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PURPOSE Applications of deep learning to histopathology have proven capable of expert-level performance, but
approaches have largely focused on supervised classification tasks requiring context-specific training and
deployment. More generalizable workflows that can be easily shared across subspecialties could help accelerate
and broaden adoption. Here, we hypothesized that histology-optimized feature representations, generated by
a convolutional neural network (CNN) during supervised learning, are transferable and can resolve meaningful
differences in large-scale, discovery-type unsupervised analyses.

METHODS We used a CNN, previously trained to recognize brain tumor histomorphologies, to extract 512 feature
representations from > 550 digital whole-slide images (WSIs) of renal cell carcinomas (RCCs) from The Cancer
Genome Atlas and other previously unencountered tumors. We use these extracted feature vectors to conduct
unsupervised image-set clustering and analyze the clinical and biologic relevance of the intra- and interpatient
subgroups generated.

RESULTS Within individual WSIs, feature-based clustering could reliably segment tumor regions and other relevant
histopathologic subpatterns (eg, adenosquamous and poorly differentiated regions). Across the larger RCC cohorts,
clustering extracted features generated subgroups enriched for clinically relevant subtypes (eg, papillary RCC) and
outcomes (eg, survival). Importantly, individual feature activation mapping highlighted salient subtype-specific
patterns and features of malignancies (eg, nuclear grade, sarcomatous change) contributing to subgroupings.
Moreover, some proposed clusters were enriched for recurring, human-based RCC-subtype misclassifications.

CONCLUSION Our data support that CNNs, pretrained on large histologic datasets, can extend learned rep-
resentations to novel scenarios and resolve clinically relevant intra- and interpatient tissue-pattern differences
without explicit instruction or additional optimization. Repositioning of existing histology-educated networks
could provide scalable approaches for image classification, quality assurance, and discovery of unappreciated
patterns and subgroups of disease.

JCO Clin Cancer Inform 4:811-821. © 2020 by American Society of Clinical Oncology

INTRODUCTION

The ability to project previously learned knowledge to
novel environments is an essential skill for advanced
clinical decision-making and discovery. Detection of
biologic differences among patients, especially those not

subgroups. For example, because hallmark features
of malignancy are shared across many cancer types,
pathologists are often able to apply lessons learned
from common pathologies to approximate clinical
behaviors of rare atypical lesions or those outside

previously encountered or anticipated, is also funda-
mental for preventing misclassifications and for char-
acterizing and predicting the clinical behavior of rare and
emerging diseases. Although recent breakthroughs in
deep learning have allowed convolutional neural net-
works (CNNs) to conduct highly sophisticated, super-
vised, image-based classification tasks,'® examples of
unsupervised, clinically relevant interferences, extending
outside their intended training context, are rare.

Pathologists frequently rely on recurring histomorpho-
logic patterns to organize diseases into meaningful

their specific subspecialty. However, it is unclear if
such unsupervised inferences are also operational in
deep learning—based histomorphologic analysis. In
other domains of computer visions,®° extracting
learned feature representations from pretrained
CNNs has helped facilitate unsupervised image-
clustering tasks. If also effective in histopathology,
it could help alleviate the need for laborious narrow
and context-specific annotation and training steps
and create sharable computational pathology tools
across disciplines.
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CONTEXT

Key Objectives

The goal of this study was to address if previous, histology-optimized, deep convolutional neural networks can be applied to
novel scenarios to help resolve clinically meaningful morphologic patterns of disease without the need for additional
context-specific training.

Knowledge Generated

Image-based clustering highlighted that deep-learning feature representations can resolve pertinent intra- and intertumoral
patterns of tissue heterogeneity in an unsupervised manner. The morphology-based groupings proposed correlated with
biologically distinct tumor and tissue types, varying degrees of tumor differentiation, and clinical aggressiveness.

Relevance

The demonstrated transferability of deep-learning features in histomorphologic analysis provides support for the use of
pretrained neural networks as generalizable, scalable, and sharable digital pathology tools for tissue annotation, tumor
classification, quality assurance, and large-scale histomic profiling.

