on the availability of biopsy-labeled data (i.e. malignant melanocytic lesions are exceedingly rare compared
to benign melanocytic lesions). These numbers are statistically justified by the standards of the ILSVRC
computer vision challenge [361], which has 50-100 images per class for validation and test sets. For (a), 140
images were randomly selected from each set of (b), and a non-tested dermatologist (blinded to diagnosis)
removed any images of insufficient resolution (while the network accepts 299 x 299 image inputs, humans
require larger images for clarity).

5.1.5

Disease Partitioning Algorithm

The algorithm that partitions the individual diseases into training classes is outlined more formally in Figure
5.6. It is a recursive algorithm, designed to leverage the taxonomy to generate training classes whose individual diseases are clinically and visually similar. The algorithm forces the average generated training class size
to be slightly less than its only hyperparameter, maxClassSize. Together these components strike a balance
between (1) generating training classes that are overly-fine grained and dont have sufficient data to be learned
properly, (2) generating training classes that are too coarse, too data abundant, and bias the algorithm towards
them. With maxClassSize = 1000 this algorithm yields a disease partition of 757 classes. All training classes
are descendants of inference classes.

5.1.6

Training Algorithm

We use Googles Inception-v3 CNN architecture pre-trained to 93.33% top-5 accuracy on the 1000 object
classes (1.28M images) of the 2014 ImageNet Challenge following Szegedy et al. [411]. We then remove the
final classification layer from the network and retrain it with our dataset, fine-tuning the parameters across
all layers. During training we resize each image to 299 x 299 pixels in order to make it compatible with the
original dimensions of the Inception-v3 network architecture and leverage the natural-image features learned
by the ImageNet pretrained network. This procedure, known as transfer learning, is optimal given the amount
of data available.
Our CNN is trained using backpropagation. All layers of the network are fine-tuned using the same
global learning rate of 0.001 and a decay factor of 16 every 30 epochs. We use RMSProp with decay of
0.9, momentum of 0.9, and epsilon of 0.1. We use Googles TensorFlow30 deep learning framework to train,
validate, and test our network. During training, images are augmented by a factor of 720. Each image is
rotated randomly between 0 and 359 degrees. The largest upright inscribed rectangle is then cropped from
the image, and is flipped vertically with a probability of 1/2.
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Figure 5.6: Disease-partitioning algorithm. This algorithm uses the taxonomy to partition the diseases into
fine-grained training classes. We find that training on these finer classes improves the classification accuracy
of coarser inference classes. The algorithm begins with the top node and recursively descends the taxonomy
(line 19), turning nodes into training classes if the amount of data contained in them (with the convention that
nodes contain their children) does not exceed a specified threshold (line 15). During partitioning, the recursive property maintains the taxonomy structure, and consequently, the clinical similarity between different
diseases grouped into the same training class. The data restriction (and the fact that training data are fairly
evenly distributed amongst the leaf nodes) forces the average class size to be slightly less than maxClassSize.
Together these components generate training classes that leverage the fine-grained information contained in
the taxonomy structure while striking a balance between generating classes that are overly fine-grained and
do not have sufficient data to be learned properly, and classes that are too coarse, too data abundant and that
prevent the algorithm from properly learning less data-abundant classes. With maxClassSize = 1, 000 this
algorithm yields 757 training classes.

5.1.7

Inference Algorithm

We follow the convention that each node contains its children. Each training class is represented by a node in
the taxonomy, and subsequently, all descendants. Each inference class is a node which has as its descendants
some set of training nodes. An illustrative example is shown in Figure 5.7, with red nodes as inference classes
and green nodes as training classes.
Given an input image, the CNN outputs a probability distribution over the training nodes. Probabilities
over the taxonomy follow:
P(u) =

Â

P(v)

(5.1)

v2C(u)

