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a b s t r a c t 

Triple-negative breast cancer (TNBC) is the most challenging breast cancer subtype. Molecular stratification and 

target therapy bring clinical benefit for TNBC patients, but it is difficult to implement comprehensive molecular 

testing in clinical practice. Here, using our multi-omics TNBC cohort ( N = 425), a deep learning-based frame- 

work was devised and validated for comprehensive predictions of molecular features, subtypes and prognosis 

from pathological whole slide images. The framework first incorporated a neural network to decompose the 

tissue on WSIs, followed by a second one which was trained based on certain tissue types for predicting differ- 

ent targets. Multi-omics molecular features were analyzed including somatic mutations, copy number alterations, 

germline mutations, biological pathway activities, metabolomics features and immunotherapy biomarkers. It was 

shown that the molecular features with therapeutic implications can be predicted including the somatic PIK3CA 

mutation, germline BRCA2 mutation and PD-L1 protein expression (area under the curve [AUC]: 0.78, 0.79 and 

0.74 respectively). The molecular subtypes of TNBC can be identified (AUC: 0.84, 0.85, 0.93 and 0.73 for the 

basal-like immune-suppressed, immunomodulatory, luminal androgen receptor, and mesenchymal-like subtypes 

respectively) and their distinctive morphological patterns were revealed, which provided novel insights into the 

heterogeneity of TNBC. A neural network integrating image features and clinical covariates stratified patients 

into groups with different survival outcomes (log-rank P < 0.001). Our prediction framework and neural network 

models were externally validated on the TNBC cases from TCGA ( N = 143) and appeared robust to the changes 

in patient population. For potential clinical translation, we built a novel online platform, where we modularized 

and deployed our framework along with the validated models. It can realize real-time one-stop prediction for 

new cases. In summary, using only pathological WSIs, our proposed framework can enable comprehensive strati- 

fications of TNBC patients and provide valuable information for therapeutic decision-making. It had the potential 

to be clinically implemented and promote the personalized management of TNBC. 
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. Introduction 

Breast cancer has become the most commonly diagnosed cancer ac-

ording to the recent global cancer estimates [1] . Triple-negative breast

ancer (TNBC) encompasses a subset of breast cancers that lack expres-

ion of the estrogen receptor (ER), progesterone receptor (PR), and hu-

an epidermal growth factor receptor 2 (HER2). It accounts for 15% to

0% of newly diagnosed breast cancer cases [ 2 , 3 ]. Compared with hor-

one receptor-positive or HER2-positive breast cancer, TNBC has highly
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ggressive biological behavior and is associated with a poor prognosis

 3 , 4 ]. 

Much effort has gone into the molecular characterization of TNBC in

he past decades [5–7] . Our research team has performed multi-omics

rofiling of a large cohort of TNBC and characterized its genomic, tran-

criptomic, germline, metabolic and microenvironmental alterations [8–

1] . A following umbrella clinical trial (NCT03805399) demonstrated

hat the molecular stratification and tailored target therapy can bring

linical benefit for patients with refractory TNBC [12] . Despite these en-
 (Y.-Z. Jiang), xujung@gmail.com (J. Xu), zhimingshao@fudan.edu.cn (Z.-M. 

Ai Communications Co. Ltd. This is an open access article under the CC 

https://doi.org/10.1016/j.fmre.2022.06.008
http://www.ScienceDirect.com/science/journal/26673258
http://www.keaipublishing.com/en/journals/fundamental-research/
http://crossmark.crossref.org/dialog/?doi=10.1016/j.fmre.2022.06.008&domain=pdf
https://cstr.cn/BRID-07893.00.52913
https://cstr.cn/BRID-06131.00.61505
https://cstr.cn/BRID-06589.00.68826
mailto:yangwt2000@163.com
mailto:yizhoujiang@fudan.edu.cn
mailto:xujung@gmail.com
mailto:zhimingshao@fudan.edu.cn
https://doi.org/10.1016/j.fmre.2022.06.008
http://creativecommons.org/licenses/by-nc-nd/4.0/


S. Zhao, C.-Y. Yan, H. Lv et al. Fundamental Research 4 (2024) 678–689

c  

u  

d  

c  

t  

a

 

i  

a  

b  

c  

h  

c  

u  

t  

a  

t  

t  

a  

[  

s  

s  

o  

a  

a  

t  

[  

e  

N  

t  

v  

w  

c

 

v  

C  

a  

m  

o  

p

2

2

 

m  

s  

t  

c  

s  

(  

t  

T  

d  

m  

S

2

 

e  

r  

t  

2

2  

c  

o  

t  

T  

w  

I  

a  

t  

w  

h  

v

 

p  

S

2

 

[  

w  

w  

t  

C  

W  

f  

t  

R  

t  

S  

v  

a

3

3

 

w  

t  

a  

i  

a  

t  

w  

t  

r  

(  

t  

t  

v

 

c  

p  

a

3

 

m  

r  

w  

t  

[  

s  

u  

w  
ouraging findings, the wide implementation of comprehensive molec-

lar testing is still difficult in either clinical trials or routine practice

ue to its high cost, long turnaround time and complicated technologi-

al process. Thus, for better clinical translation of our research findings,

here is a need for an inexpensive, fast and convenient approach to re-

lize the molecular stratification of TNBC patients. 

