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Tumor cell- and infiltrating immune cell-
based supervised learning artificial
intelligencemultimodalplatformfor tumor
prognosis

Check for updates

Xin-Jia Cai1,6, Chao-Ran Peng2,6, Chuan-Yang Ding2,6, Ying-Ying Cui1, Li Gao3, Zhi-Xiu Xu2, Long Li4 ,
Jian-Yun Zhang2 & Tie-Jun Li2,5

Survival assessment for oral squamouscell carcinoma (OSCC) remains a significant clinical challenge.
This study develops novel artificial intelligence (AI) platforms for assessing overall survival in OSCC
patients based on 240 whole-slide images from multicenter cohorts. A comprehensive evaluation is
conducted on four convolutional neural network architectures under two distinct deep learning (DL)
training paradigms: supervised DL with precise annotations (PathS model, c-index = 0.809), and
weakly supervisedDL using slide-level labels withoutmanual annotations (c-index = 0.707). Gradient-
weighted class activation mapping reveals novel AI-based prognostic insights to simultaneously
identify tumor cells and tumor-infiltrating immune cells as key predictive features. Additionally, our
platform achieved significantly improved accuracy compared to conventional clinical signatures (CS
model, c-index = 0.721). Furthermore, the clinical potential is enhanced through the development of a
multimodal nomogram combining PathS signatures with CS (c-index = 0.817), representing a
substantial advancement in personalized survival assessment for OSCC patients.

Oral squamous cell carcinoma (OSCC) is among the most common head
and neck malignancies worldwide1–3. Advances in technology have led to
the development of various treatments for OSCC, including surgery,
radiation, chemotherapy, and immunotherapy1. However, the 5-year
overall survival (OS) rate remains relatively low, at 57.9%4,5. Accurate
prognosis prediction is crucial for clinicians to ensure appropriate clinical
management to balance the treatment efficacy and potential side effects
for patients at different disease stages6. Currently, the Tumor, Lymph

Node, Metastasis (TNM) staging system is the primary tool for prog-
nostic assessment in clinical practice7. Molecular biomarkers have also
been identified to aid in evaluating OSCC survival8–11. However, the
substantial heterogeneity in phenotypes, genomes, and even living
environments among OSCC patients limits their predictive accuracy,
personalization, and clinical value12–14.

In this context, the emerging field of artificial intelligence (AI)
technologies offers promising solutions to address these challenges15,16. AI
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has evolved significantly since its inception, with machine learning (ML)
and its specialized subset deep learning (DL) now playing pivotal roles in
transforming and innovating various industries17. DL employs artificial
neural networks (ANNs), which are inspired by the human brain’s
structure, consisting of interconnected processing nodes (neurons) that
facilitate complex information transformation18,19. In biomedicine
applications, these capabilities enable more accurate prognostic feature
extraction from multimodal data sources, such as pathomics and
radiomics datasets. Both data sources could be combined with AI tech-
nologies to provide novel methods for survival assessment for patients
with cancer. However, while radiomics-based AI offers non-invasive and
whole-body assessment capabilities, pathomics-based AI provides
superior molecular and cellular resolution, including tumor cells and
tumor-infiltrated immune cells (TIICs)20, by training novel AI algorithms
with whole slide images (WSIs) scanned from a single digital hematox-
ylin and eosin (H&E)-stained slide. This offers several practical advan-
tages, including cost-effectiveness, routine clinical practice (as H&E
staining represents the diagnostic ‘gold standard’), and reduced infra-
structure requirements compared to radiomics approaches that depend
on advanced imaging equipment like computed tomography scanners or
MRI scanners, thereby facilitating its implementation in regions with
varying levels of medical care. Previous studies have demonstrated the
predictive efficacy of this AI approach for OS assessment in various
cancer types21–23. However, in OSCC specifically, while radiomics-based
AI has shown gradual development24, the applications of pathomics-
based AI remain relatively limited25. Current studies predominantly focus
on identifying prognostic markers rather than directly assessing patient
outcomes26,27.

Additionally, diverse training paradigms, including supervised DL
(SDL), unsupervised learning, weakly supervised DL (WSDL), etc., are
widely employed in current biomedical AI development23,28–30. These
approaches exhibit distinct characteristics and clinical applicability. SDL
relies on precisely labeled datasets31. The clinician-annotated labels facilitate
precise regions of interest (ROIs) identification, thereby enhancing model
accuracy but concomitantly increasing annotation workload32. In contrast
to SDL, unsupervised learning operates without labeled data to uncover
latent patterns and relationships33, which is currently mostly used for
clustering and dimensionality reduction. In clinical imaging, this paradigm
has demonstrated utility in anomaly detection for identifying rare patho-
logical features rather than prognosis prediction33. WSDL represents an
intermediate solution, using partially or inaccurately labeled datasets, which
provides a solution to reduce manual workload, without annotations, and
decrease background noise34. However, whether WSDL could achieve the
same level of accuracy as SDL remains a problem. Considering these dif-
ferences revealed, however, reliable comparisons between SDL and WSDL
in specific classification or prediction tasks remain limited.

Furthermore, despite the rapid advancement of AI in medical image
analysis, the ‘black box’ remains a significant challenge, as the complex
interlayer relationships within ANNs are often opaque. This lack of inter-
pretability may introduce undetected biases, potentially influencing clinical
decision-making. To address this limitation, explainable AI (XAI)methods,
categorized into visual (most prevalent in medical imaging), textual, and
example-based approaches, have been developed to enhance model
interpretability35. Beyond conventional XAI techniques, recent innovations
such as informed deep learning and case-based reasoning have emerged to
improve interpretability in oncology applications for clinicians36,37. In this
study, we employed Gradient-weighted Class Activation Mapping (Grad-
CAM), a visual explanation technique, to decode the pathomics-based AI
platform’s decision-making process. Grad-CAM not only improves model
trustworthiness but also highlights the critical role of tumor cells and TIICs
in patient outcomes from histopathological insights.

