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Summary
The search for reliable prognostic markers in oral squamous cell carcinoma (OSCC) 
remains a critical need. Tumor-infiltrating lymphocytes (TILs), particularly T lymphocytes, 
play a pivotal role in the immune response against tumors and are strongly correlated 
with favorable prognoses. Computational pathology has proven highly effective for histo-
pathological image analysis, automating tasks such as cell detection, classification, and 
segmentation.
In the present study, we developed a StarDist-based model to automatically detect T lym-
phocytes in hematoxylin and eosin (H&E)-stained whole-slide images (WSIs) of OSCC, 
bypassing the need for traditional immunohistochemistry (IHC). Using QuPath, we gen-
erated training datasets from annotated slides, employing IHC as the ground truth. Our 
model was validated on Cancer Genome Atlas-derived OSCC images, and survival analy-
ses demonstrated that higher TIL densities correlated with improved patient outcomes.
This work introduces an efficient, AI-powered workflow for automated immune profiling 
in OSCC, offering a reproducible and scalable approach for diagnostic and prognostic 
applications.

Key words: OSCC, T lymphocyte cells, IA, Digital Pathology, Computational Pathology, 
deep learning, QuPath, StarDist

Graphical Abstract. The proposed workflow: from tissue slide preparation to 
model inference. (Created with BioRender.com)
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Introduction

Oral squamous cell carcinoma (OSCC), while a rela-
tively rare neoplasm, poses significant clinical chal-
lenges due to its aggressive nature, low response 
rates to standard therapies, and high levels of drug 
resistance  1-3. Several studies have emphasized the 
tumor microenvironment’s (TME) pivotal role in regu-
lating tumor progression and therapeutic responses. 
Interactions between tumor cells and components 
of the TME, particularly immune cells, are critical in 
shaping these processes 4,5. In this context, innate im-
munity acts as the first line of defense, followed by 
adaptive immunity, where lymphocytes play an active 
role. In OSCC, T lymphocytes influence tumor behav-
ior, therapeutic outcomes, and patient survival 6,7.
Given their central role in antitumor responses, the ac-
curate detection and quantification of tumor-infiltrating 
lymphocytes (TILs) is crucial. The presence of TILs is 
strongly associated with improved prognosis and en-
hanced responses to immunotherapies 8-11. Tradition-
ally, T-cell identification relies on immunohistochemis-
try (IHC) using specific antibodies to detect relevant 
lymphocyte subsets. However, this approach is prone 
to significant inter- and intra-observer variability, and 
manual quantification can be labor-intensive and time-
consuming 12.
Integrating artificial intelligence (AI) offers a promis-
ing solution to these challenges. Advances in digital 
pathology, supported by whole-slide imaging (WSI), 
have enabled cell detection and quantification auto-
mation. Deep learning techniques, particularly convo-
lutional neural networks (CNNs), have shown excep-
tional accuracy in analyzing hematoxylin and eosin 
(H&E)-stained slides. These methods provide a viable 
alternative to IHC, delivering reproducible and stan-
dardized metrics while reducing manual effort and ob-
server bias 13,14.
Our study aims to develop an AI-powered tool for the 
automated segmentation and detection of lymphocytic 
T cells in WSI of OSCC stained with H&E. By stream-
lining the diagnostic workflow, this approach seeks to 
improve diagnostic efficiency and precision. Leverag-
ing AI and WSI technology, we aim to enhance the 
clinical decision-making process, enabling patholo-
gists to perform immune profiling more accurately 
and efficiently. Furthermore, our work builds upon a 
previously established strategy for predicting CAF-1/
p60-positive cells in OSCC WSI-H&E tumor tissue 15

Our approach to computational pathology empha-
sizes creating user-friendly diagnostic tools that aid in 
risk stratification and support more personalized treat-
ment planning for OSCC patients.

Materials and methods

Slides preparation

We selected 10 OSCC formalin-fixed paraffin embed-
ded (FFPE) cases from the archive of the Pathology 
Unit of the Department of Advanced Biomedical Sci-
ences of the University of Naples “Federico II.” To en-
sure precise detection of T cells, we performed immu-
nohistoochemical (IHC) staining for the T cell marker 
CD3 to build a robust ground truth. We restained pre-
viously H&E-stained tissue sections with CD3-IHC to 
guarantee more accurate segmentation masks, as 
described in 15.
Briefly, H&E stained and digitized tissue sections were 
destained and immunostained with anti-CD3 antibody. 
We digitized H&E and IHC slides using a Leica Aperio 
AT2 scanner at 40x magnification. We performed im-
munostaining with the Ventana Benchmark Ultra au-
tomatic stainer (Ventana Medical Systems Inc., 1910 
Innovation patk drive Tucson, AZ, USA) using the rab-
bit monoclonal anti-CD3 antibody (2GV6), according 
to the manufacturer’s instructions. 
Before digitizing, we cleaned the slides with sterile 
gauze and 90% ethanol to eliminate any impurities 
that might affect our analysis. 