Where u is any node, P(u) is the probability of u, and C(u) are the child nodes of u. Thus to recover
the probability of any inference node we simply sum the probabilities of its descendant training nodes. Note
that in the validation strategies all training classes are summed into inference classes. However in the binary
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Figure 5.7: Procedure for calculating inference class probabilities from training class probabilities.
Illustrative example of the inference procedure using a subset of the taxonomy and mock training/inference
classes. Inference classes (for example, malignant and benign lesions) correspond to the red nodes in the
tree. Training classes (for example, amelanotic melanoma, blue nevus), which were determined using the
partitioning algorithm with maxClassSize = 1, 000, correspond to the green nodes in the tree. White nodes
represent either nodes that are contained in an ancestor nodes training class or nodes that are too large to be
individual training classes. The equation represents the relationship between the probability of a parent node,
u, and its children, C(u); the sum of the child probabilities equals the probability of the parent. The CNN
outputs a distribution over the training nodes. To recover the probability of any inference node it therefore
suffices to sum the probabilities of the training nodes that are its descendants. A numerical example is shown
for the benign inference class: Pbenign = 0.6 = 0.1 + 0.05 + 0.05 + 0.3 + 0.02 + 0.03 + 0.05.
classification cases, the images in question are known to be either melanocytic or epidermal and so we utilize
only the training classes which are descendants of either melanocytic or epidermal.

5.1.8

Confusion Matrices

Figure 5.8 shows the confusion matrix of our method over the nine classes of the second validation strategy
(Figure 5.3(d)) in comparison to the two tested dermatologists.
This demonstrates the misclassification similarity between the CNN and human experts. Element (i, j)
of each confusion matrix represents the empirical probability of predicting class j given that the ground truth
was class i. Classes 7 and 8 - benign and malignant melanocytic lesions - are often confused for each other.
Many images are mistaken as class 6, the inflammatory class, due to the high variability of diseases in this
category. Note how easily malignant dermal tumors are confused for other classes, by both the CNN and
dermatologists. They are essentially nodules under the skin that are challenging to visually diagnose.
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Figure 5.8: Confusion matrix comparison between CNN and dermatologists. Confusion matrices for the
CNN and both dermatologists for the nine-way classification task of the second validation strategy reveal
similarities in misclassification between human experts and the CNN. Element (i, j) of each confusion matrix
represents the empirical probability of predicting class j given that the ground truth was class i, with i and j
referencing classes from Extended Data Table 2d. Note that both the CNN and the dermatologists noticeably
confuse benign and malignant melanocytic lesionsclasses 7 and 8with each other, with dermatologists erring
on the side of predicting malignant. The distribution across column 6inflammatory conditionsis pronounced
in all three plots, demonstrating that many lesions are easily confused with this class. The distribution across
row 2 in all three plots shows the difficulty of classifying malignant dermal tumours, which appear as little
more than cutaneous nodules under the skin. The dermatologist matrices are each computed using the 180images from the nine-way validation set. The CNN matrix is computed using a random sample of 684images
(equally distributed across the nine classes) from the validation set.

5.1.9

Saliency Maps

To visualize the pixels that a network is fixating on for its prediction, we generate saliency maps, shown in
Figure 5.9, for example images of the nine classes of Table 5.3(d). Backpropagation is an application of the
chain rule of calculus to compute loss gradients for all weights in the network. The loss gradient can also
be backpropagated to the input data layer. By taking the L1 norm of this input layer loss gradient across the
RGB channels, the resulting heat map intuitively represents the importance of each pixel for diagnosis. As
can be seen, the network fixates most of its attention on the lesions themselves and ignores background and
healthy skin.

5.1.10

Sensitivity-Specificity Curves with different question

In the main text we compare our CNNs SS to that of over 21 dermatologists on the three diagnostic tasks
of Figure 5.4. In that analysis each dermatologist was asked if they would (a) biopsy/treat the lesion, or (b)
reassure the patient. This choice of question reflects the actual in-clinic task that dermatologists must perform
- deciding whether or not to continue medically analyzing a lesion. A similar question to ask a dermatologist,
though less clinically relevant, is if they believe a lesion is (a) malignant, or (b) benign. The results of this
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Figure 5.9: Saliency maps for nine example images from the second validation strategy. Saliency maps
for example images from each of the nine clinical disease classes of the second validation strategy reveal
the pixels that most influence a CNNs prediction. Saliency maps show the pixel gradients with respect to
the CNNs loss function. Darker pixels represent those with more influence. We see clear correlation between the lesions themselves and the saliency maps. Conditions with single lesions - a, b, c, d, e, f - tend
to exhibit tight saliency maps centered around the lesions themselves. Conditions with spreading lesions g, h, i - exhibit saliency maps that similarly occupy multiple points of interest in the images. (a) malignant
melanocytic lesion (b) malignant epidermal lesion (c) malignant dermal lesion (d) benign melanocytic lesion (e) benign epidermal lesion (f) benign dermal lesion (g) inflammatory condition (h) genodermatosis (i)
cutaneous lymphoma.
analysis are shown in Figure 5.10. As in the main Figure 5.4, the CNN is on par with the performance of the
dermatologists and outperforms the average. In the epidermal lesions test, the CNN is just above one standard
deviation above the average dermatologist, and in both melanocytic lesion tests the CNN is just below one
standard deviation above the average dermatologist.
Use of human subjects
All human subjects were board-certified dermatologists that took our tests under informed consent. This
study was approved by the Stanford Institutional Review Board, under trial registration number 36050.
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Figure 5.10: Extension of Figure 3 with a different dermatological question. a. Identical plots and results
to Figure 3(a), except that dermatologists are asked if a lesion appears (a) malignant, or (b) benign. This is a
somewhat unnatural question to ask - in-clinic, the only actionable decision is whether or not to biopsy/treat a
lesion. The blue curves for the CNN are identical to Figure 3. b. Figure 3(b) reprinted for visual comparison
to a.