Here, we set out to address if a CNN educated in a par-
ticular pathology subspecialty could generalize learned
concepts to another organ site and infer meaningful levels
of intra- and intertumor heterogeneity. Indeed, we show
that a neuropathology-educated CNN (CNNyp), trained
to differentiate brain-tumor types,'© could apply learned
representations to find histopathologically relevant patterns
in renal cell carcinoma (RCC) and other previously unen-
countered tumor and tissue types without the need for
specific direction or additional training.

We previously used transfer learning and a diverse set of
838,644 human-annotated histopathologic image patches
(516 pm?) generated from 1,656 whole-slide images (WSIs)
spanning 1,027 patients to fine-tune the VGG19 CNN*! to
recognize microscopic patterns of different brain tumors.©
By extracting 512-dimensional deep learning feature
vectors (DLFVs) found in the CNN’s final, global average
pooling layer, we showed that many learned representa-
tions, defined by individual deep learning—engineered
features (DLFs), correlated with salient, human-defined,
cytoarchitectural constructs such as fibrosis, mucin, epi-
thelium, and luminal structures.!® Given the shared di-
agnostic and prognostic value of many of these histologic
patterns across cancer types, we reasoned that the learned
features of this CNNyp could be leveraged to make in-
telligent predictions in other neoplasms without the need for
additional optimizations. To address this hypothesis, we use
this pretrained CNNyp to extract and cluster feature rep-
resentations generated from a large collection of RCC and
other previously unencountered tumor specimens and
evaluate the biological relevance of the proposed groupings.

METHODS
Histopathology Image Source

We retrieved 914 digitally scanned, hematoxylin and
eosin—stained WSIs from the RCC cohorts of The Cancer
Genome Atlas (TCGA).*?!® We chose RCCs for the large-
scale proof-of-concept analysis because they represent

812 © 2020 by American Society of Clinical Oncology

neoplasms with robust clinicopathologic relationships, in-
cluding survival differences associated with distinct tumor
cytoarchitectures and nuclear features (Fig 1A).1*5 This
TCGA cohort included the following subtypes: clear-cell
RCC (TCGA-KIRC; n = 529 patients), papillary RCC (TCGA-
KIRP; n = 299), and chromophobe (TCGA-KICH; n = 86).
TCGA WSIs had variable compression qualities (specifi-
cally, 0.70 and 0.30) and apparent magnifications (x20
and x40). For compatibility with the pretrained CNNyp, we
included WSIs scanned at a compression quality of 0.70
and that could produce at least 20 lesional image patches.
Cases with a compression quality of 0.30 were excluded
because we found clustering biases for cases with a similar
compression quality (Data Supplement). Images with an
apparent magnification of x40 were down-sampled to x20.
The final cohort, based on these criteria, included 396
KIRC, 154 KIRP, and 7 KICH tumors. Associated clinical
information including histologic subtype and survival were
also retrieved from TCGA. Representative slides (n = 5) from
each RCC cohort were chosen to assess the ability of the
pretrained CNN to conduct unsupervised segmentations or
annotations. Given the small compatible TCGA-KICH cohort,
this group was only used for segmentation studies and
omitted from downstream interpatient analyses.