In this retrospective cohort study,we developed, for the first time to the
best of our knowledge, a novel AI platform capable of predicting OS in
OSCCpatientsdirectly fromWSIs,with comparative evaluationof twodeep
learning algorithms. Additionally, the relationship between TIICs and

prognosis was elucidated from the perspective of AI-based image analysis.
Moreover, we integrated pathomics signatures with clinicopathological
parameters (analyzed via Cox regression-based machine learning) into a
multimodal prognostic platform, offering a more interpretable and com-
prehensive tool for OSCC survival assessment for clinicians.

Results
Baseline characteristics of cohorts
The baseline characteristics of the training and validation cohorts are pre-
sented in Table 1, including sex, age, lesion site, tobacco use, alcohol con-
sumption, T stage, N stage, clinical stage, pathological grade, and peripheral
blood cell counts/associated protein levels. Statistical analysis of these
baseline characteristics revealed no significant differences between the two
cohorts (P > 0.05), confirming the effectiveness of our randomization
strategy in achieving comparable groups. The study workflow and partici-
pant inclusion process are illustrated in Fig. 1 and Supplementary Fig. 1,
respectively.

Patch-level prediction performance
The prediction performance of the four convolutional neural net-
works (CNNs) at the patch level is presented in Table 2. Under the
WSDL framework, the Visual Geometry Group 19 (VGG19) algo-
rithm demonstrated the highest predictive efficacy in the training
cohort [AUC = 0.963, 95% confidence interval (CI): 0.963–0.964].
This result underscores its strong capacity to effectively differentiate
between classes. However, this performance was not replicated in the
validation cohort, where VGG19 exhibited a considerably lower AUC
(0.565, 95% CI: 0.562–0.569). The substantial decline in AUC sug-
gests overfitting to the training dataset. Despite this limitation,
VGG19 demonstrated superiority in predictive accuracy among the
employed algorithms. Given that the remaining three models also
displayed substantial reductions in AUC from training to validation,
VGG19 consistently demonstrated the highest AUC (Table 2). Based
on the WSDL results, we implemented SDL and observed further
improvements in predictive performance. VGG19 remained the best-
performing model in both the training (AUC = 0.938, 95% CI:
0.937–0.940) and validation (AUC = 0.553, 95% CI: 0.548–0.559)
datasets. Notably, when VGG19 was applied to an external testing
dataset, the AUC for SDL (0.701, 95% CI: 0.691–0.711) was sig-
nificantly better than that of WSDL (0.579, 95% CI: 0.570–0.588),
highlighting the superior generalization ability of SDL in patch-level
prediction (Table 2). According to the results, VGG19 was selected
for subsequent multi-instance learning (MIL) feature aggregation.
The features extracted by VGG19 were integrated into the WSI-level
pathomics signature to enhance the predictive accuracy and robust-
ness of the survival prediction model. The corresponding receiver
operating characteristic curve (ROC) curves for VGG19 are pre-
sented in Fig. 2a.

Furthermore, the Grad-CAM technique was utilized to explore the
recognition capabilities of the DL models and regions that significantly
influenced the model’s decision-making process, which enhanced the
interpretability of the AI platform. Results highlighted that both tumor cells
andTIICswere key regions that significantly related to survival prediction at
the patch level (Fig. 2b, c).

WSI-level prediction performance
MIL extracted a comprehensive set of 206 features fromWSIs. This feature
set included 103 features, each from the BoWandPLHmethods, alongwith
two probability features and 101 label features. Rigorous feature selection
was conducted using correlation coefficients and Lasso-Cox regression,
yielding 15 pathomics features identified through SDL and three through
WSDL, as illustrated in Fig. 3.

Analysis of c-index values revealed superior performance of SDL
(PathS) compared with WSDL (PathWS). PathS achieved c-index
values of 0.949, 0.809, and 0.757 in the training, validation, and
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testing cohorts, respectively (Fig. 3f–h). In contrast, PathWS
demonstrated a c-index of 0.952 in the training cohort but exhibited
substantial declines to 0.707 and 0.635 in the validation and testing
cohorts (Fig. 3b–d). These results indicate that although both
methods performed similarly during the training phase, PathS

maintained its performance and demonstrated better generalization
across internal validation and external testing datasets. The probably
and prediction maps explained the findings partially by visualizing
the differences in the decision-making processes between the two DL
methods (Fig. 3i).