5.1.11

Data Availability Statement

The medical test sets that support the findings of this study are available from the ISIC Archive (https://isicarchive.com/) and the Edinburgh Dermofit Library (https://licensing.eri.ed.ac.uk/i/software/dermofit-imagelibrary.html). Restrictions apply to the availability of the medical training/validation data, which were used
under permission for the current study, and so are not publicly available. Some data may be available from
the authors upon reasonable request and with permission of the Stanford Hospital.
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Skin Cancer Detection & Tracking with Deep Learning and Data
Synthesis

Figure 5.11: Key factors for skin cancer care include early detection and tracking over time. Top Row:
superficial spreading melanoma, evolving in time [367]. Bottom left: comparison between malignant and
benign lesions shows the difficulty in early detection. Bottom right: examples of patients afflicted with many
lesions.
Dermatology is a medical field which stands to be heavily augmented by the use of artificial intelligence
techniques. Diseases are visually screened for, and many disease diagnoses are performed strictly with an
in-clinic visual examination. Discerning between skin lesions is a difficult task - the difference between skin
cancer (melanoma, carcinoma) and benign lesions (nevi, seborrheic keratosis) is minute, and the differences
are in slight details between them (Figure 5.11). With 5.4 million cases of skin cancer diagnosed each year
in the United States alone, afflicting 3.3 million people, the need for quick and effective clinical screenings is
rising [351, 400]. Patients with skin cancer tend to be afflicted with many moles, and so one of the challenges
in skin cancer screenings is identifying them amongst a myriad of benign lesions. A key element of these
diagnoses is based on inspecting temporal changes in lesions - a fast changing lesion is more likely to be
malignant. As such, patients and providers need tools to support this at scale.
Recent advances in detection and tracking using CNNs [142, 141, 344, 196, 206, 478] has the potential to augment healthcare providers by (1) detecting points of malignancy, and (2) finding corresponding
lesions across images, allowing them to be tracked temporally. However, the primary challenge in using
traditional detection techniques is working in a low-data regime without the availability of high volumes of
annotated and labeled data - the largest existing open-source skin cancer dataset of photographic images is
the Edinburgh Dermofit dataset, containing 1,300 biopsied images. It is worth noting that a larger dataset,
the ISIC Archive, exists, but contains dermoscopic images which are not relevant in large-scale detection and
tracking. Dermoscopic images are taken with a specialized instrument known as a dermoscope which yields
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highly standardized images of single lesions. The size of a dermoscope is on the order of a lesion and thus is
not suitable for distanced images which capture many lesions and potentially entire areas of a person’s bare
skin.
To overcome the challenge of working in this low-data regime we develop a domain-specific data synthesis technique which stitches small single-lesion images onto large body images. Both the body images and
the skin lesions images are heavily augmented with various techniques, and the lesions are blended onto the
bodies using Poisson image editing.
For large-scale lesion detection, we use this synthetic data to train a fully-convolutional CNN on the task
of pixel-wise classification between three classes: background, benign lesion, malignant lesion. For imageto-image tracking, a network is trained (using image pairs containing altered lesion and pose positions) to
output pixel-wise positional shift.
Our method demonstrates a working end-to-end CNN system capable of tackling two critical diagnostic
tasks with superior performance to algorithmic baseline techniques. It is trained with very little original data
and thus the techniques demonstrated here can be easily transferred to other data-limited domains. As an
additional baseline we include a simple comparison between our model and two humans trained on the 1,300
images of the Edinburgh dataset.
Outfitted with CNNs, mobile devices could be used to take full-body images and detect and track lesions
across them. By leveraging the 6.3 billion smart-phone subscriptions that are projected to exist by 2021 [76],
healthcare could be extended outside the clinic and reach a much broader demographic.