Subgrouping and survival analyses were conducted using
confirmed lesional image patches (dimensions: 1,024 x
1,024 pixels [0.504 pm/pixell; 516 pm?) generated from
available TCGA-KIRC/KIRP cases using a semiautomated
approach.*® Briefly, a CNN was used to automate extraction
of candidate tumor regions from each WSI, which were then
manually reviewed by a trained human interpreter who
removed erroneous or artifactual tiles. In total, this pro-
duced a collection of 219,718 image tiles spanning 396
KIRC and 154 KIRP tumors.!” For cases in which multiple
slides were available, images from different WSIs were
merged and analyzed together as a single case. We also
included a separate collection of additional neoplasms not
found in our initial training set from both local (specifically,
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FIG 1. Analyzing histologic patterns of renal cell carcinoma (RCC) using a brain tumor-educated CNN. (A) Study schematic. Kaplan-Meier survival curves
summarizing the known clinicopathologic correlates across different histologic subtypes and nuclear grades of TCGA-RCC cases. Only cases with whole-
slide images (WSIs) scanned with a compression quality 0.70 were included. Image patches from cases were analyzed by a CNN, previous trained on brain
tumors, to generate 512-dimensional deep learning feature vectors (DLFVs). Clustering approaches were used to explore overall data structures. (B)
Representative H&E-stained WSI of a TCGA-KIRC. (C, D) Complete-linkage hierarchical clustering and +SNE plot of the DLFVs generated from non-
overlapping, 516-um? image patches extracted from WSI in (B) for k = 8 subgroups. (E) Unsupervised annotation of WSI in (B) for k = 8 subgroups. Tiles
with mostly blank space have been omitted for clarity. (F) Representative image patches (516 um?) from (E) highlighting the principal tissue patterns
associated with the DLFV-driven tissue subgroups. CNN, convolutional neural network; H&E, hematoxylin and eosin; IFTA, interstitial fibrosis and tubular
atrophy; KICH, chromophobe renal cell carcinoma; KIRC, clear-cell renal cell carcinoma; KIRP, papillary renal cell carcinoma; Max, maximum; RelLU,
rectified linear unit; SNE, t-distributed Stochastic Neighbor Embedding; TCGA, The Cancer Genome Atlas.

pancreatic cancer and retinoblastoma) and other TCGA CNN Selection

cohorts (namely, uterine carcinosarcoma and endometrial

carcinoma) to highlight generalizability of this unsupervised We use a pathology-optimized version'® of the pretrained
approach beyond RCCs. Images and medical data used in  VGG19 CNN!! to extract feature representations. In a pre-
this study were retrieved from previously published, anony- vious study, we used transfer learning to fine-tune the
mized, publicly available resources; thus, additional in- existing ImageNet-based node weightings toward histologic
stitutional research ethics board approval was not applicable.  patterns found in a set of 838,644 pathologist-annotated
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FIG 2. Unsupervised and automated resolution of intratissue heterogeneity across various tumor types. (A, B) Repre-
sentative hematoxylin and eosin—stained whole-slide images (WSIs) of (A) metastatic pancreatic adenosquamous car-
cinoma to the adrenal gland and (B) uterine endometrial carcinoma. (C, D) Unsupervised annotations of WSIs shown in
(Figure 2A and 2B for k = 8 and k = 10 subgroups, respectively (see Data Supplement). (continued on following page)
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image patches generated from 1,656 WSIs spanning 1,027
tumor specimens that included 74 different lesional and
nonlesional tissue types.'®® Although this image resource
did include cases of metastatic clear-cell RCC, other im-
portant parameters we uncovered in this study were never
part of the initial supervised training steps. This includes
absence of renal parenchyma, other subtypes of renal
neoplasms (ie, papillary and chromophobe RCC, oncocy-
toma) or survival information. Similarly, we further decoupled
previously learned class labels from our analysis by fo-
cusing completely on feature patterns found within the
global average pooling layer of the CNN prior to softmax
reduction and classification (see the next section on DLFV
generation). As such, we believe the groupings generated
in this study best represent unsupervised associations.
The CNN used did not undergo additional training or
optimization for this study.*®