Table 1 | Baseline characteristics of training and validation cohort

Variables Total (%) Training (%) Validation (%) P value

Count 174 122 52

Age (mean ± SD) 59.33 ± 11.51 59.47 ± 11.82 59.00 ± 10.84 0.628

Sex 0.179

Female 65 (37.36) 50 (40.98) 15 (28.85)

Male 109 (62.64) 72 (59.02) 37 (71.15)

Site 0.899

Floor of mouth 17 (9.77) 12 (9.84) 5 (9.62)

Lip 8 (4.60) 5 (4.10) 3 (5.77)

Gum 41 (23.56) 26 (21.31) 15 (28.85)

Palate 8 (4.60) 6 (4.92) 2 (3.85)

Tongue 69 (39.66) 50 (40.98) 19 (36.54)

Buccal 31 (17.82) 23 (18.85) 8 (15.38)

Tobacco use >0.999

No 113 (64.94) 79 (64.75) 34 (65.38)

Yes 61 (35.06) 43 (35.25) 18 (34.62)

Alcohol drinking 0.527

No 131 (75.29) 94 (77.05) 37 (71.15)

Yes 43 (24.71) 28 (22.95) 15 (28.85)

T stage 0.533

T1 52 (29.89) 34 (27.87) 18 (34.62)

T2 95 (54.60) 67 (54.92) 28 (53.85)

T3 14 (8.05) 12 (9.84) 2 (3.85)

T4 13 (7.47) 9 (7.38) 4 (7.69)

N stage 0.998

N0 100 (57.47) 70 (57.38) 30 (57.69)

N1 34 (19.54) 24 (19.67) 10 (19.23)

N2 40 (22.99) 28 (22.95) 12 (23.08)

Clinical stage 0.369

Stage I 39 (22.41) 23 (18.85) 16 (30.77)

Stage II 49 (28.16) 37 (30.33) 12 (23.08)

Stage III 36 (20.69) 26 (21.31) 10 (19.23)

Stage IV 50 (28.74) 36 (29.51) 14 (26.92)

Pathological grade 0.681

Grade I 104 (59.77) 72 (59.02) 32 (61.54)

Grade II 59 (33.91) 41 (33.61) 18 (34.62)

Grade III 11 (6.32) 9 (7.38) 2 (3.85)

White blood cell 6.47 ± 1.98 6.37 ± 2.07 6.72 ± 1.74 0.118

Red blood cell 4.51 ± 0.51 4.47 ± 0.48 4.60 ± 0.56 0.121

Hemoglobin 138.49 ± 15.92 137.44 ± 15.41 140.94 ± 16.94 0.185

Platelet 226.79 ± 58.65 226.93 ± 60.27 226.46 ± 55.23 0.687

Neutrophil 3.89 ± 1.67 3.87 ± 1.80 3.94 ± 1.32 0.406

Lymphocyte 1.93 ± 0.65 1.86 ± 0.59 2.10 ± 0.75 0.054

Monocyte 0.42 ± 0.14 0.42 ± 0.16 0.42 ± 0.12 0.350

Albumin 41.10 ± 2.83 40.85 ± 2.90 41.69 ± 2.59 0.073

Globulin 25.34 ± 3.69 25.48 ± 3.89 25.02 ± 3.20 0.457

T stage Tumor stage, N stage Lymph Node stage.
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Fig. 1 | Workflow of the study. A novel pathomics-based artificial intelligence (AI)
platform was developed to assess cancer patient survival through a two-tiered pre-
dictive analytics approach, comprising patch-level deep learning (DL) and patient-
level prediction. During patch-level DL, four convolutional neural networks were
evaluated, and Visual Geometry Group19 (VGG19) was identified as the optimal
algorithm according to the area under the curve (AUC) value. The features extracted
by VGG19 were integrated into the whole slide image (WSI)-level pathomics sig-
natures through Bag of Words (BoW) and Patch Likelihood Histogram (PLH)
methods. These pathomics signatures were further selected by Correlation coeffi-
cients and Lasso-Cox regression to conduct the AI model. The Gradient-weighted
Class Activation Mapping (Grad-CAM) was employed to highlight regions within
the images that significantly influenced the model’s decision-making process. Two
distinct DL algorithms were evaluated: weakly supervised DL (extensive labeling
strategy, formed PathWS) and supervised DL (requiring annotations, formed

PathS). PathS demonstrated better predictive efficacy according to Kaplan–Meier
analysis in validation and external testing cohorts. Additionally, the clinical sig-
nature (CS) platform was developed based on clinicopathological parameters
identified by Cox regression analysis. Furthermore, the integration of PathS with CS
into amultimodal platform represented by a nomogram further enhanced predictive
efficacy, suggesting strong potential for clinical application in oral squamous cell
carcinomamanagement. AI artificial intelligence, WSI whole slide image, DenseNet
Dense Convolutional Network, ResNet Residual Networks, VGG Visual Geometry
Group, WSDL weakly supervised deep learning, SDL supervised deep learning,
Grad-CAMGradient-weighted Class ActivationMapping, BoWBag ofWords, PLH
Patch Likelihood Histogram, PathWS pathomics-based AI platform developed
through WSDL, PathS pathomics-based AI platform developed through SDL,
c-index concordance index, CS clinical signatures, OS overall survival, AUC area
under the curve, CI confidence interval.
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Clinical signature identification
18 clinical features were analyzed initially to develop a prognostic platform
based on clinical parameters associated with OSCC patient survival. Uni-
variate Cox regression analysis identified three significant prognostic fac-
tors: N stage, clinical stage, and pathological grade (Fig. 4a and
Supplementary Table 1). Specifically, OSCC patients at the N2 stage had
significantly worseOS relative to those at theN0 stage (HR = 2.846, 95%CI:
1.406–5.759, P = 0.004). Similarly, clinical stage IV was associated with
worse outcomes relative to stage I (HR = 3.017, 95% CI: 1.204–7.559,
P = 0.018). Pathological grades II (HR = 2.381, 95% CI: 1.200–4.726,
P = 0.013) and III (HR = 3.659, 95% CI: 1.329–10.076, P = 0.012) were also
associated with lower OS relative to grade I.

