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. Abstract

> Accurate diagnosis of metastatic cancer is essential for prescribing optimal control strategies to halt further
s spread of metastasizing disease. While pathological inspection aided by immunohistochemistry staining
4 provides a valuable gold standard for clinical diagnostics, deep learning methods have emerged as powerful
s tools for identifying clinically relevant features of whole slide histology relevant to a tumor’s metastatic
6 origin. Although deep learning models require significant training data to learn effectively, transfer learning
7 paradigms provide mechanisms to circumvent limited training data by first training a model on related data
s prior to fine-tuning on smaller data sets of interest. In this work we propose a transfer learning approach that
o trains a convolutional neural network to infer the metastatic origin of tumor tissue from whole slide images
10 of hematoxylin and eosin (H&E) stained tissue sections and illustrate the advantages of pre-training network
11 on whole slide images of primary tumor morphology. We further characterize statistical dissimilarity between
12 primary and metastatic tumors of various indications on patch-level images to highlight limitations of our
13 indication-specific transfer learning approach. Using a primary-to-metastatic transfer learning approach, we
12 achieved mean class-specific areas under receiver operator characteristics curve (AUROC) of 0.779, which
15 outperformed comparable models trained on only images of primary tumor (mean AUROC of 0.691) or
s trained on only images of metastatic tumor (mean AUROC of 0.675), supporting the use of large scale primary

17 tumor imaging data in developing computer vision models to characterize metastatic origin of tumor lesions.
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» 1 Introduction

21 Cancers that spread to distal regions of the body are referred to as metastatic cancers, and often present a
22 significant adverse clinical milestone of cancer evolution that accounts for a majority of deaths associated
23 with solid tumors[I]. By invading into nearby tissue, or navigating transportation systems such as lymph or
22 blood circulation, metastatic cancers cells migrate to new locations throughout the body where they can
25 establish new residence and continue to proliferate. Common sites for cancer metastasis are the lung, bone,
26 brain, and liver, each of which presents distinct microenvironmental conditions and factors that may affect
27 the cancer cell’s capacity to divide and spread further[2]. Because cancer cells that have metastasized retain
26 capacity for dislocation and traversal, and because many different cancer types can metastasize to the same
20 site, accurate inference and diagnosis of metastatic cancer is essential for devising treatment strategies to
3o control and halt further metastatic processes.

31 Generally, cancers that metastasize from one site, such as the colon, into a new site, such as the liver, retain
32 similar morphological and structural features. Seen under a microscope, a colon cancer that has metastasized
33 to the liver will generally appear more similar to a primary colon cancer than to a liver cancer that has yet
s to metastasize. Clinically, pathologists rely on visual inspection of H&E stained section of metastatic tumor
s tissue to infer the cancer’s origin. However, in challenging cases where a metastatic diagnosis is not readily
ss obvious, confirmatory assays such as immunohistochemistry (IHC) staining can provide definitive diagnosis
37 with which to guide treatment.

38 We previously demonstrated a learning system trained to classify whole slide images of cancers that had
3o metastasized to the liver according to the tumor’s tissue of origin|3]. That work was limited to three of the
20 most commonly recurring classes of metastatic cancer due in part to limited data availability of other classes
a1 of metastatic cancers. This work seeks to leverage morphological and spatial properties of primary tumor
a2 tissue to enhance the performance of a classification model trained to infer the origin of secondary metastatic
a3 cancer based on histopathological presentation in digital whole slide images. Similarities between primary
s and metastatic tumors have shown striking similarity in gene expression[d], growth characteristics[f], and
a5 chromosomal rearrangement[6] and more recent work has leveraged passenger mutations to accurately classify
s primary and metastatic cancer based on genomic signatures [7]. Motivated by primary-metastatic structural

«z similarity evident in whole slide histology, this work seeks to evaluate whether a computer vision system
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«s trained to classify primary cancers retains predictive power when inferring the origin of metastatic cancer
4o based on similarities in tissue morphology.