DLFV Generation and Unsupervised Clustering

To generate a quantitative histomorphologic signature (or
DLFV) for each case, we averaged the DLF values extracted
from the final global average pooling layer as each case’s
associated tiles were passed though the network, as pre-
viously described.!® We previously showed that individual
DLFs within this vector often approximate human-like
histologic features such as fibrosis, epithelium, and mu-
coid patterns. Importantly, these activations are maintained
across different unrelated cancer types (eg, primary and
metastatic tumors) allowing DLFVs to serve as transferable,
objective, and quantitative histopathologic signatures for
characterizing microscopic patterns. For interpatient ana-
lyses, we randomly select 20 images to generate a global
averaged DLFV. To organize reoccurring patterns within our
case cohorts, we use DLFVs to conduct both complete
linkage and Ward hierarchical clustering (using the L2
metric), as previous described.!® To understand clini-
copathologic correlations of image clusters, we used
a silhouette approach to define the optimal number of
subgroups. For many instances, we also used a stepwise
k-means clustering approach to reveal additional subtle or
complex subgroupings. Generation and clustering of DLFVs
for all experiments was repeated multiple times and yielded
similar results, trends, and conclusions throughout the
study. Python code used to generate DLFVs is available at
BitBucket.!®

Our presented approach is notably distinct from traditional,
supervised deep learning workflows in pathology, which
would require generating individual training image sets and
separate CNN optimizations for each of the presented
segmentation, subclassification, and prognostication tasks.

Although the CNN model we use was initially trained using
labeled data, this supervised component focused on dif-
ferentiating between brain tumor and tissue types—a task
largely distinct from those presented in this work. Instead,
we use this diversely trained CNN as a histopathology
feature extractor and generate all groupings using un-
supervised learning techniques (eg, dimensionality re-
duction and clustering) rather than relying on further
optimization of this CNN using context-specific supervised
image labels.

Molecular Classification of DLFV-Defined TCGA-KIRC
Subgroup Tumors Exhibiting Clinically Indolent Behavior

To molecularly classify clinically indolent RCC cases
grouped together by our unsupervised approach, we re-
trieved RNA-sequencing gene-expression files from the
KIRC, KIRP, and KICH TCGA projects available from the
BROAD Firehose data repository. The R package model
Tsne was used to select the 1,000 most informative genes
(broadest interquartile range), perform t-SNE (t-distributed
Stochastic Neighbor Embedding!®) analysis, and plot the
resulting 2-dimensional configuration. A nearest-neighbor
approach was used to assign an objective molecular class
to these outlier cases.

DLF Selection and Activation Mapping

We used DLFs enriched in specific subgroups to un-
derstand morphologic features that were potentially re-
sponsible for the observed clustering. First, we identified
the most significantly enriched features (t test) between
subgroups of interest (eg, DLFs enriched in TCGA-KIRC v
TCGA-KIRP, clinically indolent v aggressive). To visually
assess what morphology this DLF is potentially detecting,
we retrieved images at the extremes of DLF values within
our entire cohort and asked two or more blinded pathol-
ogists to describe morphologic differences between the two
extremes. We further validated this qualitative exercise by
generating an isolated feature activation map (FAM) of
candidate DLFs of interest to ensure that the subtile co-
ordinates of the DLF matched the location of the histologic
feature proposed by the study pathologists. Python code
used to generate the FAMs can be found at BitBucket.'®

RESULTS

To first assess if the CNNyp could independently differ-
entiate RCCs from other surrounding tissue elements, we
selected representative WSIs from the TCGA-KIRC, TCGA-
KICP, and TCGA-KICH RCC TCGA cohorts (Fig 1B). We
automated tiling of these WSls into 516 pm? image patches
and subgrouped them using complete-linkage hierarchical
clustering of their corresponding DLFV values generated by

FIG 2. (Continued). (E, F) Proximity-based comparisons of image patches on t-distributed Stochastic Neighbor
Embedding plots mirror human interpretations of defined subgroups. (G, H) Representative tumor image patches
(516 pm?) from Figure 2C and 2D highlighting different tumor patterns enriched in the deep learning feature