5.2.1

Related Work

Detection
Prior work at the intersection of artificial intelligence and dermatology has focused largely on standardized
tasks such as dermoscopy [92] and histology image classification and detection [38, 89]. Dermoscopy is
a medical imaging modality involving a small device that sits on the skin and provides special illumination,
and is used by physicians to more closely inspect suspicious lesions. Histology refers to tissue analysis of
biopsied lesions using microscopy, and is considered the final step in a diagnosis of malignancy.
In contrast, our system is designed for photographic clinical supervision - it is intended as a precursor to
these other screening techniques and could potentially aid a physician at spotting a suspicious lesion amongst
benign ones. Prior techniques for photographic image analysis have also been constrained by data abundance
[338] - a challenge we overcome using data synthesis and augmentation.
State-of-the-art techniques in image detection rely heavily on large datasets with annotated bounding
boxes that tend to occupy significant portions of the image, whereas in this problem setting, the objects of
interest occupy very small portions. Pixel-wise predictions have proven to be effective in targeting small
areas such as facial keypoints [386, 252], and have gained popularity in semantic segmentation [257]. We
leverage a combination of these techniques with heavy data augmentation to train a pixel-wise classifier and
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apply post-processing to convert it into a detector.
Tracking
Feature-matching techniques using SIFT [255] and CNN features [258] show great promise for pixel-wise
correspondence, and can be sped up with spatial pyramid techniques [215]. We expand this idea and develop
task-specific supervised learning to enhance feature matching.
Training CNNs using synthetic data has proven effective at rigid-body correspondence matching [478],
viewpoint estimation [406], and optical flow estimation [109]. However, many problems, including skin lesion detection, involve highly deformable and variable bodies where this data augmentation is less useful. We
combine insights from these works to generate data and train CNNs that can handle variations in deformable
bodies as well as large-scale positional changes.

5.2.2

Data Synthesis

We create a domain-specific data augmentation technique for generating synthetic images from two low-data
sources: high-quality lesion images (1,300 biopsy-proven cancers and moles), and body images (400 back,
leg, and chest images) whose skin regions have been manually segmented. We first generate images for
detection and then further augment them for tracking. These images are intended to mimic the real-world
clinical case of patients exhibiting many lesions, some possibly malignant, with the need to track them over
time.

Figure 5.12: Data Synthesis. Skin lesions are blended with raw body images to generate detection and tracking data. (Left) Example biopsied skin lesion and raw body images. Top diagrams show the lesion segmentation mask and the gradient field along with semantic regions used to calculate blending locations. (Middle)
Generated training images for detection and corresponding label masks. Red areas represent blended malignant lesions, yellow areas represent blended benign lesions. (Right) Generated training images for tracking,
along with a few example pixel-wise correspondences.
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Detection Data
Detection data is generated in two steps: (1) A blending position on the body image is chosen using local
feature matching between a lesion image and the body image, (2) the lesion image is blended into the body
image using Poisson image editing [326].
We select a random skin lesion image, re-size it such that its size is roughly on the order of the existing
lesions of the body picture in question, randomly rotate it, and select a random position on the skin of a body
image. The color histogram features of the surrounding area of the skin lesion ( f ⇤ in the top left corner of
Figure 5.12) and the area of the same size as the skin lesion patch on the body image are used to determine if
the lesion and position are a match. We use the earth mover’s distance (EMD) as the comparison metric, and
if it is lower than a predefined threshold, we blend the lesion at the chosen location, otherwise we randomly
select another. Finally, we use Poisson Image Editing (see section below) to blend the lesion onto the chosen
location. This process (and in particular, the use of color histogram features) minimizes the necessary change
in color needed to seamlessly blend the lesion onto the image, qualitatively improving the final appearance of
the blended images. Note that our choice is largely due to the model’s simplicity and efficiency - many others
exist. Example blending results along with the label mask of the attached lesions can be seen in Figure 5.12.
The basic idea behind Poisson image editing is to manipulate the intensity’s gradient field between source
and target instead of the absolute intensity. The advantage to doing this is that human perception is far more
sensitive to differences in intensity than the values themselves. The segmentation masks provided with the
Edinburgh dataset allow this technique to seamlessly blend lesion and body images together.
Let v be the gradient field of the source image (lesion),
image (body), ∂ the boundary of the masked area,
unknown function in area

f⇤

the corresponding masked area in the target

the known function of the target image, and f the

that needs to be calculated, as shown in Figure 5.12. Then the problem can be

formulated as optimizing:
min
f

x

|—f

v|2 with f |∂ = f ⇤ |∂

(5.2)

∂· ∂·
where —· = [ ∂x
, ∂y ] is the gradient operator, whose solution is the solution of a Poisson equation.