50 Training a model in one setting and transferring it into a different setting is an example of a transfer
s learning paradigm. These approaches have demonstrated robust capacity for boosting model performancelg],
52 and have found wide use in the field of deep learning for computer vision applications|9), [10]. This work
53 extends previous analyses by evaluating the degree to which a computer vision model generalizes to unseen
sa samples of whole slide metastatic cancer by training on only primary cancers, only metastatic cancers, and
ss by first training on primary and transferring the learning model to retrain on metastatic samples. Further,
se this work evaluates the divergence between primary and metastatic cancers of different types within learned
sz unsupervised morphological feature space, and draws connections between the degree to which primary and
ss metastatic cancers are dissimilar and how well models generalize to correctly predicting metastatic origin of

so different cancer types.

o 2 Materials and Methods

61 An overview of the computational pipeline developed in this work is shown in Figure Our approach
s= separates the study objectives into two components. The first portion of the study pre-trains a neural network
e3 classifier to predict tumor type from whole slide images of primary cancers, while the second portion transfers
ea the learned classification model from primary cancers into a data set composed of metastatic tumors to infer
es the samples’ metastatic origin. To evaluate the efficacy of a primary-to-metastatic learning paradigm, we
es compare metastatic classification performance from three models, a first model trained only on images of
ez primary tumor, a second model trained only on images of metastatic tumor, and a third model first trained
es oON primary cancers that is then transferred to and fine-tuned within the metastatic cancer setting.

60 Because whole slide images are large and heterogeneous, they often contain both tumor and non-tumor
7o tissue. This mixture of tissue types has been shown to confound the degree to which classification models
71 are generalizable, and so both components of this study employ a model to first identify tumor tissue from
72 non-tumor tissue within the whole slide image trained on manual annotation of whole slide images by a
73 board-certified pathologist. Annotated whole slide images are divided into training and test sets from which
7o a ResNet50[LI] deep learning model was trained to generate binary classifications of tumor and non-tumor
7s tissue at patch-level resolution. These preliminary filter models are deployed onto their respective whole
7e data sets to filter out normal stroma tissue from the tiled data sets such that the resultant data sets are
7z composed of tumor tissue. Secondary models are then trained to correctly classify the tumor tiles according to

zs their tissue of origin as informed by the clinical diagnostic record. Generally, metastatic cases are differently
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7o prevalent in clinical records, resulting in imbalanced representations of metastatic classes. In this work,
so samples were collected from fourteen common tumor types from both primary and metastatic cancers that

s1  metastasize to the liver, as shown in Figure 2A.

== 2.1 Data Acquisition and Pre-processing

ss  This work employs a dataset composed of 324 whole slide images of metastatic cancers and 344 whole
sa slide images of primary cancer collected from the Knight BioLibrary and Knight Diagnostic Laboratories at
es  Oregon Health & Science University (OHSU). Each whole slide image is divided into non-overlapping tiles
ss 128 x 128 x 3 pixels wide that cover 100 pym square. Tiles containing predominantly white background light
sz were filtered out and the remaining tiles were color-normalized to a reference staining density[12]. Annotation
ss tables associate each whole slide image with its tissue of origin informed by the clinical diagnostic record
se which are employed as the target variables for the classification model. In this work, while predictions are
oo made on per-tile basis by the learning model, whole slide predictions are made as the mean prediction of each
o1 slide’s constituent tiles. The inherent class imbalance in the metastatic whole slide training set presented a
> limiting factor for previous work [3], which was limited to three principal classes of metastatic origin. This
o3 challenge is intended to be overcome in part by a transfer learning paradigm by which a larger related data
oa set may be utilized to overcome class imbalance limitations for rare cases in metastatic cancers.

o5 Annotations of tumor regions are used to train a tumor identification model and were drawn by an expert
es pathologist using the QuPath[13] software tool for 78 whole slide images spanning all fourteen distinct primary
o7 tissue types. Annotations were computationally extracted and employed to label each tile sampled from each
os of the 78 whole slide images as either belonging to a region annotated as tumor or not, in which case the tile
9o is labeled non-tumor. The tumor-identification model is similar to previously-described work [3] in which a

100 convolutional neural network was trained to identify tumor regions based on pathologist annotation.

e 2.2 Learning System Architecture

102 This study seeks to evaluate whether transfer learning from primary cancer cases into the metastatic cancer
103 classification setting confers a computational advantage compared to primary- or metastatic-specific training.
1a  Here we utilize the ResNet50 learning architecture for both tumor region identification and tumor type
15 classification. ResNet50 is a widely-used convolutional neural network based learning architecture that has
16 been broadly applied to challenges in digital pathology[14, 15], [I6]. We adopted the ResNet50 model and
10z modified its output layer to contain fourteen nodes, each corresponding to one of the fourteen sites of tissue