vector—driven tissue subgrouping.
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the CNNpp (Fig 1C-1E; Data Supplement). This unsuper-
vised approach initially divided tissue into two major groups
composed of cellular (eg, RCC, renal parenchyma) and
paucicellular (eg, adipose, hemorrhage, necrosis) ele-
ments (k = 2 subgroups, silhouette method; Data Sup-
plement). Comparing finer DLFV-driven subgroupings (k =
3-9) to expert-level domain knowledge demonstrated res-
olution of other relevant histomorphologies not defined
a priori. This included differentiating nonneoplastic renal
parenchymal tissue from RCC (teal v yellow clusters) and
defining distinct areas of renal parenchyma showing in-
terstitial fibrosis and tubular atrophy (green cluster) and
inflammatory infiltrates (magenta cluster; Fig 1E and 1F;
Data Supplement). Grouping of cancer regions from non-
neoplastic tissue elements mirrored expert annotations
across multiple randomly selected cases (n = 5; normalized
mutual information [NMI] score = 1.0; Data Supplement).
This unsupervised workflow also generalized well when
further extended and validated on other previously unen-
countered cancer types, including retinoblastoma, pancre-
atic, and uterine cancers and their associated nonneoplastic
tissue (Fig 2; Data Supplement). Together, this hierarchical
approach to subgrouping various sophisticated histo-
morphologies provides a dynamic, generalizable, and
objective framework for exploring complex intratumoral
patterns of heterogeneity.

The robust detection of these subtle histologic patterns
suggested that learned representations stored within the
CNNyp may also be able to resolve interpatient clinico-
pathologic correlates in RCC, including histologic subtypes
and International Society of Urologic Pathologists nuclear
grades.?® Therefore, next we assessed if the CNNyp-
derived DLFVs, could also subgroup the major histologic
subgroups of RCC recognized by human experts. We
extracted tumor-containing image patches from the TCGA-
KIRC (n = 396) and TCGA-KIRP (n = 154) cohorts, digitally
phenotyped and subgrouped them using their averaged
DLFV (Fig 3A and 3B; Data Supplement). Indeed, we noted
nonrandom grouping of RCCs into clusters enriched for
either TCGA-KIRP or TCGA-KIRC using various clustering
parameters (Rand Index = 0.66; P=4.5¢77° [y° test, k = 2,
Ward clustering) and P = 9.8e72°-1.5e [y test, k = 2-7,
complete-linkage clustering]). Similarly, clustering of
TCGA-KIRP cases alone revealed subgroups enriched for
either type 1 or type 2 papillary RCCs (P = 2.5e73 [ test,
k = 3]; Data Supplement). Importantly, we noted DLFs
enriched within the clusters composed primarily of TCGA-
KIRC and TCGA-KIRP correlated with clear-cell and papillary

morphologies, respectively, both on review by our patholo-
gists and by using individual salient FAMs (Fig 3C-3F). In-
terestingly, cases of TCGA-KIRC with low values for clear-cell
correlate DLF219 (or high values for the papillary correlate
DLF309) appeared to represent potentially misclassified
chromophobe RCCs or oncocytomas—more indolent renal
neoplasms (Fig 3C and 3E). Similarly, TCGA-KIRP cases with
high DLF219 values resembled the newly defined clear-cell
papillary RCC subtype that shows indolent clinical behavior
(Fig 3D).2

To ensure this RCC subgrouping could not be solely at-
tributed to cytopathological features of metastatic clear-cell
RCC learned during the original training period, we
reclustered cases using only a small fraction (n=100f512)
of KIRP-enriched DLFs. Even this limited DLF signature, not
directly activated by clear-cell RCC patterns, could achieve
excellent separation between subtypes (Data Supplement).
In fact, even individual DLFs such as epithelial-correlated
feature DLF165 (enriched in non-RCC metastatic tumors in
the original model) and paranuclear clearing-correlated
feature DLF113 (enriched in oligodendrocytes of white
matter) could predictably differentiate these 2 common
RCC subtypes (Data Supplement). We further validated this
unsupervised subgrouping approach in uterine cancers to
highlight generalizability (NMI = 1.0; Data Supplement).
Together, these results show how previously learned rep-
resentations can be intelligently extended to find pertinent
and analogous cytologic patterns in other tissue types
without the need for explicit direction or a particular task
in mind.