We generate pixel-wise labels using five classes for a subset of all pixels in the image. The attached
lesions (the foreground) consist of four of these classes: malignant epidermal, benign epidermal, malignant
melanocytic, and benign melanocytic lesions. The fifth class, the background, consists of healthy skin and
non-skin image regions. Suppose that a given image has a total of N foreground pixels. Then we randomly
sample 4N background pixels from the remainder of the image, manually excluding regions where the original
body images contained obvious lesions. This balances the learning procedure - the algorithm strictly learns
to detect biopsy-proven lesions without overcompensating towards background.
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Tracking Data
For tracking, data is generated by further augmenting detection images - that is, given a detection image, we
create a pair of images from it. The purpose here is to recreate temporal images (which will exhibit changes
in lesion shape/size, as well as body changes) and to force the network to learn pixel-wise correspondence by
focusing on the distortion in local texture information.
Skin lesions change as time passes. We simulate this by distorting the attached lesions on the body.
We randomly adjust their shape, size, and brightness, and we randomly move them small distances. The
coefficients of these transformation are all randomly set to increase diversity.
Brightness is distorted using gamma correction with randomly set coefficients. We apply elastic deformation as described in [389]. This is done by generating random displacement fields Dx(x, y) = rand( 1, +1)
and Dy(x, y) = rand( 1, +1), generated with a uniform distribution, convolving it with a Gaussian of a manually decided standard deviation s (15% of the smallest image dimension), and applying this displacement
field to the image. We further distort the pose with a perspective transformation: four points are randomly
sampled from each of the four corner boxes of the image (the height and width of each box being 1/6th of
the height and width of the image), and the resultant quadrilateral is cropped and reshaped into the original
height and width.
For each detection image, we generate one such distorted image, and then generate two tracking images
by taking a random crop of the original image and an equal-sized crop of the distorted image, randomly
translated between 0 and 1/10th of the crop’s dimensions. Sample images can be seen in Figure 5.12.
This procedure preserves pixel-wise correspondence between the two generated tracking images. This
correspondence (a 2D pixel-wise displacement vector field) serves as the label for training our tracking network.

5.2.3

System Pipeline

Our system is composed of two parts: the first detects malignant and benign skin lesions, the second tracks
them across images. The detection network is trained with the synthetic images (skin lesion + body images)
described in the previous section, using pixel-wise labels. Once the detection network is trained to convergence, its weights are used to initialize the tracking network. This network is then trained on image-pairs
formed from the detection data. It is worth noting that this particular choice of architecture is largely the
result of iterating on potential architectures to determine the one with superior performance.
Detection System
The detection component is intended to highlight to a clinician the potentially malignant lesions on a given
input image. Providers are often faced with body regions containing a multitude of lesions and discerning
malignancy is a challenging task. Our system feed-forwards an input image through the CNN, outputs a
pixel-wise heat-map over the five classes of interest, and then uses post-processing techniques to make the
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Figure 5.13: Detection and Tracking System. The network is trained on synthetic data and tested on real
data. Top row shows the detection pipeline, bottom row shows tracking. The detection network is composed of a convolution section followed by a deconvolution section, with skip-link connections between nonadjacent layers. The network outputs per-pixel labels over two malignant, two benign, and one background
class. In the top right we show the raw prediction heat map and the detection result after post processing.
The tracking network takes the convolutional component of the detection network, and splits it up into a
smaller convolutional part, and an atrous convolutional part. The two tracking images are each fed through
the network and merged by a subtraction before the per-pixel shift prediction.
heat-map more human-interpretable.
The network structure, shown in Figure 5.13, is composed of a convolutional component and a deconvolutional component, a proven technique for pixel-wise prediction tasks [257, 309]. The design of the convolutional component has been adapted from Zimmerman’s VGG16 network [390], which has been shown to
be effective across several vision tasks [360, 247] We utilize the architecture of all layers up until conv5 3 in
VGG16, resulting in the spatial extent of the final feature map being 16 times smaller than that of the input
image. In the deconvolution part of the network, we connect three groups of deconv-conv pairs to yield the
final output. Each deconv-conv pair is composed of a deconvolutional layer which upsamples the feature map
to twice its size, followed by a 3 ⇥ 3 VALID convolution (i.e. with padding) with a stride of 1, that does not
further change the feature map size.