In recent years, the advent of deep learning has revolutionized the

mage analysis field and it has been increasingly used in medical im-

ge analysis. Certain molecular alterations can influence the biological

ehavior of tumor cells and was subsequently reflected on pathologi-

al morphology [ 13 , 14 ]. The application of deep learning algorithm to

ematoxylin and eosin (H&E) stained whole slide images (WSIs) can

apture these morphological patterns to infer the corresponding molec-

lar alterations. Based on this rationale, Kather et al. explored the detec-

ion of microsatellite instability in intestinal cancer [ 15 , 16 ]. Woerl et al.

nd Sirinukunwattana et al. built digital pathology-based classifiers for

he molecular subtyping of bladder cancer and colorectal cancer respec-

ively [ 17 , 18 ]. Kather et al. and Fu et al. performed pan-cancer studies

nd found that numerous molecular features can be inferred from WSIs

 19 , 20 ]. These studies demonstrated the feasibility of cancer molecular

tratification based on digital pathology and deep learning, but they had

ome limitations. First, most studies incorporated manual annotation

f tumor tissue by pathologists, which required pathological expertise

nd led to much additional manual operation and lowered scalability

nd reproducibility of the workflow. Kather et al. used a tumor detec-

or, but it was only suitable for targets associated with the tumor tissue

16] . Second, only the two pan-cancer studies by Kather et al. and Fu

t al. examined a relatively broad class of molecular features [ 19 , 20 ].

evertheless, there were still some other important molecular features

hat were not analyzed including tumor metabolic features and germline

ariant spectrum. Third, none of these studies packaged their models or

orkflows into an easy-to-use tool, which greatly limited the potential

linical use. 

In this study, using the multi-omics TNBC cohort from Fudan Uni-

ersity Shanghai Cancer Center (FUSCC) and the TNBC cases from The

ancer Genome Atlas (TCGA), we developed a deep learning-based im-

ge analysis framework and explored the predictions of a wider range of

olecular features and patient prognosis from pathological WSIs. Based

n our findings, we built an online platform tool for real-time one-stop

rediction and potential clinical implementation. 

. Materials and methods 

.1. Data source 

Our study comprised two cohorts. The discovery cohort was the

ulti-omics TNBC cohort from FUSCC, which was established as de-

cribed in our previous study [8] . The paraffin-embedded H&E stained

umor slides were collected and scanned. 425 digital WSIs (from 425

ases) were determined for analysis. The external validation cohort con-

isted of the TNBC cases from the TCGA dataset. 143 diagnostic slides

from 143 cases) were used which were collected from different cen-

ers. The patient clinicopathological characteristics were outlined in

able S1. The somatic mutation, mRNA expression and copy number

ata were available for both cohorts, while the germline mutation and

etabolomics data were only available for the FUSCCTNBC cohort (Fig.

1). 

.2. Deep learning-based framework 

A deep learning-based framework was established to develop mod-

ls for predicting multi-omics molecular features and patient relapse

isk from pathological WSIs ( Fig. 1 a). In brief, the scanned WSIs of

umor slides were first tessellated into 256 × 256 pixel image tiles at

0 × magnification which is consistent with the previous studies [21–

3] . The background tiles were filtered out and structure-preserved
679
olor normalization was performed (Fig. S2, see “Supplementary Meth-

ds ”) [24] . These steps generated several hundred to more than twenty

housand of non-background color-normalized tiles per WSI (Fig. S3).

hen, the framework contained two separate convolutional neural net-

orks (CNNs) in series. The first was a tile-level tissue type classifier.

t served as a filter for tiles of certain tissue types which were associ-

ted with the prediction target. The second CNN was trained based on

hese tiles for predicting different targets. Three-fold cross-validation

as adopted for model training and validation in the FUSCCTNBC co-

ort. The best models were applied to the TCGATNBC cohort for external

alidation ( Fig. 1 b). 