108 origin, and a softmax activation function such that the vector of output values sums to one, thereby enabling
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100 a probabilistic interpretation of the model’s output. We trained a single ResNet50 model for 10 epochs with
10 a learning rate of 0.001 and batch size of 32 on the training set of whole slide image tiles in parallel on
11 four Nvidia V100 GPUs for a total of 80000 weight update steps. Data loaders were designed to generate
112 batches of data with the same data transforms that include flipping, rotating, and color scaling by saturation,
13 brightness, and hue with class-balancing. In all cases, the Adam optimizer [I7] was employed with a learning
14 rate scheduler designed to decimate the learning rate at the end of each epoch. Data loaders were specifically
s designed to balance class representation to maximize class diversity with each batch of training data. To
16 evaluate the transfer learning approach, a third model is trained for 5 epochs on primary cancer and fine-tuned

17 for 5 epochs on images of metastatic cancer.

a3 Results

10 This first-stage model designed to identify tumor tissue within whole slide histology is evaluated on a held-out
120 test set and achieves an area under the receiver operator characteristics curve (AUROC) of 0.88, which is
121 similar to the AUROC of 0.92 achieved on training data, shown in Figure 2B and [2C. Using this model
122 as a first-stage tumor filter, the remaining tiles are passed through for classification according to the three
123 approaches described above. The receiver operator characteristic curves for each of the three modeling
124 approaches for correctly classifying metastatic origin of whole slide histologies are shown in Figure[3] In general,
125 'we observe a consistent improvement in classification when employing the transfer learning approach, shown
126 in green, particularly in cases of cystadenocarcinomas, sarcomas, and colonic adenocarcinomas. However, we
127 also observe a few instances where transfer learning appears to confer a negative effect on model performance,
128 such as in the case of adrenal cortical carcinomas, gastrointestinal stromal tumors, and tumors of kidney
120 origin. Underlying explanations for drop in performance using transfer learning for these cases are not
130 fully understood, though performance differentials may be at least partially explained by indication-specific
1:1 - morphological heterogeneity and limited available training data to adequately capture all degrees of spatial
132 variation. Nevertheless, we report a mean AUROC for the primary-to-metastatic transfer learning model of
133 0.779, which outperforms a similar model trained only on primary tumors (mean AUROC of 0.691) and a

13 similar model trained only on metastatic tumors (mean AUROC of 0.675).

s 3.1 Spatial and Differential Predictions

13 The ROCs shown in Figure [3]| evaluate classification performance for each class with respect to each of the
137 remaining classes, providing a metric for how often the learned model’s maximum likelihood prediction

138 correctly aligns with the true metastatic origin associated with each sample. Here we evaluate both spatially-
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130 refined predictions as well as the differential diagnoses generated by the best-performing model. Figure A
10 illustrates how per-tile predictions are distributed within an example whole slide image. Class-confusion
11 matrices are shown in Figure B which illustrate the degree to which certain cases are mistaken for others.
142 In this example case shown in Figure [4JA, the clinical diagnosis is a squamous carcinoma tumor, yet the
13 model incorrectly predicted the case to be a gastrointestinal stromal tumor with 35% confidence. However,
1a  Squamous carcinoma was the second most likely class with a model confidence of 18.3%. This perspective
s reflects that of a clinician’s differential diagnosis which may consider a set of underlying conditions responsible
s for manifestation of disease. We interpret the model’s differential diagnoses as the most likely predictions
1z apart from the most likely prediction, analogous to how a practicing pathologist may suggest several potential
s indications which require confirmation through secondary assay such as an immunohistochemistry stain.
1o Figure [IC illustrates this differential diagnosis for the trained model by plotting the rank of the true label on
10 the x-axis. In the example shown in Figure @A, the rank of the true label would be two, since the correct
151 label was the model’s second most-likely prediction and the model’s confidence in that prediction on the
1.2 y-axis. In this analysis we observe a steep roll-off as we move to the right, suggesting that although the
153 model’s most likely prediction is correct 55% of the time, the probability that the correct guess is within the

152 top six predictions from fourteen tumor types is greater than 90%.

s 3.2 Primary-Metastatic Feature Divergence

156 We next test the hypothesis that structural or morphological differences between primary tumors and their
157 metastatic counterparts may affect the efficacy of our transfer learning approach. In this analysis, we randomly
155 sub-sampled 5000 tiles from each of the 14 classes across each of the whole slide images in the study. As
10 a sanity check, we include all tissue samples from normal liver from both primary and metastatic cancers,
10 but otherwise filter out normal tissue from other origins using the classification models described above.
11 With these tiles we train a 64-feature variational autoencoder (VAE) [I8] to learn a latent representation of
1.2 each of the histopathological tiles included in the entire data set used in this study. Latent representations
163 are embedded into two dimensions using the t-stochastic neighbor embedding algorithm [I9] and shown in
1a  Figure [(JA. The 2D coordinate tSNE plane is faceted according to the densities of tiles drawn from each of
165 the fourteen tumor types being classified and colored according to whether the tiles are drawn from images of
166 either primary or metastatic tumor tissue. Intuitively, two distributions that are identical, meaning they
167 share the same morphological features and image content, should perfectly overlap with each other, such as
168 the instances of normal liver, which are expected to be highly concordant between primary and metastatic