Moreover, multivariate Cox regression analysis, adjusted for potential
confounding factors, determined that clinical stage and pathological grade
were significant predictors, whereas N stage was excluded (Fig. 4b). Clinical
stage IV continued to be associatedwith aworse prognosis relative to stage I
(HR = 5.663, 95% CI: 1.305–24.584, P = 0.021), and pathological grade II
(HR = 2.396, 95% CI: 1.123–5.113, P = 0.024) was significantly associated
with lower OS relative to grade I. Comprehensive results from univariate
and multivariate Cox regression analyses are provided in Supplementary
Table 1. These significant features were subsequently incorporated into the
development of a clinical signature-based cancer prognosis prediction
platform (CS), as shown inFig. 4. The clinicalmodal platformdemonstrated
c-index values of 0.662 in the training dataset and 0.721 in the validation
dataset, indicating moderate predictive accuracy. The improvement in CS
from the training to the validation phase suggests calibration issues or
overfitting in the initial model, which were partially addressed during
validation. However, it is notable that the predictive efficacy of both PathS
and PathWS was significantly higher than that of the CS across cohorts, as
indicated by c-index values. These findings highlight the potential clinical
value of the pathomics platforms.

Development of a multimodal platform for OSCC survival
assessment
Recognizing the superior efficacy of PathS and the moderate predictive
capacity of the CS in stratifying OSCC prognoses, along with evidence
supporting the enhanced effectiveness of multimodal platforms in survival
assessment for other diseases19,21,38,39, we sought to integrate these approa-
ches into a multimodal prognostic platform. The multimodal platform was
visualized using a nomogram and subjected to KM analysis (Fig. 5a, b, e).

In the training cohort, the multimodal platform achieved a c-index of
0.931 (slightly lower than PathS at 0.949), which highlighted its precision
regarding prognostic prediction. In contrast, the CS showed a significantly
lower c-index of 0.662, suggesting reduced reliability in the training cohort.
In the validation cohort, themultimodal platformexhibited a slight decrease
in performance, with a c-index of 0.817, butmaintained high efficacy. PathS
mirrored this trend with a minor reduction in c-index to 0.809; the CS
improved to 0.721 but continued to underperform comparedwith the other
platforms.

Considering the close predictive accuracies of PathS and the
multimodal model, particularly for the c-index as a single indicator,
we further conducted a time-dependent ROC analysis to evaluate
their predictive accuracies at various time points (Fig. 5c, d, f, g). In
the training cohort, the platforms exhibited strong performance in
1-year survival predictions, with AUCs of 0.844 (95% CI:
0.756–0.933) for the CS, and 0.935 (95% CI: 0.879–0.992) for both
PathS and the multimodal platform. Predictions for 3-year survival
were even more impressive for PathS and the multimodal platform,
nearing perfect AUCs of 0.995 (95% CI: 0.987–1.000) and 0.993 (95%
CI: 0.983–1.000), respectively; the CS achieved a significantly lower
AUC of 0.744 (95% CI: 0.637–0.851). In the validation cohort, the
1-year survival predictions showed a decrease in AUC values; PathS
and the multimodal platform performed well at 0.922 and 0.863,
respectively, whereas the CS was significantly worse (AUC = 0.559).
The 95% CI for 1-year survival predictions could not be calculatedT
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Fig. 2 | ROC curves of VGG19 using SDL and WSDL methodologies in patch-
level prediction and Grad-CAMs of patches for cancer prognosis prediction.
a Patch-level ROC curves of VGG19 using both SDL and WSDL methodologies.
Regions highlighted in the Grad-CAMs represent tumor cells (b) and tumor-

infiltrating immune cells (c), which are annotated in the H&E-stained images with
yellow dotted lines. ROC receiver operating characteristic curve, VGG Visual
Geometry Group, WSDL weakly supervised deep learning, SDL supervised deep
learning.
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due to the limited number of patients in the validation cohort with
overall survival less than one year. For 3-year predictions in the
validation cohort, PathS maintained a relatively higher AUC of 0.826
(95% CI: 0.676–0.975) compared with the multimodal platform’s
0.800 (95% CI: 0.614–0.986); the AUC for the CS further declined to
0.721 (95% CI: 0.478–0.965). These results underscore the superior
predictive accuracy and generalization ability of PathS and the
multimodal platform relative to the CS.

The multimodal platform, which integrates features from pathomics
and clinical signatures, demonstrated robustness in both the training and
validation cohorts. This was particularly evident in comparison with the CS
platform, which solely relies on individual clinical parameters as prognostic
indicators. These findings underscore the enhanced predictive capacity
achieved by integrating disparate data sources. However, the multimodal
platform did not surpass PathS in predictive efficacy, suggesting that the
pathomics-based platform already provides sufficient predictive power for

cancer prognosis, and the inclusion of clinical parameters did not sig-
nificantly enhance its accuracy. Overall, the integration of pathomics data
substantially amplifies the model’s prognostic capabilities, emphasizing the
critical role of such data in refining clinical predictive models.