Detailed methods for data collection, image preprocessing, all ex-

eriments and analyses, and platform establishment are described in

upplementary Methods. 

.3. Statistical analysis 

Deep learning experiments were performed in Python with Pytorch

25] . For tissue type classification, the accuracy was measured by the

eighted F1 score [26] . For molecular feature prediction, the accuracy

as measured by receiver operating characteristics (ROC) analysis using

he area under the curve (AUC) with 95% confidence interval (CI) [27] .

ontinuous variables were compared between groups using the Mann-

hitney U test. False discovery rates (FDRs) were calculated to account

or multiple testing using the R function “p.adjust ” [28] . All tests were

wo-sided, and an FDR of < 0.1 was considered statistically significant.

elapse-free survival (RFS) was defined as the time from diagnosis to

he first relapse, a contralateral breast cancer or death due to any cause.

urvival curves were plotted using the Kaplan-Meier method and sur-

ival differences were compared between groups using the log-rank test

nd Cox proportional hazards models. 

. Results 

.1. Tile-level tissue type classification 

To select certain types of image tiles for the following predictions,

e developed a tile-level tissue type classifier. We manually annotated

issue regions of tumor, stroma, immune infiltrates, normal breast gland

nd necrosis/hemorrhage on 20 WSIs and divided the annotated areas

nto 256 × 256 pixel tiles (Fig. S4). We used 100,066 tiles for training

nd 15,034 tiles for validation ( Fig. 2 a). Tiles were fed into the pre-

rained ResNet-18 network for fine-tuning. The best model achieved a

eighted F1 score of 0.96 in the validation set. For all five tissue types,

he classification accuracy achieved near 90% ( Fig. 2 b). The internal

epresentations of image tiles were visualized through the tSNE method

 Fig. 2 c). Tissue types aggregated in separate clusters, which indicated

hat the deep features learned by our model can discriminate these five

issue types. The tissue type segmentation results further verified the

alidity of our classifier ( Fig. 2 d). 

This tissue type classifier was applied to all image tiles from our two

ohorts to categorize them into the five tissue types. For the following

rediction tasks, tiles of certain types were sampled which were associ-

ted with the prediction target (Table S2). 

.2. Predictions of multi-omics molecular features 

In this section, we aimed to develop CNN models for predicting

ulti-omics molecular features from WSIs. To select an efficient neu-

al network architecture with suitable deep learning hyperparameters,

e used the prediction of somatic PIK3CA mutation, which was a known

herapeutic target, as a benchmark task (see “Supplementary Methods ”)

 29 , 30 ]. We compared the difference in the prediction accuracy mea-

ured by ROC analysis and average training time among four commonly

sed CNN architectures with different settings. The ResNet-18 network

ith all layers trainable showed relatively high accuracy with moderate
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Fig. 1. Study overview. (a) Deep learning-based prediction framework. The framework architecture comprises two separate convolutional neural networks (CNNs) 

in series. The first is a tissue type classifier, which is developed based on 20 WSIs with pixel-level tissue type annotations. It enables automatic sampling of certain 

types of image tiles which are associated with the prediction target. The second CNN is trained based on the sample tiles for different targets. (b) Data usage 

and modeling strategies. Models are trained and validated in the FUSCCTNBC cohort through three-fold cross-validation. For each fold, the model that shows the 

highest prediction accuracy in the validation set is determined. The prediction scores generated by the three best models for their corresponding validation set are 

concatenated. Thus, each patient obtains a prediction score, but none of the patients has ever been a member of the training set and validation set at the same time. 

Based on this prediction score, performance metrics for cross-validation are calculated. Then, all of the three models are applied to the patients from the TCGATNBC 

cohort. Each patient obtains three prediction scores and the average is used as the final prediction. Based on this final prediction, performance metrics for external 

validation are calculated. Abbreviations: TNBC, triple-negative breast cancer; WSIs, whole slide images; FUSCC, Fudan University Shanghai Cancer Center; TCGA, 

The Cancer Genome Atlas. 
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raining time and therefore was selected for the following tasks (Fig. S5;

able S3). 