160 cancers. In principle, if tiles of a given cancer type look identical in both primary and metastatic images,
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170 then their distributions of tiles should perfectly overlap in this feature representation. Other examples
12 show similar but not complete overlap, particularly in the cases of colonic adenocarcinomas and pancreatic
172 adenocarcinomas. However, other samples appear to be more widely distributed and non-overlapping, such as
1z neuroendocrine carcinomas and squamous carcinomas. Some cases, such as leiomyosarcomas, appear strongly
172 bimodal, suggesting that some tiles share similar features while others do not.

175 We quantify the degree to which two non-overlapping distributions differ using the Kullback-Leibler
176 divergence metric. This metric is computed for each of the learned latent features and visualized as a pair of
17z boxplot distributions in Figure 5B which capture the difference between each class of primary tumors with
17s  respect to everything else in the dataset (red boxes), and with respect to the class’ metastatic counterparts
17 (blue boxes). We compute the mean KL divergence across each of the learned features to quantify the
180 statistical dissimilarity between primary and metastatic tiles across each of the fourteen classes, and then
1.1 measure the correlation between mean KL divergence and the model’s reported per-class AUROC performance,
1.2 shown in Figure [5JC. We measure a slight linear association with a correlation of 0.317, suggesting a very slight
183 association between a greater divergence between primary and metastatic samples and model’s classification

1sa performance in the transfer learning setting.

s 4 Discussion

1ss  This work illustrates that incorporating primary tumor histology into pre-training a histopathological
17 classification of metastatic samples confers advantage in classification performance relative to models trained
18s only on images of primary or only on images of metastatic tumors. Further, we illustrate that the degree to
180 which primary and metastatic cancers may be statistically similar based on image content may affect the
100 degree to which transfer learning benefits the modeling process.

101 This work has a number of limitations that may limit the extensibility of its findings. In particular, this
102 study was limited to fourteen distinct classes of metastatic origin that were treated independently within
103 the learning model. Future efforts may necessitate larger data sets with greater class-specific coverage to
104 ensure robust ability to generalize both inter- and intra-class accuracy. This work also ignores shared latent
105 features of tumor tissue that may be clinically relevant to rendering an accurate diagnosis of metastatic origin.
16 Namely, this work ignores any other clinical feature of interest that may be relevant to this task, such as
107 age, gender, medical history, and incidence of other disease phenotypes. This work also presents the clinical
108 challenge of inferring metastatic origin in a simplified setting, when in practice a pathologist uses both other
100 clinical covariate factors as well as obtainable results from axillary testing such as immunohistochemistry or

200 genomic sequencing to guide their diagnostics.
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201 The use of unsupervised feature extraction methods to infer feature divergence between primary and
202 metastatic cancers also has a number of limitations. Like other efforts that incorporate these kinds of learning
203 models, the learned feature space is subject to discrepancies, a lack of interpretability, and inconsistency in
200 feature space embedding with similar input images. Although exploratory, it might be reasonable to use
205 the relative dispersal of samples within a learned feature space to infer the heterogeneity or variability of
206 intra-class samples so as to guide researchers in determining an adequate number of representative samples
207 S0 as to cover an inferred feature space.

208 This work presents a number of future directions, in particular opening up the opportunity to explore
200 clinical application of augmented inference of metastatic origin on a pathologist’s classification performance
210 and with respect to the selection of confirmatory immunohistochemistry stains chosen to infer metastatic
211 origin. Overall these results reinforce the importance of pre-training computer vision systems in digital
212 pathology as a mechanism to overcome limitations in data set size for niche questions of narrow scope. Future
213 efforts are expected to expand upon these findings by incorporating large public data sets into training
212 paradigms to further enhance the capabilities of computer vision systems to infer the origin of metastatic

215 cancers from whole slide histology.

26 Acknowledgments

217z We extend our thanks to the staff at the OHSU Knight BioLibrary for their support in data access and
218 dissemination. Further, we gratefully acknowledge the resources of the Exacloud high performance computing
210 environment developed jointly by OHSU and Intel and the technical support of the OHSU Advanced

220 Computing Center.

. Conflicts of interest

222 No conflicts of interest, financial or otherwise, are declared by the authors.

= Kthics approval and consent to participate

224 This study did not require ethical approval.


https://doi.org/10.1101/2021.04.21.440864
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.04.21.440864; this version posted April 22, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

s Author contributions

26  GFS, EAB, CC, and YHC conceived of and developed the design of this study. CC and HG provided
22z pathological annotation of images used throughout this work. GT and JWG supervised and provided direct

22e technical contributions to this work.