Additionally, we include skip-link connections as described in [355]. These component networks have
proven to be effective at pixel-wise predictions and biomedical segmentation. The structure of our network
can be viewed in Figure 5.13.
For an M ⇥ N ⇥ 3 input image, the network is trained to output a M/2 ⇥ N/2 ⇥ 5 heatmap (downscaled

16 times by the convolutional part and upscaled 8 times by the deconvolutional part), where each pixel xi is

a 5-dimensional vector representing the probability distribution over the 5 classes. Let i index the number of
image pixels n, that were assigned labels, let the position and label pairs be {(xi ,ti )ni=1 }, and let the pixel-wise
probability distributions be written as as pxi = (px0i , px1i , · · · , px4i ), then the loss is:
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Ldetection =

1 n
Â log(ptxii )
n i=1

(5.3)

To make this output more human interpretable and clinically relevant we apply the following postprocessing procedure:
i Convert the five output classes into three: background, benign, malignant, by summing the probabilities
of both benign classes and both malignant classes.
ii Filter out background predictions.
iii Filter out foreground predictions that have a probability less than specified thresholds Tm and Tb for
malignant and benign pixels, respectively.
iv Calculate contours for the remaining pixels using 4-adjacent connections to define regions.
v Calculate the convex hull for each contour, then remove those with an area less than a threshold Tarea .
vi For each convex hull i covering an area Mi , we assign to it a malignancy score according to the following equation:
ci =

Âx2Mi Cm
x
m
C
Â ·

(5.4)

Where Cm denotes the malignant probably map. The denominator here is intended to normalize between images. This score will be used to analyze the detection results.
Examples of raw prediction results and post-processed images are shown in Figure 5.14.
Tracking System
The tracking component of our system is intended to find pixel-wise correspondence between two images of
the same body part, in order to track lesions over time. This is critically important in clinical settings - rapid
change in lesions is a strong indicator of cancer.
Shown in Figure 5.13, the tracking network is an adaptation of the detection network. The convolutional
component of the detection network is split into two parts at conv4 3 - the first part is preserved, and the
second part’s convolutions are converted into atrous convolutions. Atrous convolutions are intended to replace
the use of further deconvolutional layers - they make the features finer while preserving a moderate amount
of parameters [4, 80, 82].
Tracking data comes in image pairs - during the feedforward pass the two images are fed through the convatrous pipeline independently, after which their output is element-wise subtracted before being fed through
two subsequent convolutional layers [206]. These two layers are of channel size 4096 and kernel size 7 ⇥ 7
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and 1 ⇥ 1 respectively. Their output is further fed into another convolutional layer of kernel size 1 ⇥ 1 to
output a 2D vector field of correspondences from the first to the second image of the pair - for each pixel xi

on one of the original images. Our model will calculate a vector shift di = (dxi , dyi ). We use an L2 -norm
loss:

Ltracking =

1 n
Â kgi
n i=1

di k

(5.5)

where gi is the ground truth shift vector and n is the number of pixels that get backpropagated (note n <
M ⇥N, the original image dimensions, as we only backpropagate the loss at pixels which have correspondence

points - edges may not have correspondence points due to border effects of the image translation during the
augmentation process).
Since the output of the tracking network has a side-length 8 times smaller than the original correspondence
map, we use a Gaussian kernel to downsample the label map.
As a final step, our system searches for the best feature match within a square region of the predicted
correspondence point in order to calculate the final correspondence point. We pass the input images through
the network, extracting the activation features ft and fs , for the target and source, respectively, from layer
conv4 3. These features are bilinearly interpolated to the same size as the original image, and normalized. For
a query position xq in the target image, the final correspondence cxq is calculated according to the following
equation:
cxq = arg min(kftxq
x2S

fsx k) + l(kpq

xk)

(5.6)

where S is a square of fixed side-length l (manually chosen to balance between speed and robustness) centered
at the network’s original correspondence prediction pq .