We first developed CNN models to predict somatic mutations with

 frequency of ≥ 4% in the FUSCCTNBC cohort. The cross-validation

UC ranged from 0.66 to 0.80 ( Fig. 3 a; Table S4). PIK3CA mutation

an be predicted with an AUC of 0.78 (95% CI: 0.71-0.86). Second,

e aimed to predict the recurrent focal copy number alterations. We

oncentrated on the top five frequent focal amplifications and deletions

nd the AUCs were between 0.57 and 0.68 ( Fig. 3 b; Table S5). Third,

e explored the predictions of germline mutations and found that the

RCA2 mutation can be predicted with an AUC of 0.79 (95% CI: 0.67-

.91) ( Fig. 3 c; Table S6). Fourth, we examined whether certain biologi-

al states or processes can be inferred from pathological WSIs. The gene

et enrichment analysis (GSEA) scores of ten cancer-related hallmark

ene sets were calculated and used as the labels (see “Supplementary

ethods ”) [ 31 , 32 ]. The AUCs ranged from 0.69 to 0.82 ( Fig. 3 d; Table

7). Fifth, using the metabolomics data, we calculated the abundance

cores for certain category metabolites or metabolic pathways and de-
680
eloped models to predict these scores [33] . The accuracy was highest

or predicting the abundance of fatty acid metabolites with an AUC of

.70 (95% CI: 0.64-0.76) ( Fig. 3 e; Table S8). Sixth, since immunother-

py has been shown great potential as an effect therapy for TNBC, we

ried to predict the biomarkers that were associated with immunother-

py response (see “Supplementary Methods ”) [34–36] . The AUCs ranged

rom 0.70-0.87. The stromal tumor-infiltrating lymphocytes (sTILs) and

D-L1 immune cell score, which were commonly used biomarkers, can

e predicted with AUCs of 0.87 (95% CI: 0.84-0.91) and 0.74 (95% CI:

.69-0.79) respectively ( Fig. 3 f; Table S9). 

We investigated which morphological patterns held clues for the

olecular features that can be predicted through visualization analy-

is (see “Supplementary Methods ”). We visually reviewed the repre-

entative tiles from the true positive patients with the highest pre-

iction confidence. The prediction for somatic PIK3CA mutation and

ermline BRCA2 mutation displayed evident correlation with differ-

nt patterns. Tiles indicating somatic PIK3CA mutation contained large

umor cells with abundant cytoplasm and evident nucleolus. By con-
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Fig. 2. Development of convolutional neural network models for automatic tissue type classification on whole slide images. (a) Training and validation 

sets for the development of tissue type classifier. (b) Confusion matrix of tissue type classification results in the validation set. (c) Visualization of the internal 

representation of image tiles by applying the tSNE method to the deep features extracted by the classification model. (d) One example of tissue segmentation results 

from the validation set. Whole slide image scale bar, 4 mm. 
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rast, those indicating BRCA2 mutation were characterized by densely

istributed tumor cells ( Fig. 3 g-h). This analysis indicated the biologi-

al mechanisms of how these alterations influenced cancer growth and

rogression. 

.3. Predictions of TNBC molecular subtypes 

Molecular subtyping of TNBC has deconstructed the molecular por-

raits of this heterogeneous disease. Subtyping-based treatment strat-

gy has been demonstrated to be effective in clinical trials [12] . In

his section, we explored the use of deep learning algorithm to in-

er the TNBC molecular subtypes from WSIs. We first developed mod-

ls to identify each of the four subtypes. The AUC was 0.84 (95%

I: 0.80-0.88) for identifying the BLIS subtype, 0.85 (95% CI: 0.79-

.90) for the IM subtype, 0.93 (95% CI: 0.90-0.96) for the LAR sub-

ype and 0.73 (95% CI: 0.65-0.81) for the MES subtype ( Fig. 4 a-d; Ta-

le S10). We next integrated the prediction scores from the four mod-

ls and compared them with the subtype probability scores from our

nitial molecular subtyping which is determined by mRNA-based k-

eans clustering (see “Supplementary Methods ”) [8] . The comparison

f score distributions indicated a high level of concordance in most cases

 Fig. 4 e). In all four subtypes, the cosine similarity between the prob-

bility scores and our prediction scores was significantly higher than

he similarity between the probability scores and random prediction

 Fig. 4 f). 

For each subtype, we presented the representative tiles ( Fig. 4 g-j).

oth the BLIS and IM subtypes had densely distributed tumor cells. Sig-
681
ificant immune cell infiltrates discriminated the IM subtype from the

LIS subtype. The LAR and MES subtypes showed discrete distribution

f tumor cells. The LAR subtype was characterized by the large tumor

ells with evident cell borders and nucleolus, while the MES subtype

eemed associated with the presence of abundant mesenchymal tissue

round the tumor cells. 