= Funding

230 This work was supported in part by the National Cancer Institute (U54CA209988, U2CCA233280), the OHSU
2a1 Center for Spatial Systems Biomedicine, the Knight Diagnostic Laboratories, and a Biomedical Innovation

232 Program Award from the Oregon Clinical & Translational Research Institute.

= Data availability

23a The datasets generated and/or analyzed during the current study are not publicly available but are available

235 from the corresponding author on reasonable request.

= References

237 [1] Hanna Dillekds, Michael S Rogers, and Oddbjgrn Straume. Are 90% of deaths from cancer

238 caused by metastases? Cancer medicine, 8(12):5574-5576, sep 2019. ISSN 2045-7634. doi:
230 10.1002/cam4.2474. URL https://pubmed.ncbi.nlm.nih.gov/31397113https://www.ncbi.nlm.nih,
240 gov/pmc/articles/PMC6745820/.

2a1 [2] Marina Bacac and Ivan Stamenkovic. Metastatic cancer cell. Annual Review of Pathology: Mechanisms
242 of Disease, 3(1):221-247, 2008. doi: 10.1146/annurev.pathmechdis.3.121806.151523. URL https:

243 //doi.org/10.1146/annurev.pathmechdis.3.121806.151523 PMID: 18233952.

2as  [3] Geoffrey F Schau, Erik A Burlingame, Guillaume Thibault, Tauangtham Anekpuritanang, Ying Wang,

245 Joe W Gray, Christopher Corless, and Young Hwan Chang. Predicting primary site of secondary liver
246 cancer with a neural estimator of metastatic origin. Journal of Medical Imaging, 7(1):1-9, feb 2020. doi:
247 10.1117/1.JMIL.7.1.012706. URL https://doi.org/10.1117/1.JMI.7.1.012706.

2 [4] Joel Saltz, Rajarsi Gupta, Le Hou, Tahsin Kurc, Pankaj Singh, Vu Nguyen, Dimitris Samaras, Kenneth R.
240 Shroyer, Tianhao Zhao, ReJoel Saltz, Rajarsi Gupta, Le Hou, Tahsin Kurc, Pankaj Singh, Vu Nguyen,

250 Dimitris Samaras, Kenneth R. Shroyer, Tianhao Zhao, Rebecca Batiste, John Van Arnam, Ilya The


https://pubmed.ncbi.nlm.nih.gov/31397113 https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6745820/
https://pubmed.ncbi.nlm.nih.gov/31397113 https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6745820/
https://pubmed.ncbi.nlm.nih.gov/31397113 https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6745820/
https://doi.org/10.1146/annurev.pathmechdis.3.121806.151523
https://doi.org/10.1146/annurev.pathmechdis.3.121806.151523
https://doi.org/10.1146/annurev.pathmechdis.3.121806.151523
https://doi.org/10.1117/1.JMI.7.1.012706
https://doi.org/10.1101/2021.04.21.440864
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.04.21.440864; this version posted April 22, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

251 Cancer Genome Atlas Research Network, Shmulevich, Arvind U.K. Rao, Alexander J. Lazar, Ashish
252 Sharma, and Vesteinn Thorsson. Spatial Organization and Molecular Correlation of Tumor-Infiltrating
253 Lymphocytes Using Deep Learning on Pathology Images. Cell Reports, 23(1):181-193.e7, 2018. ISSN
254 22111247. doi: 10.1016/j.celrep.2018.03.086.

25 [5] Meenhard Herlyn, Gloria Balaban, Jeannette Bennicelli, DuPont Guerry IV, Ruth Halaban, Dorothee

256 Herlyn, David E Elder, Gerd G Maul, Zenon Steplewski, Peter C Nowell, Wallace H Clark, and
257 Hilary Koprowski. Primary Melanoma Cells of the Vertical Growth Phase: Similarities to Metastatic
258 Cells2. JNCI: Journal of the National Cancer Institute, 74(2):283-289, feb 1985. ISSN 0027-8874. doi:
250 10.1093/jnci/74.2.283. URL https://doi.org/10.1093/jnci/74.2.283

260 [6] Man-Hung Eric Tang, Malin Dahlgren, Christian Brueffer, Tamara Tjitrowirjo, Christof Winter, Yilun