Discussion
OSCC has become a significant health concern in recent years. With rising
prevalence in many countries, it is now the leading cause of oral disease-
related mortality40,41. Moreover, OSCC is characterized by a lack of early
symptoms, which can result in delayed diagnosis, extensive lesions, and an
increased risk of metastasis42. Patients with advanced or metastatic OSCC
demonstrate substantially worse clinical outcomes, reflecting both the
aggressive biological behavior and significantly reduced overall survival43.
Therefore, to help clinicians accurately predict theOS ofOSCCand thereby
enhance the quality of life of patients, this study developed a novel digital
pathology-basedAI platform, PathS, which combinedVGG19with SDL (c-

Fig. 3 | Performance of the pathomics-based AI platform at the patient level.
Correlation coefficients and Lasso-Cox regression were utilized for pathomics fea-
ture selection through both weakly supervised deep learning (PathWS, a) and
supervised deep learning (PathS, e). Kaplan–Meier (KM) analyses were conducted
for PathWS (b–d) and PathS (f–h). Based on themedian of the expectation of overall
survival predicted from the constructed AI platform, oral squamous cell carcinoma

patients were stratified into high-risk (overall survival predicted below the median)
and low-risk groups (overall survival predicted above the median). i Annotated
H&E-stained images, probably maps, and prediction maps of the two AI platforms.
Patients in the low-risk groupwere predominantly assigned a probability label of “0,”
whereas those in the high-risk group were mostly assigned a probability label of “1.”
H&E, hematoxylin and eosin; c-index, concordance index.
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index = 0.809). PathS exhibited a higher level of predictive accuracy than the
comparator platform based on WSDL. Additionally, the significance of
TIICs in OSCC survival was revealed from a novel perspective of AI tech-
nology. Furthermore, the AI platform was integrated with CS (c-index =
0.721) into a multimodal survival assessment platform (c-index = 0.817).

Currently, the most widely used method for assessing the prognosis of
tumor patients remains the clinical stage, based on the TNM staging
system44. However, it still has several limitations, including challenges in
measuring thedepthof tumor invasionand inconsistencies in the thresholds
for T and N stages45–48. Additionally, histopathological features are also
important indicators that guide decisions regarding adjuvant treatments,
such as radiotherapy, chemoradiotherapy, or immunotherapy44. However,
the current pathological grading system has demonstrated a poor correla-
tion with prognosis44. Our findings align with these observations. Only
clinical stage and pathological grade were identified as significantly asso-
ciated with patient survival during the development of CS. However, the CS
platformachieved onlymoderate predictive accuracy,with c-index values of
0.662 in the trainingdataset and0.721 in the validationdataset. These results

indicated that additional prognostic indicators were needed to improve the
efficacy of OS assessment for OSCC patients.

Pathomics-based AI technologies offer a promising solution15. They
may fulfil a distinctive function inpathological image analysis byuncovering
relationships or patterns from the huge information contained in H&E
images,which is challenging to acquire through conventionalmethods. This
technology has been utilized in several kinds of cancers, demonstrating high
predictive efficacy. Wang X, et al. have developed a WSIs-based survival
outcome predictionAImodel for pan-cancer, such as brain, breast, bladder,
and kidney49.Moreover, several AI platforms have been evaluated in clinical
trials, indicating their potential clinical value16,38,50. However, the application
of such platforms inOSCC remains limited. Previous studiesmainly trained
pathomics-basedAImodels to detect prognostic biomarkers for OSCC and
assess survival indirectly. Esce et al.26 and Adachi et al.27 trained AI models
based onWSIs of primary lesions of OSCC collected from a single hospital
to predict occult nodal metastases and lymph node recurrence. Cai et al.51

further detected the presence of a molecular biomarker, chromosome 9p
loss, which was found to be associated with poor survival of OSCC.

Fig. 4 | Development of a clinical signature (CS)-based platform for predicting
cancer patient survival using Cox regression analyses. Univariate (a) and multi-
variate (b) Cox regression analyses were performed on clinicopathological para-
meters to evaluate overall survival in patients with oral squamous cell carcinoma
(OSCC). Kaplan–Meier (KM) analyses demonstrated moderate predictive accuracy
for the CS in the training cohort (c) and validation cohort (d). Based on the median
of the expectation of overall survival predicted from the constructed CS platform,

OSCC patients were stratified into high-risk (overall survival predicted below the
median) and low-risk groups (overall survival predicted above the median). F
female, M male, FOM floor of mouth, T stage Tumor stage, N stage Lymph Node
stage, Path grade pathological grade, WBC white blood cell, RBC red blood cell, NL
neutrophil/lymphocyte ratio, AG albumin/globulin ratio, PL platelet/lymphocyte
ratio, HR hazard ratio, CI confidence interval, c-index concordance index.
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Additionally, Lan et al.24 developed a radiomics-based AI model usingMRI
data to predict both lymph node metastasis and patient survival. However,
to our knowledge, this is the first multicenter study to develop novel AI
platforms (PathWS and PathS) that can assess dynamic patient survival
directly from WSIs in OSCC. Using H&E images to directly assess tumor
patients’ survival is a straightforward method due to its cost-effectiveness

and accessibility. As the basis of clinical decision-making, histopathological
examination is widely regarded as a fundamental component for cancer
patients. Additionally, this approach does not depend on imaging equip-
ment, thereby ensuring its accessibility even in regions characterized by
limited medical resources. Furthermore, due to the high molecular resolu-
tion of pathomics, pathomics-based AI also demonstrates advantages in

Fig. 5 | The multimodal platform represented by a nomogram and its predictive
performance. a The multimodal platform, combining clinical parameters and
pathomics signatures, was represented as a nomogram. The output results are the
probability of survival for less than one year (1- ‘1-year OS probability’), three years
(1- ‘3-year OS probability’), and five years (1- ‘5-year OS probability’), respectively.
Kaplan–Meier analysis revealed the performance of the multimodal platform in the

training (b) and validation (e) cohorts. Time-dependent ROC analysis evaluated the
predictive accuracy of the multimodal platform for 1-year and 3-year OS in the
training (c, d) and validation (f, g) cohorts. PathS pathomics-based AI platform
developed through supervised deep learning, OS overall survival, c-index con-
cordance index, ROC receiver operating characteristic curve, CS clinical signatures,
AUC area under the curve, CI confidence interval.