.4. Improvement of relapse risk assessment 

We hypothesized that integration of the information held by the

athological WSIs and traditional prognostic factors can improve the ac-

uracy of prognostic evaluation. On the basis of the DeepSurv network

rchitecture [37] , we compared three modeling strategies: a) based

n traditional clinicopathological prognostic factors, b) based on the

iles’ deep features extracted by our tissue type classifier and c) inte-

rating the clinicopathological prognostic factors and tiles’ deep fea-

ures ( Fig. 5 a, see “Supplementary Methods ”). RFS was used as the end-

oint. The median length of follow-up was 64.9 months (interquartile

ange, 48.1-79.5 months) in the FUSCCTNBC cohort and 24.0 months

interquartile range, 13.5-53.0 months) in the TCGATNBC cohort. Ac-

ording to univariate Cox analysis, tumor T category, N category and

adiotherapy were identified as clinical prognostic factors which were

ignificantly associated with RFS (Table S11). Radiotherapy was not

sed in the subsequent modeling because its negative prognostic ef-

ect might be attributed to selection bias [38] . We used concordance

ndex (c index) to evaluate the models’ prediction accuracy. The in-

egrated models and image-based models significantly outperformed
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Fig. 3. Predictions of multi-omics molecular features based on digital whole slide images using deep learning. (a)-(f) illustrate the models’ prediction accuracy. 

Patient-level prediction scores are used for ROC analysis and are compared between the positive and negative groups according to the true labels. The prediction 

accuracy is measured with the AUC values and FDR-corrected P values. FDR values smaller than 10− 5 are set to 10− 5 . (a) Predictions of somatic mutations. The genes 

mutated in at least 4% of cases in the FUSCCTNBC cohort are predicted. (b) Predictions of focal copy number alterations. The top five frequent focal amplifications 

and deletions are predicted. (c) Predictions of germline mutations. The top three frequent germline mutations, cases with either BRCA1 or BRCA2 mutation, and 

those with any germline mutation are predicted. (d) Predictions of hallmark gene set enrichment analysis (GSEA) scores. Ten cancer-related hallmark gene sets are 

selected from Molecular Signatures Database. The enrichment score is calculated for each sample using the single sample GSEA method. (e) Predictions of metabolic 

abundance scores. Six metabolic pathways and fatty acid metabolites are predicted. (f) Predictions of immunotherapy biomarkers. Stromal and intratumoral tumor- 

infiltrating lymphocytes, PD-L1 expression (measured as the PD-L1 immune cell scores and CD274 mRNA expression), PD-1 expression (measured as the PDCD1 

mRNA expression) and CD8 expression (measured as the CD8A and CD8B mRNA expression) are predicted. (g)-(h) Tiles from the true-positive cases with the highest 

prediction score for (g) somatic PIK3CA mutation and (h) germline BRCA 2 mutation. Class activation maps highlight the subregions that contribute most to the 

prediction. Tile scale bar, 128 μm. Abbreviations: AUC, area under the curve; FDR, false discovery rate; CNAs, copy number alterations; amp, amplification; del, 

deletion; EMT, epithelial mesenchymal transition; sTILs, stromal tumor-infiltrating lymphocytes; iTILs, intratumoral tumor-infiltrating lymphocytes; IC, immune cell. 

682
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Fig. 4. Image-based identification of TNBC molecular subtypes using deep learning. (a)-(d) ROC curves for identifying the four TNBC subtypes based on 

WSIs. (e) Comparison between the mRNA expression-based molecular classification results and our prediction results. Each vertical line displays the distribution of 

classification scores of a sample. The upper panel shows the probability scores derived from k-means clustering on mRNA data, which was used in our previous study 

to determine the molecular subtype for each sample (see “Supplementary Methods ”). The lower panel presents the scores generated by our prediction models. Samples 

are sorted by the mRNA expression-based molecular subtypes and the corresponding probability scores. (f) Cosine similarity between our prediction results and the 

k-means clustering results. It is compared with the similarity between random prediction results and the k-means clustering results. The middle line, box’s bounds, 

and whiskers of the boxplot represent the median, 25%–75% interquartile range (IQR), and 1.5 times the IQR from the upper and lower quartiles, respectively. P 

values are calculated using the Mann-Whitney U test. ∗ ∗ ∗ , P < 0.001; ∗ ∗ , P < 0.01. (g)-(j) Tiles from the cases of each molecular subtype with the highest prediction 

score. Class activation maps highlight the subtype-specific discriminative subregions. Tile scale bar, 128 μm. Abbreviations: AUC, area under the curve; CI, confidence 

interval. 
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Fig. 5. Pathological whole slide images improve prognostic evaluation of TNBC. (a) Diagram for predicting relapse risk using three strategies. (b) Comparison 

of prediction accuracy of the clinic-based, image-based and integrated prognostic models. P values are calculated using the Mann-Whitney U test with false discovery 

rate (FDR)-correction for multiple testing. ∗ ∗ , FDR < 0.01; ns, not significant. (c) Kaplan-Meier curves of the high- and low-risk groups classified by the prognostic 