261 Chen, Eleonor Olsson, Kun Wang, Therese Torngren, Martin Sjéstrom, Dorthe Grabau, Péar-Ola
262 Bendahl, Lisa Rydén, Emma Niméus, Lao H Saal, Ake Borg, and Sofia K Gruvberger-Saal. Remarkable
263 similarities of chromosomal rearrangements between primary human breast cancers and matched distant
264 metastases as revealed by whole-genome sequencing. Oncotarget, 6(35):37169-37184, nov 2015. ISSN
265 1949-2553. doi: 10.18632/oncotarget.5951. URL https://pubmed.ncbi.nlm.nih.gov/26439695https !
266 //www.ncbi.nlm.nih.gov/pmc/articles/PMC4741922/.

267 [7] Wei Jiao, Gurnit Atwal, Paz Polak, Rosa Karlic, Edwin Cuppen, Fatima Al-Shahrour, Gurnit Atwal,

268 Peter J Bailey, Andrew V Biankin, Paul C Boutros, Peter J Campbell, David K Chang, Susanna L
260 Cooke, Vikram Deshpande, Bishoy M Faltas, William C Faquin, Levi Garraway, Gad Getz, Sean M
270 Grimmond, Syed Haider, Katherine A Hoadley, Wei Jiao, Vera B Kaiser, Rosa Karli¢, Mamoru Kato,
271 Kirsten Kiibler, Alexander J Lazar, Constance H Li, David N Louis, Adam Margolin, Sancha Martin,
272 Hardeep K Nahal-Bose, G Petur Nielsen, Serena Nik-Zainal, Larsson Omberg, Christine P’ng, Marc D
273 Perry, Paz Polak, Esther Rheinbay, Mark A Rubin, Colin A Semple, Dennis C Sgroi, Tatsuhiro
274 Shibata, Reiner Siebert, Jaclyn Smith, Lincoln D Stein, Miranda D Stobbe, Ren X Sun, Kevin Thai,
275 Derek W Wright, Chin-Lee Wu, Ke Yuan, Junjun Zhang, Alexandra Danyi, Jeroen de Ridder, Carla
276 van Herpen, Martijn P Lolkema, Neeltje Steeghs, Gad Getz, Quaid Morris, Lincoln D Stein, PCAWG
277 Tumor Subtypes Group, Clinical Translation Working, and PCAWG Consortium. A deep learning
278 system accurately classifies primary and metastatic cancers using passenger mutation patterns. Nature
270 Communications, 11(1):728, 2020. ISSN 2041-1723. doi: 10.1038/s41467-019-13825-8. URL https!
280 //doi.org/10.1038/s41467-019-13825-8.

10


https://doi.org/10.1093/jnci/74.2.283
https://pubmed.ncbi.nlm.nih.gov/26439695 https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4741922/
https://pubmed.ncbi.nlm.nih.gov/26439695 https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4741922/
https://pubmed.ncbi.nlm.nih.gov/26439695 https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4741922/
https://doi.org/10.1038/s41467-019-13825-8
https://doi.org/10.1038/s41467-019-13825-8
https://doi.org/10.1038/s41467-019-13825-8
https://doi.org/10.1101/2021.04.21.440864
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.04.21.440864; this version posted April 22, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

281 [8] Wenyuan Dai, Giang Yang, Gui-Rong Xue, and Yong Yu. Boosting for Transfer Learning. In Proceedings

282 of the 24th International Conference on Machine Learning, pages 193—200, 1997.

283 [9] Yoshua Bengio. Deep Learning of Representations for Unsupervised and Transfer Learning. In JMLR:

284 Workshop and Conference Proceedings 27, pages 17-37, 2012.

25 [10] Yuqing Gao and Khalid M Mosalam. Deep Transfer Learning for Image-Based Structural Damage
286 Recognition. Computer-Aided Civil and Infrastructure Engineering, 33(9):748-768, sep 2018. ISSN
287 1093-9687. doi: 10.1111/mice.12363. URL https://doi.org/10.1111/mice.12363.

ass  [11] Ying Tai, Jian Yang, and Xiaoming Liu. Image super-resolution via deep recursive residual network. In

289 Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), July 2017.

200 [12] Marc Macenko, Marc Niethammer, J S Marron, David Borland, John T Woosley, Xiaojun Guan, Charles
201 Schmitt, and Nancy E Thomas. A method for normalizing histology slides for quantitative analysis.