https://doi.org/10.1038/s41698-025-01125-y Article

npj Precision Oncology |           (2025) 9:348 9

www.nature.com/npjprecisiononcology


providing molecular information, and this topic will be discussed in detail
later. In this study, KM analyses indicated that both PathWS and PathS
achieved high c-index values and outperformed the CS platform (repre-
senting conventional methods in clinical practice), demonstrating their
predictive accuracy. Furthermore, despite the observedperformance decline
in the testing dataset in this study, PathSmaintained predictive accuracy (c-
index = 0.757), demonstrating its potential robustness against institutional
heterogeneity and justifying further development for broader clinical
implementation. However, as a known challenge in AI model training, it is
important to note that there are still potential factors that affect the gen-
eralizability of such AI models. The variation between the Northern China
training/validation cohorts and the Southern China testing cohort may be
attributed to inter-institutional differences in histopathological preparation
protocols, population-specific lifestyle factors, and genomic heterogeneity.
Thus, expanded sample sizes and standardized pathological processing
protocols are important in future work to better capture population
diversity.

Moreover, a comparative analysis was conducted to evaluate the effi-
cacy of WSDL and SDL. Results showed that PathS offered superior gen-
eralization ability and less susceptibility to overfitting, relevant to PathWS.
The difference may be partially caused by variations in the regions of WSIs
that each algorithm analyzes to detect pathological features and make risk
stratification decisions. The probability and prediction maps (Fig. 3) also
clearly illustrate this distinction. The results indicated that PathS focused
more precisely on the tumor and its surrounding infiltrating immune cells,
as defined by clinicians’ annotations. This approach allowed a detailed
analysis of the relationship between pathological features and prognostic
risk within ROIs. In contrast, PathWS analyzed entire WSIs, including
normal epithelium and lamina propria regions, which the algorithm fre-
quently identifiedas low-risk areas forpoor survival. This broader focusmay
affect the process of fusing patch-level features intoWSI-level features and,
ultimately, the patient-level predicted risk.

In this study,ROIs included the tumor cells and the surroundingTIICs.
TIICs are identified as a population of lymphoid and myeloid cells,
including lymphocytes, dendritic cells, and macrophages. These cells exit
the vasculature and infiltrate the tumor, localizing in intraepithelial and
stromal regions52. Twomain factors motivated the inclusion of TIICs in the
ROIs. First, the close spatial proximity of infiltrating immune cells to tumor
cells made it challenging to exclude them from the ROIs during annotation.
Second,TIICs are identifiedas a critical factor influencing survival outcomes
in patients with OSCC53,54. The roles of TIICs in cancer progression vary
depending on their specific types53. Previous studies have shown that
myeloid-derived immune cells and regulatory T cells are associated with
poor survival outcomes in patients with OSCC54–57, whereas tissue-resident
marker CD103-positive T cells and dendritic cells have demonstrated anti-
tumor effects58. Additionally, Troiano et al.59 classified the immune phe-
notype of OSCC into three categories, immune-inflamed, immune-exclu-
ded, and immune-desert, basedon the level of TIICs infiltration, and further
confirmed that the survival rate of immune-desert-type OSCC is sig-
nificantly reduced through an assessment of WSIs from 211 patients.
Moreover, these TIICs can also organize into tertiary lymphoid structures
(aggregates of lymphocytes in non-lymphoid tissues during chronic
inflammation)60, which play critical roles in antigen presentation and
lymphocyte activation61, serving as key reservoirs of anti-tumor
immunity61–64. Furthermore, a close relationship between infiltrating
T cells and the effectiveness of immune checkpoint blockade therapy has
been reported65, as anti-programmed cell death ligand1 therapyhas become
an essential component of clinical management66. In our study, Grad-CAM
analyses of patches identified both tumor cells and TIICs as key regions.
Notably, this constitutes a novel approach. Prior studies mainly employed
ML to screen for immune-related gene markers associated with prognosis,
which relies on human-defined features to train and learn67,68. However,
given DL’s capacity to automatically identify prognostic features from
images, these features are not defined or understood easily by humans.
Therefore, thisfinding supported the important role ofTIICs inprognosis in

OSCC patients from a novel AI aspect. At the same time, this XAI method
highlighted the weight of TIICs in the decision-making process of the AI
platform, which enhanced the interpretability of PathS.

Moreover, we developed a novel multimodal OSCC prognostic pre-
diction platform. Multimodal models, which integrate diverse clinical fea-
tures with multi-omics data, have the potential to improve the accuracy of
cancer prognosis predictions, enabling more precise and personalized
treatment strategies. In recent years, multimodal models have been suc-
cessfully applied and validated in various diseases19,21,22,39. However, their
applications in OSCC have remained limited. In the present study, the
multimodal platform demonstrated robust and accurate prognostic pre-
diction performance for OSCC patients, with c-index values of 0.931 and
0.817 in the training and validation datasets, respectively. However, time-
dependent AUC analysis indicated that, although the multimodal platform
outperformed the CS platform in predictive efficacy, it did not demonstrate
a substantial improvement in predictive performance relative to PathS. This
finding suggests that the PathS model is already highly effective for prog-
nostic assessment; the incorporation of clinical modal data alone may not
sufficiently enhance the predictive accuracy. Recent studies have proposed
the integration of additional modalities, such as genomics22 and
radiomics69,70. Given that tumors are multifactorial diseases, future inves-
tigations could refine the multimodal platform by combining these addi-
tional data types to improve its robustness and generalizability.On the other
hand, the CS platform exhibited limited predictive capability, whichmay be
due to the relatively small sample size used in this study. Expansion of the
sample size could potentially enhance the platform’s accuracy. Additionally,
the inclusion of other clinical indicators relevant to prognosis, such as areca
nut chewing, chronic irritation, and poor oral hygiene, might improve the
platform’s performance. The development of a more comprehensive and
precise multimodal platform for predicting cancer patient prognosis
remains a critical focus for future research.