models. (d)-(e) Comparison of the (d) tissue type proportions and (e) the mean risk score of each tissue type between the high- and low-risk groups according to the 

image-based model. The middle line, box’s bounds, and whiskers of the boxplot represent the median, 25%–75% interquartile range (IQR), and 1.5 times the IQR 

from the upper and lower quartiles, respectively. P values are calculated using the Mann-Whitney U test. ∗ ∗ ∗ , P < 0.001; ∗ ∗ , P < 0.01; ns, not significant. (f) Two 

examples of spatial risk prediction heatmap with representative tiles indicating high or low relapse risk. The left case is a patient with long RFS. While either the 

tiles of immune infiltrates (low risk 2) or tumor with abundant adjacent lymphocytes (low risk 1) are associated with low relapse risks, tiles of tumor (high risk 1) 

or stroma (high risk 2) with few immune infiltrates are correlated with high relapse risks. By contrast, the right case is a patient whose tumor relapsed after surgery 

within 1 year. The tiles of necrosis (high risk 1) and densely-distributed tumor cells (high risk 3) are associated with high relapse risks. The stroma tiles can indicate 

either a high or a low risk according to the abundance of immune infiltrates (high risk 2 and low risk 1). WSI scale bar, 4 mm. Tile scale bar, 128 μm. Abbreviations: 

WSIs, whole slide images; c index, concordance index; HR: hazard ratio; RFS, relapse-free survival. 
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Fig. 6. External validation in the TCGATNBC cohort. (a)-(d) External validation of the models for predicting (a) somatic mutations, (b) gene set enrichment 

analysis scores, (c) immunotherapy biomarkers and (d) TNBC molecular subtypes. (e) External validation of the models for predicting patient relapse risk. P values 

are calculated using the Mann-Whitney U test with false discovery rate (FDR)-correction for multiple testing. ∗ ∗ , FDR < 0.01; ns, not significant. (f) Kaplan-Meier 

curves of the high- and low-risk groups in the TCGATNBC cohort discriminated by the integrated prognostic model. Abbreviations: AUC, area under the curve; FDR, 

false discovery rate; EMT, epithelial mesenchymal transition; sTILs, stromal tumor-infiltrating lymphocytes; iTILs, intratumoral tumor-infiltrating lymphocytes; IC, 

immune cell; HR, hazard ratio; RFS, relapse-free survival. 
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he clinic-based models (FDR = 0.009 for both). The difference in c

ndex between the integrated and image-based models was not sig-

ificant (FDR = 0.094) ( Fig. 5 b; Table S12). Under all three model-

ng strategies, patients can be categorized according to the risk score

nto high- and low-risk groups with significantly different RFS. The

azard ratio between groups was highest in the integrated models

 Fig. 5 c). The output risk scores of both image-based and integrated

odels were still of prognostic value after the stratification for tumor

tage, which indicated that our models can capture prognostic informa-

ion from WSIs independent of clinical prognostic factors (Tables S13,

14). 

We explored how pathological WSIs informed patient prognosis.

ased on the image-based model, we analyzed the difference in the tis-

ue type proportions and the average risk of each tissue type between

he high- and low-risk groups. Compared with the low-risk group, cases

f the high-risk group had more tiles of stroma but less of tumor, im-

une infiltrates and normal gland ( Fig. 5 d). The mean risk score of each

issue type was also higher in the high-risk group than in the low-risk

roup ( Fig. 5 e). In Fig. 5 f, we presented two representative cases. The

rediction heatmap spatially deconstructed the WSIs. High- and low-risk

core tiles can be identified on a same slide. 
685
.5. External validation in the TCGATNBC cohort 

We applied our framework to the TCGATNBC cohort for external

alidation without re-training the neural network models. The somatic

IK3CA mutation can be predicted with an AUC of 0.73 (95% CI: 0.59-

.87), even though the mutation rate of PIK3CA was lower in the

CGATNBC cohort (10.7%) than in the FUSCCTNBC cohort (17.6%).

he models for other mutations did not achieve a comparable accu-

acy ( Fig. 6 a; Table S15). The high accuracy and generalizability of

he models for PIK3CA mutation may be attributed to its confirmed

nd consistent biological effect across cohorts and relatively high muta-

ion frequency (Fig. S6) [ 19 , 39 , 40 ]. The AUCs for predicting the GSEA

cores were between 0.48-0.73 ( Fig. 6 b; Table S15). Most immunother-

py biomarkers can be inferred using models developed from the FUSC-

TNBC cohort ( Fig. 6 c; Table S15). For the TNBC molecular subtypes,

he AUC was 0.76 (95% CI: 0.68-0.83) for the BLIS subtype, 0.72 (95%

I: 0.62-0.81) for the IM subtype, 0.76 (95% CI: 0.65-0.88) for the LAR

ubtype and 0.71 (95% CI: 0.60-0.83) for the MES subtype ( Fig. 6 d;

able S15). 