In addition to these major cytoarchitectural RCC subtypes,
hallmark cellular changes of cancer progression (eg, nu-
clear grade) are also well-recognized predictors of clinical
aggressiveness among clear-cell RCCs. To explore if the
CNNpp learned and could apply such features of malig-
nancy to further stratify RCCs, we subgrouped the TCGA-
KIRC cohort (n = 396) on the basis of their DFLV signatures.
Complete-linkage hierarchical clustering produced 2 to 3
major subgroups with distinct survival intervals (P =
3.0e7%®, log-rank test; Fig 4A and 4B; Data Supplement). To
understand which learned representations contributed to
this clustering, we examined histologic correlates of DLFs
enriched in the computer-derived subgroups showing in-
dolent and aggressive clinical behaviors (k = 3; yellow v
green clusters in Figure 4C-4E). Specific features found
in the poor prognostic subgroup histologically correlated
with nuclear (Fuhrman/International Society of Urologic

FIG 3. (Continued). on H&E-stained image patches with high (top panels) and low (low panels) DLF219 values
highlight a relationship with a clear-cell morphology in (C) TCGA-KIRC and (D) TCGA-KIRP cases. FAMs localized
DLF219 to tumor cells within the image patches. (E, F) Similarly, H&E and FAM images of a DLF over-represented in the
TCGA-KIRP-enriched cluster. This DLF detected a papillary-like pattern in both TCGA-KIRC and TCGA-KIRP cohorts.
FAM, feature activation map; H&E, hematoxylin and eosin; KICH, chromophobe renal cell carcinoma; KIRC, clear-cell
renal cell carcinoma; KIRP, papillary renal cell carcinoma; TCGA, The Cancer Genome Atlas.
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Pathologists—like) grading (eg, DLF499) and sarcomatoid
change (DLF442; Fig 4D, 4F, and 4G). Conversely, DLFs
enriched within the TCGA-KIRC subgroup showing indolent
clinical behavior correlated with cystic spaces and eosin-
ophilic change (Fig 4E, 4H, and 41).

Although cystic change is a known favorable prognostic
biomarker of RCC, the eosinophilic morphology detected
by DLF254 again was suspicious for misclassified renal
neoplasms within the TCGA-KIRC cohort. To test this hy-
pothesis, we more closely explored the histomorphologies
and RNA signatures of TCGA-KIRC cases found in the
CNNyp cluster that displayed an indolent clinical course
(Fig 4J; Data Supplement). Indeed, of the nine cases, only
two had a clear-cell morphology; the remaining cases had
papillary (n = 1), chromophobe (n = 4), or oncocytic (n = 2)
features (Data Supplement). Molecularly, comparison of
RNA signatures of these cases to patterns of the entire
TCGA-RCC cohorts confirmed only two of nine cases had
RNA profiles supportive of classic clear-cell RCCs, with the
remaining having chromophobe RCC (n = 5) or outlier (n =
2) RNA signatures (Fig 4J).

Last, to explore if at least some of these individual
neuropathology-optimized DLFs could independently serve
as biomarkers in clear-cell RCC, we examined their prog-
nostic power across the complete TCGA-KIRC data set.
Indeed, cases registering high (top 20%; n = 79) versus low
(bottom 20%; n = 78) DLF values showed significantly
distinct survival outcomes and often correlated with
Fuhrman grading (Fig 4K-4M; Data Supplement). Impor-
tantly, these trends were maintained even at more con-
servative cutoffs (quartile, median DLF values), highlighting
the potential value of such quantitative histologic correlates
over traditional discrete grading systems. Last, consistent
with recent reports,?? the defined nuclear grade correlate
(DLF499) was transferable and also associated with sur-
vival in the TCGA-KIRP cohort (Data Supplement).

DISCUSSION

Deep learning has the potential to automate and objectify
many manual and qualitative tasks across all aspects of
human life, including medical image analysis.® However,
much of the progress in computational pathology has

focused on highly defined and supervised classification
tasks that require manual, human-designed training data
and discrete goals. Here, using RCC and various other
tumors as a proof of concept, we show that meaningful
patterns of intra- and intertumor heterogeneity can be
automatically proposed by a CNN from principles learned
in other environments. Moreover, this approach highlighted
how unappreciated and recurring anomalies in large pa-
tient cohorts (eg, misclassified oncocytomas and chro-
mophobe RCCs in TCGA-KIRC) could be autonomously
detected in expert-annotated data sets. Finally, we highlight
that these decisions are indeed interpretable and appear to
be driven by discrete pathologist-like histologic constructs
(eg, sarcomatoid and nuclear features) that can be pre-
dictably applied to independent settings.