5.2.4

Experiments and Results

We use 1,300 biopsied skin lesion images and 400 high-resolution body images to generate 40000 images of
size 960 ⇥ 960 for detection and 84000 pairs of images of size 512 ⇥ 512 for tracking. Of these images, 30%
are held out for validation, the rest are used for training. Our system, trained on this synthetic data, is then
compared to a series of baselines.
Detection
The convolutional part of our detection model (Figure 5.13) is initialized from the weights of a VGG16
network pretrained on semantic segmentation [257]. The convolutional layers in the deconvolutional part
are initialized using He initialization [170] and the deconvolutional layers are initialized using a bilinear
interpolation kernel. The network is trained with a fixed learning rate of 1e 4. Given the redundancy in the
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training set, we only train the network for 2 epochs with a batch size of 2.
Example results for detection are shown in the first three rows of Figure 5.14, whose columns show
examples as they are processed from input images to raw network output to post-processed results. The parameters for post-processing Tm , Tb , and Tarea are set to 0.85, 0.98, and 45, respectively. The hyperparameters
mentioned above are chosen to maximize performance on the validation set.
Our method is compared to a baseline sliding window method (bottom row of Figure 5.14) where a 5way classifier outputs a classification result for image patches from a test image. The baseline classifier is
Google’s Inception-V3 network architecture [412] pretrained on ImageNet [360] and finetuned on the 1,300
skin lesions of our dataset to output a 5-way softmax label. We extract patches at various scales from the
test image using a sliding window technique over the entire image, then collect the label maps and aggregate
them together into the 3-way heatmap. Afterwards, we apply the same post processing step that we use for
our system in order to generate the region proposals. For comparison, we include the performance of two
non-expert humans trained to detect malignant lesions and tested on the same 108 images as our detection
CNN.
We test detection using 108 clinical images in which at least one skin lesion has been biopsied. For each
test image, we consider the network’s proposed regions, and if any region has a malignancy score greater than
a threshold T , we consider it to be malignant. If the intersection-over-union (IoU) between a region and the
biopsied lesion satisfies IoU > 0.5, we consider it a true positive, otherwise it is a false positive. Sweeping T
in the interval [0,1] yields the receiver-operator curve shown in the left part of Figure 5.15.
As can be seen in Figure 5.14 and Figure 5.15, our method far outperforms this baseline. Our method
exhibits a rapid rise in recall as the number of false positives increases, plateauing around a value of 0.8. The
sliding window baseline plateaus almost immediately and does not achieve a value over 0.4. This is due in
part to the fact that the sliding window baseline tends to output coarse region proposals which may contain
more than one malignant lesion - in contrast, the predictions of our network tend to be highly localized to the
lesions themselves. The diversity in skin backgrounds introduced by our gradient domain blending technique
further helps our method to generalize better with unseen skin texture.
A human with very little training can easily detect skin lesions in general. However, analyzing the malignancy potential of each lesion is an arduous and time-consuming task, even for dermatological experts. Our
detection method runs in 0.78s, and despite non-perfect performance, still has the potential to guide a doctor’s
eye to lesions of highest suspicion, helping to ensure that no potentially malignant lesions are missed.
To further verify potentially utility, we test two non-expert humans at the same detection task and on the
same test set of images. Each human was given the 1,300 lesion images of the Edinburgh dataset, together
with their benign/malignant labels. After studying the images they were then asked to detect each malignant
lesion on the 108 images of our test set. As can be seen in Figure 5.15, their performance is on par with our
method, but they operate near the top-right part of the curve. They exhibit reasonably good recall with a high
false positive rate - as expected, they have a tendency to misclassify benign lesions as malignant.
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Tracking
The convolutional and atrous sections of the tracking network are initialized with the parameters pre-trained
on the detection task. He initialization [170] is used on the layers following the element-wise subtraction.
The initial global learning rate is 1e 4, which multiplies by a factor of 0.9 at the end of every epoch. The
network is trained for 3 epochs using a batch size of 20.
For each pair of input images, the network outputs a vector field that maps one onto the other. For
any position on the target image whose correspondence we want to calculate, we use the feature matching
technique of equation 5.6, with l = 64 and l = 0.012.
We compare our results to two baseline techniques: SIFT Flow, and Deformable Spatial Pyramids [255,
215]. We evaluate tracking accuracy using the percentage-of-correct-keypoints (PCK) metric [463]. For a
given value of a 2 (0, 1), a match is considered correct if the predicted point is within a ⇥ L of the groundtruth correspondence, where L is the mean diagonal length of the two images [4]. Our test set is composed of
260 pairs of correspondence labels manually annotated on temporal image pairs. These image pairs vary in
pose, background, distance, viewpoint, and illumination condition.
In this particular task we do not compare to human performance, which is essentially perfect at lesionwise correspondence matching.
Example image results are shown in Figure 5.14, where green lines show correctly predicted correspondences, and red lines show incorrect predictions. In these examples, correct predictions are those satisfying
|g