We also validated our DeepSurv-based prognostic models in the TC-

ATNBC cohort. The integrated models exhibited good and stable accu-
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Fig. 7. Diagram of the DeepPath platform for data management and online prediction. Abbreviations: WSIs, whole slide images. 
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acy. An evident drop in accuracy was observed for the image-based

odels, whereas the accuracy for the clinic-based models was even

igher in the external validation cohort than in the discovery cohort

 Fig. 6 e-f; Table S16). 

.6. Online platform for data management and real-time prediction 

To enable further validation of our findings and promote their

linical translation, we developed an online platform called DeepPath

or data management and real-time one-stop prediction ( http://fuscc-

athology-ai-model.oss-cn-shanghai.aliyuncs.com/#/user/login , see

Supplementary Methods ”). 

The DeepPath platform comprises two modules ( Fig. 7 ). The first is

 data management and sharing module. All WSIs of the FUSCCTNBC

ohort have been uploaded and can be viewed under 40 × magnification.
686
he clinical and multi-omics information is presented in company with

he WSI of the corresponding patient. The second is an online prediction

odule. We have modularized and deployed our complete prediction

ramework and several validated models on the platform. It supports

nline real-time prediction for newly uploaded WSIs. At present, the

eepPath platform requires a registered account to log in. We have pro-

ided a video to illustrate its functions (Video S1). 

. Discussion 

In this study, based on our multi-omics TNBC cohort, we collected

athological WSIs, devised a deep learning-based framework, and de-

eloped neural network models for predicting molecular features, sub-

ypes and patient relapse risk from WSIs. For the clinical translation of

ur findings, we integrated our framework and validated models into

http://fuscc-pathology-ai-model.oss-cn-shanghai.aliyuncs.com/\043/user/login
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a  
n online platform tool, which can be implemented in clinical practice

nd realize real-time one-stop prediction. 

The sampling of certain types of image tiles is an important step in

ither the model development or the model application to new cases.

ost previous studies relied on manual annotations of tumor tissue by

athologists, which required pathological expertise and led to much ad-

itional manual work [ 15 , 17-19 , 41 ]. A few studies used a tumor detec-

or [16] , but the limitation of this method was that it was not suitable

or targets associated with the non-tumor tissue like sTILs and PD-L1

xpression. In our study, we developed a CNN model to classify image

iles into five tissue types and incorporated this classifier in our frame-

ork. It enabled automatic selection of one or several types of tiles that

ere potentially associated with a given prediction target. It can also re-

uce manual operation and ensure the framework’s reproducibility and

calability. 

The recent studies by Kather et al. and Fu et al. tried to predict nu-

erous molecular features using the TCGA dataset [ 19 , 20 ]. While this

an-cancer and multi-center dataset provided adequate training data,

he CNN models may undesirably pay attention to the morphological

ifference across cancer types or tissue submitting sites and miss sub-

ler cancer type-specific morphological patterns [ 42 , 43 ]. By contrast,

ur study focused on TNBC which is the most challenging breast cancer

ubtype to treat. Despite the relatively low patient number, several mod-

ls developed based on our single-center dataset outperformed those

rained in the pan-cancer and multi-center setting, including those for

redicting clinically relevant information. For example, our model for

redicting the PIK3CA mutation achieved higher accuracy than the pre-

iously published one (AUC: 0.73 in TCGA external validation vs. 0.63

n TCGA cross-validation[19]). Our integrated model also outperformed

he previously reported one in prognostic evaluation (c index: 0.78 in

CGA external validation vs. 0.70 in TCGA cross-validation [20] ). Fur-

her studies are needed to systematically compare these two modeling

trategies. 

Our multi-omics TNBC dataset allowed comprehensive predictions

f a wider range of molecular features than those analyzed in the previ-

us studies [ 8 , 19 , 44 ]. As far as we are concerned, our study is the first to

nvestigate the predictions of germline variant spectrum and metabolic

eatures from pathological WSIs. The prediction of germline BRCA2 mu-

ation achieved a cross-validation AUC of 0.79 (95% CI: 0.67-0.91).

owever, since only 6 patients harbored this mutation in the FUSC-

TNBC cohort, our models should be further validated in an indepen-

ent cohort. 