Image-clustering workflows can provide automation for
complex decision-making tasks in digital pathology. First,
unsupervised approaches to image segmentation provide
complementary benefits to traditional supervised work-
flows, including the ability to stratify tissue patterns into
meaningful subregions that may not have been anticipated
or included during training. Indeed, we show resolution of
unexpected subregions of renal parenchyma with in-
terstitial fibrosis and tubular atrophy and squamous and
poorly differentiated regions in pancreatic and uterine
carcinomas. Similarly, these approaches can effectively
detect diagnostically challenging atypical or untrained
classes for closer human review, molecular workup, and
error reduction.

The ability of unsupervised approaches to automate sorting
of massive collections of histologic patterns also has sig-
nificant implications for research and discovery. Because
most medical imaging data sets produced are only partially
labeled, efficient organization of cases and subregions,
based on unbiased similarities, offers scalable ways to
improve and accelerate cohort developments for sub-
sequent supervised tasks.>* Similarly, tools that can
quantitatively survey hundreds to thousands of histologic
patterns across large clinical trial cohorts offer automated
solutions to defining histologic biomarkers that predict
differential therapy responses. Moreover, similar to other
image-based tasks,®?°?8 image-clustering approaches can

FIG 4. Clustering of TCGA-KIRC cohort using deep learning feature vectors (DLFVs) defined prognostically relevant subgroups and deep learning—patterned
histomorphologies. (A) Complete-linkage hierarchical clustering and division of the TCGA-KIRC DLFV signatures into 3 subgroups. (B) Kaplan-Meier curves
show divergent survival patterns of the DLFV-defined subgroups. (C) Volcano plot of the DLFs between the clinically aggressive and clinically indolent
subgroups. (D, E) Dot plots highlighting relative value of DLFs enriched in either (D) clinically aggressive and (E) clinically indolent subgroups of Figure 4A and
4B. (F, G) Comparison of hematoxylin and eosin-stained images and feature activation maps with high (top panels) and low (low panels) values of selected
DLFs enriched in the clinically aggressive cluster. DLF499 and DLF442 were deemed to correlate with high nuclear grade and sarcomatoid morphologies,
respectively. (H, 1) DLFs (DLF263/254) enriched in the clinically indolent cluster were deemed to correlate with cystic and oncocytoma-like morphologies,
respectively. (J) -SNE plot comparing the RNA patterns of the entire TCGA renal cell carcinoma cohort. The 9 TCGA-KIRC cases belonging to the DLFV-
defined clinical indolent cluster are labeled for reference. (K-N) Kaplan-Meier curves of upper and lower pentiles (20%; n = 39) of individual DLFs across all
cases. Log-rank test P values are displayed for each comparison. Additional cutoffs are shown in the Data Supplement. Ctrl, control; DLF, deep
learning—engineered feature; RNA-seq, RNA sequencing; SNE, t-distributed Stochastic Neighbor Embedding; TCGA, The Cancer Genome Atlas.
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be leveraged to conduct similarity searches of rare tumors
in large, archival, digital databases for unique cohort de-
velopment and downstream molecular profiling.

Overall, we show that, similar to other areas of computer
vision,®? feature representations extracted from pretrained
CNNs facilitate powerful, unsupervised image-clustering
outputs for pathology. Given their diverse applications
presented in this study, development of CNN feature ex-
tractors, pretrained on large diverse pathology data sets,
creates generalizable and transferable histomorphologic
knowledge that could offset the need for repeated task-
specific image-set generation and CNN training. This
DLFV-driven workflow is theoretically generalizable to other
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