202 ISBI, pages 1107-1110, 20009.

203 [13] Peter Bankhead, Maurice B. Loughrey, José A. Fernandez, Yvonne Dombrowski, Darragh G. McArt,

204 Philip D. Dunne, Stephen McQuaid, Ronan T. Gray, Liam J. Murray, Helen G. Coleman, Jacqueline A.
208 James, Manuel Salto-Tellez, and Peter W. Hamilton. QuPath: Open source software for digital pathology
206 image analysis. Scientific Reports, 7(1):1-7, 2017. ISSN 20452322. doi: 10.1038/s41598-017-17204-5.

207 [14] Jakob Nikolas Kather. Predicting survival from colorectal cancer histology slides using deep learning : A

208 retrospective multicenter study. Plos Medicine, pages 1-14, 2019.

200 [15] Jeffrey J Nirschl, Andrew Janowczyk, Eliot G Peyster, Renee Frank, B Margulies, Michael D Feldman,
300 and Anant Madabhushi. A deep-learning classifier identifies patients with clinical heart failure using

301 whole-slide images of H & E tissue. PLoS ONE, pages 1-16, 2018.

s02  [16] Shallu and Rajesh Mehra. Breast cancer histology images classification: Training from scratch or transfer
303 learning? ICT Express, 4(4):247-254, 2018. ISSN 24059595. doi: 10.1016/j.icte.2018.10.007. URL

304 https://doi.org/10.1016/j.icte.2018.10.007.

sos [17] Diederik P. Kingma and Jimmy Ba. Adam: A Method for Stochastic Optimization. ICLR, pages
306 1-15, 2015. ISSN 09252312. doi: http://doi.acm.org.ezproxy.lib.ucf.edu/10.1145/1830483.1830503. URL

307 http://arxiv.org/abs/1412.6980.

s0s  [18] Diederik P Kingma and Max Welling. Auto-Encoding Variational Bayes. arXiv preprint, (M1):1-14, 2013.
300 ISSN 1312.6114v10. doi: 10.1051/0004-6361/201527329. URL http://arxiv.org/abs/1312.6114.

11


https://doi.org/10.1111/mice.12363
https://doi.org/10.1016/j.icte.2018.10.007
http://arxiv.org/abs/1412.6980
http://arxiv.org/abs/1312.6114
https://doi.org/10.1101/2021.04.21.440864
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.04.21.440864; this version posted April 22, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

s [19) L J P Van Der Maaten and G E Hinton. Visualizing high-dimensional data using t-

311 sne. Journal of Machine Learning Research, 9:2579-2605, 2008. ISSN 1532-4435. doi:
312 10.1007/s10479-011-0841-3. URL https://lvdmaaten.github.io/publications/papers/
313 JMLR{_}2008.pdf{%,}0Ahttp://www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=pubmed{&}cmd=
312 Retrieve{&}dopt=AbstractPlus{&}1ist{_}uids=7911431479148734548related:V0iAgwMNy20J.

12


https://lvdmaaten.github.io/publications/papers/JMLR{_}2008.pdf{%}0Ahttp://www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=pubmed{&}cmd=Retrieve{&}dopt=AbstractPlus{&}list{_}uids=7911431479148734548related:VOiAgwMNy20J
https://lvdmaaten.github.io/publications/papers/JMLR{_}2008.pdf{%}0Ahttp://www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=pubmed{&}cmd=Retrieve{&}dopt=AbstractPlus{&}list{_}uids=7911431479148734548related:VOiAgwMNy20J
https://lvdmaaten.github.io/publications/papers/JMLR{_}2008.pdf{%}0Ahttp://www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=pubmed{&}cmd=Retrieve{&}dopt=AbstractPlus{&}list{_}uids=7911431479148734548related:VOiAgwMNy20J
https://lvdmaaten.github.io/publications/papers/JMLR{_}2008.pdf{%}0Ahttp://www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=pubmed{&}cmd=Retrieve{&}dopt=AbstractPlus{&}list{_}uids=7911431479148734548related:VOiAgwMNy20J
https://lvdmaaten.github.io/publications/papers/JMLR{_}2008.pdf{%}0Ahttp://www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=pubmed{&}cmd=Retrieve{&}dopt=AbstractPlus{&}list{_}uids=7911431479148734548related:VOiAgwMNy20J
https://doi.org/10.1101/2021.04.21.440864
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.04.21.440864; this version posted April 22, 2021. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Pre-training on Primary Cancers