Immunotherapy has shown great promise in the treatment of TNBC

34–36] . TILs and PD-L1 expression are extensively studied biomarkers

o distinguish the patients who are likely to benefit from immunother-

py [ 34 , 45 ]. Our study provided an accurate and automatic evalua-

ion approach for TILs. In addition, the CD274 (encoding PD-L1) mRNA

xpression and PD-L1 protein expression evaluated through immuno-

istochemistry can be inferred from the H&E stained WSIs. Other im-

unotherapy biomarkers including the CD8 and PDCD1 (encoding PD-

) expression also seemed predictable. Therefore, it may be possible

n future studies to establish a comprehensive tool to predict the im-

unotherapy response from WSIs. 

Molecular subtyping of TNBC is important for understanding the

olecular essence of this heterogeneous disease and for guiding indi-

idualized treatment. We previously devised a surrogate assay based

n immunohistochemistry for the TNBC molecular subtyping [46] . This

ethod incorporated immunohistochemical staining and manual evalu-

tion of four markers, which still resulted in additional cost, turnaround

ime, much manpower and poor reproducibility. By contrast, making

&E stained slides is already included in clinical routine. The imple-

entation of our deep learning-based classifier only takes extra work

f slide scanning and our modularized framework can ensure the repro-

ucibility. In addition, we, for the first time, revealed the distinctive

orphological features of the four TNBC subtypes, which provided new

nsight into the heterogeneity of TNBC. 
687
In the relapse risk evaluation, our data verified that the tumor mor-

hological patterns held additional prognostic information beyond clin-

copathological characteristics. Further analysis indicated that both the

roportions of different tissue types and the morphological features

ithin certain tissue types were associated with the relapse risk. Inter-

stingly, the image-based models showed comparable accuracy to the

ntegrated models in the FUSCCTNBC cohort, but their accuracy ob-

iously dropped in external validation. Although color normalization

as performed, the inherent dataset differences in image properties

ncluding resolution (micrometer per pixel) and image pyramid levels

nd in tiles’ tissue type distribution between the samples of the FUSC-

TNBC and TCGATNBC cohorts were not fully resolved and may be

he possible cause for the model performance drop (Fig. S7) [ 47 , 48 ].

uture work may tackle this problem using the domain adaption ap-

roach [ 18 , 49 ]. By contrast, despite an unsatisfactory accuracy in the

USCCTNBC cohort, the clinic-based models had better performance in

he external validation cohort. These results implied that the image-

ased models had relatively strong fitting ability but poor generalizabil-

ty compared with the clinic-based models. Future studies with larger

ample size are required to compare these three modeling strategies

nd perhaps improve the accuracy and robustness of the prognostic

odels. 

Deep learning has achieved remarkable success in medical image

nalysis [ 50 , 51 ]. In the pathology area, several studies have explored

he predictions of cancer molecular features and patient prognosis based

n WSIs, but few of the research findings were translated into a tool

nd implemented in clinical trials for prospective validation. The ma-

or challenges included the requirement of deep learning infrastruc-

ure and inexperience of clinicians with the deep learning technology

52] . To overcome these obstacles, we developed an online platform

alled DeepPath, on which we modularized and deployed our predic-

ion framework. The platform can realize real-time one-stop prediction

or certain clinically relevant information of TNBC. Users only need to

pload the tumors’ WSIs and select a prediction target. The highly au-

omatic and modularized framework will be executed on a cloud server

nd output the prediction results in a few minutes. Although some im-

rovement is needed including the data transmission speed and the

umber of WSIs or tasks that can be parallel processed, the platform

an enable further validation and optimization of our algorithm on a

arger scale and can be implemented for the molecular and prognostic

tratification of patients with a lower cost and shorter turnaround time

n larger multi-center clinical trials and perhaps in the future routine

ractice. 

Our study has some limitations. First, there is still room for optimiza-

ion of the prediction models for some relevant targets. We plan to make

ull use of our DeepPath platform to collect more WSIs and fine-tuning

he existing models. Another strategy may be the use of spatially anno-

ated data from spatial profiling, which can overcome the effects of in-

ratumoral heterogeneity and provide more accurate label data [ 53 , 54 ].

econd, before the clinical application, our algorithm should be prospec-

ively validated in clinical trials to build the evidence that it can be used

s a predictive tool to indicate treatment response and patient prognosis.

. Conclusion 

We developed a deep learning-based framework and a clinically ap-

licable online platform to predict molecular features and patient prog-

osis of TNBC from pathological WSIs. Our work may contribute to more

fficient patient stratifications for personalized management of TNBC

nd shed light on the application of artificial intelligence guided preci-

ion treatment in clinical trials and future routine practice. 
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