
Appendix A Supplementary tables and figures

Table A1: Number of genes, Whole Slide Images and unique number
of patients used from each cancer type in TCGA.

TCGA project number genes number WSIs number patients
TCGA-BRCA 25,761 1,130 1,059
TCGA-LUAD 25,812 536 473
TCGA-LUSC 26,443 510 476
TCGA-GBM 26,530 237 102
TCGA-PRAD 25,587 448 401
TCGA-PAAD 26,172 202 176
TCGA-KIRP 25,141 299 275
TCGA-KIRC 26,653 514 508
TCGA-COAD 23,645 455 447
total 4,331 3,917

Table A2: Number of genes, Whole Slide Images and unique number
of patients used from each cancer type in CPTAC.

CPTAC project number genes number WSIs number patients
CPTAC-BRCA 25,761 106 106
CPTAC-CCRCC 26,653 302 211
CPTAC-COAD 23,645 103 103
CPTAC-GBM 26,530 94 94
CPTAC-LUAD 25,812 222 222
CPTAC-LSCC 26,443 109 108
CPTAC-PDA 26,172 146 146
total 1,081 989

Table A3: Number of genes, Whole Slide Images and unique num-
ber of patients used from each normal tissue in GTex.

GTex project number genes number WSIs number patients
GTex-Brain 19,198 238 238
GTex-Colon 19,198 405 405
GTex-Kidney 19,198 65 65
GTex-Lung 19,198 530 530
GTex-Pancreas 19,198 325 325
GTex-Prostate 19,198 239 239
total 1,802 1,802

Table A4: Number of genes significantly well predicted in the TCGA test sets. N
shows the total number of slides available for each cancer type.

he2rna scratch he2rna pretrain sequoia scratch sequoia pretrain
BRCA (N = 1130) 1,429 2,902 12,239 11,069
LUAD (N = 536) 413 601 9,747 8,759
KIRC (N = 514) 0 66 6,985 10,086
LUSC (N = 510) 22 6 5,269 4,919
COAD (N = 455) 2,348 464 6,090 7,740
PRAD (N = 448) 973 2,124 8,895 10,825
KIRP (N = 299) 626 336 8,884 7,905
GBM (N = 237) 983 1,303 4,208 2,498
PAAD (N = 202) 314 387 418 3,378
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Table A5: Median correlation coefficient between prediction and
ground truth in TCGA test set for top 1000 genes within each model.
Top genes defined as genes with highest correlation coefficient for each
model type.

he2rna scratch he2rna pretrain sequoia scratch sequoia pretrain
BRCA 0.120 0.200 0.327 0.282
LUAD 0.116 0.117 0.284 0.269
KIRC 0.090 0.108 0.229 0.300
LUSC 0.097 0.088 0.199 0.206
COAD 0.223 0.141 0.268 0.310
PRAD 0.128 0.205 0.321 0.303
KIRP 0.164 0.135 0.368 0.333
GBM 0.188 0.205 0.289 0.242
PAAD 0.169 0.164 0.173 0.265

Table A6: Median RMSE values between prediction and ground truth
in TCGA test set within each model.

he2rna scratch he2rna pretrain sequoia scratch sequoia pretrain
BRCA 0.559 0.476 0.456 0.449
LUAD 0.543 0.488 0.471 0.452
KIRC 0.576 0.457 0.379 0.386
LUSC 0.635 0.524 0.451 0.456
COAD 0.613 0.555 0.422 0.413
PRAD 0.693 0.388 0.352 0.348
KIRP 0.702 0.472 0.432 0.445
GBM 0.727 0.492 0.389 0.420
PAAD 0.906 0.695 0.376 0.395

Table A7: Number of genes validated in the CPTAC cohort using the HE2RNA
model versus the SEQUOIA model.

Cancer Abbreviation he2rna pretrain sequoia pretrain
Breast invasive carcinoma BRCA 11 (0.4%) 8,587 (78%)
Lung squamous cell carcinoma LUSC (LSCC) 0 (0.0%) 3,560 (72%)
Kidney renal clear cell carcinoma KIRC (CCRCC) 0 (0.0%) 7,259 (72%)
Lung adenocarcinoma LUAD 1 (0.1%) 5,330 (61%)
Glioblastoma multiforme GBM 0 (0.0%) 1,464 (59%)
Colon adenocarcinoma COAD 1 (0.2%) 3,941 (51%)
Pancreatic adenocarcinoma PAAD (PDA) 1 (0.3%) 1,177 (35%)

Table A8: Median Earth Mover’s Distance
between prediction and ground truth for top
500 genes from TCGA test set evaluated on dif-
ferent slides in spatial validation cohort.

slide ID median EMD slide ID median EMD

242 0.116 266 0.096
243 0.152 268 0.238
248 0.170 269 0.128
251 0.171 270 0.134
255 0.113 275 0.132
259 0.123 296 0.138
260 0.131 304 0.121
262 0.126 313 0.179
265 0.174 334 0.197
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Fig. A1: Characterization of the well-predicted genes. a) Venn diagram showing the number of well
predicted genes in the estrogen-receptor (ER) positive and ER negative breast cancer. b) The proportion of
protein-coding genes, miRNAs and lncRNAs among the well predicted genes from each cancer type. c) Circos
plot showing the biological processes associated with the well predicted genes in LUSC. d) Heatmap showing
the significant P values for the enrichment of cell-type signatures across cancer types. Color and size of the
circles represent the negative log-transformed P values. Integers represent the absolute gene count in each
category, and non-significant categories are left in blank. P values were adjusted for multiple testing using the
Benjamini–Hochberg method. e) Kaplan-Meier curves of recurrence-free survival in the METABRIC validation
dataset (n = 2,262 patients). Patients were split by the median risk score. HR: hazard ratio.22
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Fig. A2: P values for testing the distributions of correlation coefficients for the top 1,000 most
accurately predicted genes obtained from each model. A P value is calculated for each pairwise compar-
ison using a one-sided Mann-Whitney U test for the hypothesis that model x is larger than model y, formatted
on the left axis as x-y.

Fig. A3: P values for testing the distributions of RMSE values between each of the two models. A
P value was calculated for each pairwise comparison using a one-sided Mann-Whitney U test for the hypothesis
that model x is smaller than model y, formatted on the left axis as x-y.

Fig. A4: Data splitting. First, five folds are made each of which consist of a ‘global’ train and test set. The
‘global’ train set is further split into a train (90%) and validation (10%) set. In each fold i, validation set i is
used to determine the optimal point to stop training model i, which is then evaluated on test set i. Afterwards,
predictions on patients from test sets i (i = 1..5) are concatenated before calculating performance measures (e.g.
Pearson correlation between predicted gene expression and ground truth expression across patients).
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Razavian, N., Tsirigos, A.: Classification and mutation prediction from non–small cell lung cancer
histopathology images using deep learning. Nature medicine 24(10), 1559–1567 (2018)
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