.-'l Primary Tumor WSis Acquire Human Training/Test WSI Tumor/Non-Tumor Training/Test Cancer Classifier ".‘
i Annofations Spiit Preprocessing Classifier Split
| T _—
I T e . . %J .
’ 5 b A (7o%) - ® =t .
W | subset | | EESE A, | " Tumor
Testing id Tiles
set A Testing £
(30%) set H
(30%)
Transfer
Transfer Learning fo Metastatic Cancers Leaming |,
_." Metastatic Tumor WSls Acquire Human Training/Test WSI Tumor/Non-Tumor Training/Test Metastatic Origin .",_
H Annotations Split Preprocessing Classifier Split Classifier
Tral — [zt “'
Se"':‘\s -‘ﬂ - | Trmr\ng
A o) -y 1 (mw
Ty b L | y Tumor
Tiles
Testing | ¥
Set et Iessg\g
(30%) » (30%)

Figure 1: Transfer learning concept designed to leverage morphological and spatial features of primary
cancer to infer the metastatic origin of secondary cancers. Whole slide images are tiled into non-overlapping
square patches of 128 pixels at 20x magnification. In the top diagram, a subset of whole slide images are
annotated by an expert pathologist to identify tumor tissue in the slide. These annotations are then employed
to train a first-stage classification model that identifies tiles containing tumor tissue. The filter model is
applied to the remaining data to identify tumor tissue within each of the whole slide images. Tiles classified
as tumor tissue are then passed through a second model trained to correctly classify primary tumor type
based on clinical annotation of the whole slide. In the bottom diagram, a similar first-stage classification
model is trained to filter normal tissue surrounding the metastatic cancer prior to a second-stage model
trained to correctly classify the metastatic origin of the tumor tissue. We evaluate the efficacy of transfer
learning by fine-tuning a learning model trained on primary tumors with images of metastatic cancers.
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Figure 2: (A) Data used in this study for both primary and metastatic examples. Due to limitations in data
availability for rare metastatic cancers, data is imbalanced in both whole slide and tile bases. To evaluate the
efficacy of a primary-to-metastatic transfer learning paradigm, we explicitly balance a dataset of primary
tumors to contain the same number of whole slide images. Variation in tile counts is due to natural variation
in histological specimen size. (B) First-stage tumor filtering classification model performance on held-out
testing data (red line, AUROC of 0.88) is similar to performance on seen training data (blue line, AUROC
0.92). (C) Confusion matrix of tumor filter model trained on pathological annotation of tumor regions within
whole slide images.
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Figure 3: Receiver Operator Characteristics (ROC) curves shown for each of the fourteen class predictions
by each of the three training strategies described above: exclusively trained on primary tumors, exclusively
trained on metastatic tumors, and the proposed primary-to-metastasis transfer learning approach. In general,
transfer learning confers a clear benefit to the model’s class-specific performance. However, adrenal cortical
carcinomas and gastrointestinal stromal tumors appear to be exceptions in which transfer learning may
adversely affect model performance. In each case we stratify the classification by tile (solid line) and by whole

slide image (dashed line)
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Figure 4: (A) Example heatmap showing spatially-resolved class-specific predictions made on each tile. This
particular case shows a squamous carcinoma tumor, yet was incorrectly predicted to be a gastrointestinal
stromal tumor by our model with 35% confidence. However, squamous carcinoma was the second most likely
class with model confidence of 18.3%. (B) Confusion matrix from the held-out test set illustrating improved
performance on whole slide images with respect to per-tile predictions. (C) Rank-confidence plot illustrating
the degree to which the model confuses the correct prediction. A steep roll-off is reflected in the inset figure
which measures the cumulative distribution of the rank-confidence values and suggests that while the model
might not correctly predict the true class as its first choice, the correct choice is likely to be within the top
six predictions with 90% likelihood.
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Figure 5: (A) A tSNE projection of image patches projected into two dimensions based on a learned
representation of image content. Densities of tiles are shown for both primary and metastatic cases for
each of the fourteen tumor types. Intuitively, if two distributions were perfectly overlapping, then their
image content and tissue morphology distributions would be identical from images of primary and images of
metastatic cancers. However, distributions that differ suggest shifts in morphology or image content following
metastasis. (B) Quantitative estimation of distributional separation is computing using the Kullback-Leibler
divergence (KLD) metric. The blue boxplots measure divergence between each primary tumor type to each
other metastatic tumor type, while the red boxplots measure divergence between each primary tumor type to
every other primary tumor type. (C) Plotting the KLD of each tumor type’s primary-metastatic divergence
with respect to the model’s performance as measured by the area under the receiver operator characteristics
curve (AUROC) reveals weak positive correlation, suggesting that increases in the divergence between primary
and metastatic tile populations may only marginally improve the efficacy of transfer learning.
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