In this study, both WSDL and SDL were utilized to develop a
pathomics-based platform for clinicians to assess survival in patients with
OSCC.Additionally, the pathomics platformwas combinedwith a clinical
platform to create amultimodal prognostic platform. This novel platform
demonstrated high efficacy for clinical application. However, the study
had some limitations. First, future research should incorporate larger
sample sizes, more multicenter institutions, and prospective studies to
improve predictive performance, particularly for theCS platform. Second,
although thefindings demonstrated that TIICs represent critical decision-
making regions for the pathomics-based AI platform, and previous stu-
dies identified that the types of TIICs are significant for the prognosis of
OSCC, this study did not differentiate among specific TIIC subtypes;
further investigation is needed. Third, additional efforts are needed to
develop novelmultimodalmodels that achieve higher predictive accuracy.
These efforts include expanding clinical datasets and integrating addi-
tional modal data. In the future, we also hope to implement a series of
measures to facilitate the translation of AI platform towards clinical
application to enhance patient survival and prognosis, including the
incorporation of real-world studies, introduction innovative architectures
or optimization strategies specifically tailored forOSCC, the promotion of
interdisciplinary cooperation, the user training, and the integration of the
AI platform with existing healthcare information systems from an ethical
perspective.

Methods
Data collection
This retrospective cohort study utilized both WSDL and SDL meth-
odologies to construct a pathomics-based AI platform to generate DL
signatures for predicting OS in OSCC patients. Additionally, Cox
regression analysis was performed to identify OS-associated clinical
features (CS) for the development of a machine learning-based plat-
form. These pathomics and clinical signatures were then integrated to
create a comprehensive nomogram platform. Figure 1 presents the
workflow of this study.
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240OSCC cases were incorporated in the study cohort. 189 cases were
collected from the National Center of Stomatology in Northern China
initially, involving patients who underwent radical surgery between January
and December 2017. After applying inclusion and exclusion criteria, 174
cases were selected and randomly allocated into a training dataset (n = 122)
and a validation dataset (n = 52) in a 7:3 ratio. To evaluate the general-
izability of the algorithms, an additional 66 cases were collected from a
hospital in southern China, forming an external testing cohort (initially, 70
cases were considered for inclusion). The inclusion criteria encompassed (i)
histological confirmation of OSCC diagnosis by experienced pathologists;
(ii) receipt of initial radical surgical intervention; and (iii) availability of
comprehensive clinicopathological, laboratory, and follow-up data. Exclu-
sion criteria were (i) a history of prior surgery or chemoradiotherapy at
other institutions, and (ii) faded or unclear H&E slides due to various
factors.

Each case included an H&E-stained slide, which was digitized
into WSIs using the NanoZoomer whole slide scanner (NanoZoomer
2.0-HT, Hamamatsu Photonics). These images were subsequently
exported in NDPI format using NDPView2 software (version 2.6.17).
WSIs were captured at 20× magnification, with typical dimensions of
100,000 × 50,000 pixels, corresponding to a pixel resolution of ~0.5 μm
per pixel. Moreover, clinical characteristics were collected only for the
training and validation datasets due to their lack in the testing dataset.
These characteristics comprised sex, age, lesion site, tobacco use,
alcohol consumption, T stage, N stage, clinical stage, pathological
grade, and peripheral blood cell counts/associated protein levels
(white blood cell, red blood cell, hemoglobin, platelet, neutrophil,
lymphocyte, monocyte, albumin, and globulin). The participant
inclusion process is shown in Supplementary Fig. 1. Informed consent
was obtained from all participants. The study protocol adhered to the
ethical principles outlined in the Helsinki Declaration. This study was
approved by the Ethics Committee of the Peking University School
and Hospital of Stomatology, Beijing, China (PKUSSIRB-202497028)
and the Committees for Ethical Review of Research at Xiangya Sto-
matological Hospital of Central South University (20230024). The
report was prepared in accordance with the TRIPOD+ AI statement.

Data preprocessing
All WSIs underwent two distinct pre-processing patterns to accommodate
the different requirements of SDL andWSDL training paradigms. For SDL,
ROIs were carefully annotated on WSIs by experienced pathologists,
including both tumor regions and infiltrated immune cells. Tumor-
infiltrated immune cells (TIICs) were included due to their close spatial
proximity to tumor cells, which hindered exclusion. Then, ROIs were seg-
mented into smaller, uniform patches measuring 512 × 512 pixels, effec-
tively removing all white background areas. Conversely, theWSDL utilized
all patches segmented from the WSIs, applying a shared label per patient
across all patches, and manual annotation was not required. This process
yielded over 0.56 million distinct, non-overlapping tiles. Additionally, to
reduce the risk of overfitting and improve model generalizability, we
implemented real-time data augmentation during training, including ran-
dom cropping, horizontal/vertical flipping. Z-score normalization was
applied during both training and testing to normalize the intensity dis-
tribution across red, green, and blue channels of images, which served as the
input for the model.

Patch-level prediction
The development of the AI model implemented a two-tiered approach,
comprising patch-level and WSI-level predictions. The former referred to
training DL algorithms on individual patches to capture critical OS-
associated histopathological features, while WSI-level prediction was fur-
ther performed with MIL.