c| < aL, with a = 0.05 [206], where c and g are the predicted correspondence and ground truth corre-

spondence, respectively. We qualitatively observe superior performance. The example image pair on the left
is largely dominated by a translation from one image to the next, and the image pair on the right by a difference in zoom. At this value of a our method manages to correctly match a majority of the keypoints across
both pairs of images shown, achieving better performance than both baselines. SIFT Flow exhibits rather
poor matching performance, likely due to the general uniformity of skin patches, for both examples. DSP
underperforms our method and outperforms SIFT FLOW in the translation-dominated case, but performs
worse than SIFT Flow in the zoom-dominated case on the right.
The PCK of our method, both with and without feature matching incorporated, is plotted in Figure 5.15,
in comparison to both baselines. Our methods exhibit superior performance over baseline for a > 0.016, at
which point the PCK quickly climbs to 1.0 and the baselines increase linearly. This is due to the robustness
of CNN features - they vary more than SIFT or DSP features on a local scale but less on a global one. For
a < 0.016 we see a steep drop off in our method’s PCK, while the baselines continue to decrease in a linear
fashion. This is likely due to the fact that both SIFT keypoints and the smallest spatial scales of DSP vary
little as a function of image variation and thus will typically be accurately matched, ensuring the stability of
both baseline curves as a ! 0.

CHAPTER 5. DERMATOLOGY

5.2.5

175

Conclusion

Here we show large-scale detection and tracking of skin lesions across images using fully convolutional neural
networks in a low-data regime using domain-specific data augmentation. A key contribution of this work is
a general roadmap for taking an application-domain, making it data-ready for computer vision techniques,
and building a system around it. In the absence of large amounts of labeled and annotated data, we generate
high volumes of synthetic data using 1,300 biopsy-proven clinical images of skin lesions and 400 body
images. Skin lesion images are blended onto body images, heavily augmented with a variety of techniques,
and used to train a detection network. This network is composed of a convolution component adapted from
VGG16, followed by a deconvolutional component, with skip links connecting the layers of the first half to
the second. We demonstrate human-interpretable detection with this method, and show that it outperforms a
sliding-window baseline technique that uses a trained classifier on the same data. We then further augment the
data and generate image pairs with pixel-wise correspondence between them, and use this to train a tracking
network which outperforms both SIFT Flow and DSP. The tracking network’s architecture is built from two
weight-sharing pillars which accept each of the pair of images as input, and whose output is subtracted
before being processed by subsequent layers. Each pillar is composed of part of the detection network’s
convolutional half (and thus initialized with those weights), and followed by atrous convolutional layers.
Both networks are trained on synthetic data and tested on real-world data.
Artificial intelligence systems of this sort have the potential to improve the way healthcare is practiced,
and may extend it outside of the clinic. Algorithms such as these could aid providers at spotting suspicious
lesions amongst benign ones, and at observing temporal changes in lesions that may signify malignancies.
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Figure 5.14: Detection and Tracking Image Results. Left: Detection results, Right: Tracking results. Four
examples from our detection pipeline, compared to a baseline sliding-window classifier technique. Top row:
original image. Second row: raw output of the network. Third row: final results after post-processing. Fourth
row: final results from the baseline. Two examples from our tracking pipeline, compared to SIFT-Flow and
Deformable Spatial Pyramid baselines, using a = 0.05.

Figure 5.15: Quantitative Results. Detection results (top): ROC curve comparing our technique against a
baseline sliding window method and two non-expert humans. Recall rate is shown in the parenthesis of the
legend. Tracking Results (bottom): mean percentage of correct keypoints (PCK) as a function of a = p/L,
where p is the number of pixels, and L is the diagonal length of the image. We compare our method, with
and without feature matching (fm), to SIFTFlow and Deformable Spatial Pyramids.
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