In the patch-level prediction phase, we evaluated the performance of
CNNs—Dense Convolutional Network 121 (DenseNet121), Residual
Networks 101 (ResNet101), Inception_v3, and VGG19. For each case, we

developed a patch-level, time-dependent, 5-year survival risk prediction
platform. All patches within a given sample were assigned the same patient-
specific 5-year OS label. To optimize the model’s performance across dif-
ferent datasets, transfer learning was utilized by initializing the model with
weights pre-trained on the ImageNet database. A cosine decay learning rate
strategy was adopted, expressed as follows:

ηt ¼ ηimin þ
1
2

ηimax � ηimin

� �
1þ cos

Tcur

Ti
π

� �� �
ð1Þ

In this equation, ηimin ¼ 0 is theminimum learning rate, ηimax ¼ 0:01 is the
maximum learning rate, andTi ¼ 30 indicates the number of epochs in the
training cycle.

Furthermore, we trained these four DLmodels using bothWSDL and
SDL to evaluate the two training paradigms. Under the WSDL framework,
an extensive labeling strategy was applied without annotations, while only
annotatedROIs were segmented into patches and labeled when training the
SDL models. The prediction accuracy and robustness of these algorithms
were assessed using key metrics from the ImageNet competition, including
area under the AUC, accuracy, negative predictive value, and positive
predictive value.

Fusion of patch-level pathomics signatures into WSIs
MIL techniques were utilized to consolidate the patch-level corresponding
probabilities to generate WSI-level predictions and enhance the predictive
accuracy of our models. Two primary approaches, the Patch Likelihood
Histogram (PLH) pipeline and the Bag of Words (BoW) pipeline, were
utilized. These approaches synthesized patch-level predictions, probability
histograms, and term frequency-inverse document frequency features to
construct patient-level features. During patch-level prediction, probability
distributions and classification labels were generated and denoted as
Patchprob andPatchpred , respectively. In the PLHpipeline, the occurrences of
Patchprob and Patchpred within each bin (each unique value was categorized
as a “bin”) were counted, and the resulting features were subjected to min-
maxnormalizationandyieldedHistoprob andHistopred . In theBoWpipeline,
a dictionary of unique elements identified in Patchprob and Patchpred was
built, then vectorized each patch by counting feature frequencies. Term
frequency-inverse document frequency weighting was applied to enhance
discriminative power andgenerateBoWprob andBoWpred. Subsequently, the
previously derived features, Histoprob, Histopred , Bowprob, and Bowpred were
synthesized into a unified andcomprehensive feature vector through feature
concatenation, representedby�. The concatenation formula is expressed as
follows:

featurefusion ¼ Histoprob � Histopred � Bowprob � Bowpred ð2Þ

Feature selection was refined using the Pearson correlation coefficient,
ensuring that only one feature from each highly correlated pair (correlation
coefficient >0.9) was retained. This step was critical in determining the
feature set. The Lasso-Cox method was then applied to identify and retain
non-zero features with the greatest prognostic relevance. The selected fea-
tures were subsequently incorporated into a Cox proportional hazards
model to predict patient survival. Using this model, we calculated the
expectation of overall survival for each patient, identifying the pathomics
signatures for both PathS (using SDL) and PathWS (usingWSDL). The key
metric used to evaluate this model was the c-index values.

Clinical signature identificationanddevelopmentofamultimodal
platform
Univariate and multivariate Cox regression analyses were conducted to
identify clinical variables significantly associated with patients’ OS, and
further develop an ML-based predictive platform (CS). Moreover, predic-
tion results of the PathSmodelwere obtained to form the PathS signature as
a benign predictive indicator for OSCC patients, which represents the
expectation values of overall survival for OSCC patients. Furthermore, we
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integratedCSwith thePathS signature to createa comprehensiveCox-based
multimodal platform, which we then translated into a nomogram. This
visualization makes it more user-friendly for clinicians and simplifies the
integration of the platform into clinical decision-making processes.

Statistical analysis
To address the complexities ofmedical image analysis, we utilized advanced
statistical methodologies. Specifically, independent sample t-tests were used
to assess continuous variables; chi-squared tests were used to evaluate
categorical variables. For survival analysis, we implemented Cox propor-
tional hazards models to adjust for multiple predictors and Kaplan–Meier
(KM) analysis to estimate survival functions. To determine the prognostic
significance of the platform,we stratified samples based onpredicted hazard
ratios (HRs) and conducted a multivariate log-rank test to evaluate the
significance of group separation. Our analytical pipeline incorporated a
diverse array of computational tools. Image analysis was conducted using
ITK SNAP v3.8.0, whereas custom scripts in Python v3.7.12 were used to
tailor our analysis to specific research questions. The Python packages we
engaged included PyTorch v1.8.0 for DL model development, scikit-learn
v1.0.2 formachine learning algorithms, PyRadiomics v3.0 for the extraction
of radiomic features, and Lifelines v0.27.0 for survival analysis. High-
performance computing hardwarewas leveraged, including an Intel 14900k
CPU, 64 GB of RAM, and an NVIDIA RTX 4090 GPU, providing the
computational power necessary to handle the complex computations
required for our advanced image analysis and machine learning tasks.

Data availability
Restrictions are applied to the whole imaging and clinical data of the
datasets, which are not publicly available due to patient privacy obligations.
All data supporting the findings of this study are available on request for
reasonable academic purposes from the corresponding author T.L.

Code availability
The code utilized in this research has not been disclosed publicly. However,
it is available on request for reasonable academic purposes from the cor-
responding author T.L.
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