Quality check: HistoQC

We utilized HistoQC, an open-source quality control 
(QC) tool for digital pathology slides, to automate the 
quality assessment of whole-slide images (WSIs) 16,17. 
HistoQC efficiently detects and classifies artifacts 
while calculating visual metrics associated with the 
images. Its modular pipeline allows for the analysis of 
image properties such as color, brightness, and con-
trast, generating visual masks and metadata to identi-
fy areas of interest and anomalies within the datasets.
The tool produces masks that can be overlaid on the 
original images, with specific colors denoting regions 
of interest:
•	 Pink masks: Indicate artifact-free, computable ar-

eas suitable for AI model training and inference.
•	 Green masks: Highlight regions compromised by 

significant artifacts excluded from further analysis.
•	 For our study, we exclusively used the pink-masked 

regions of interest (ROIs) in all subsequent analy-
ses.

Dataset generation

After quality control, we generated the training and 
validation sets with QuPath (v. 0.5.1 version)  18 We 
created a project and inserted our H&E-stained WSIs 
and the paired CD3-stained ones. We registered the 
paired images with an affine registration by using a 
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QuPath extension (https://github.com/qupath/qupath-
extension-align. Last accessed 06/08/2024) (Fig. 1).
Once we aligned H&E with the paired IHC, we per-
formed a positive cell detection by the mean of DAB 
OD features. Then, we exported the entire set of de-
tected objects from IHC in geojson format and re-
imported them onto the H&E images. We obtained 
CD3-positive segmentation masks that perfectly over-
lapped the H&E-stained cells (Fig. 2).
Two pathologists visually examined the samples to 
validate the annotated images (SS and FM). After this 

check, we used a Tile Exporter groovy script to export 
256x256px tiles and the corresponding label images. 
We modified the Groovy script on the QuPath docu-
mentation web page (“https://qupath.readthedocs.io/
en/stable/,” last accessed: 10/04/2024). The full script 
edit is available in Supplementary I.

Model training

We built the StarDist-based model as described  19-

21 (“https://github.com/stardist/stardist”; last access: 
04.03.2024). 
StarDist is a Python package implementing star-
convex object detection for 2D and 3D images. It is a 
deep learning-based method for nuclei/cell detection 
and segmentation in microscopy images. The general 
approach for 2D images involves training a model to 
densely predict the distances to the object boundary 
along a fixed set of rays and object probabilities. This 
produces an overcomplete set of candidate polygons 
for a given input image. The final result is obtained 
via non-maximum suppression (NMS) of these candi-
dates. In particular, it recognizes round objects such 
as nuclei or cells through the “star-convex polygons” 
system to represent their edges. Each pixel is associ-
ated with the star-convex polygon defined by the dis-
tances from the pixel to the object’s edge along the 
various predefined radial directions. 
The training was conducted on a Google Colab vir-
tual machine with a V100 GPU with 16 GB of VRAM 
and 51 GB of RAM. All coding and statistical analyses 
were performed using Python 3.10.
Our model was trained using 43908 objects (i.e., CD3 
positive cells) in 7750 tiles of 256x256 pixels. We split 
the dataset into train/validation/test using a cross-vali-

Figure 1. Representative example of the aligned image 
pairs showing both the H&E images and the corresponding 
IHC images (Scale bar: 50 pixels).

Figure 2. An example of H&E tiles and masks exported from QuPath after annotation alignment (Scale bar: 50 pixels).
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dation method. All the details of the training are shown 
in Supplementary VI. The full code used to train the 
model is available upon request at: https://github.com/
Frank19782023/paperCD3OSCC

Model Testing

We tested our model to detect and segment CD3+ 

T cells in H&E-stained WSI on test OSCC samples 
stained with H&E and CD3. We then validated our 
model visually in QuPath, comparing the prediction 
results with the IHC.
Figure 3 (B and D) shows the model-based prediction 
on H&E, with the recognized lymphocytes highlighted 
in yellow and validated by IHC (A and C). 

Model Inference with QuPath

Once the model was built, it was converted into porta-
ble formats such as Protocol Buffers (.pb) format and 
ImageJ-compatible zip files. This conversion was per-
formed in an Anaconda virtual environment using Ten-
sorFlow 1.15 and tfonnx to ensure compatibility and 
ease of use across various platforms.

Dataset for model inference

We used a dataset derived from the Cancer Genome 
Atlas (TCGA) to infer our model, precisely 50 cases of 
OSCC stained with hematoxylin and eosin (Tab.  II.). 

Table I. Versions of specific packages used for model train-
ing.

Package Version
StarDist (0.9.1)
csbdeep (0.8.0)

scikit-image (0.19.3)
numpy (1.25.2)
scipy (1.11.4)

 matplotlib (3.7.1)
tifffile (2024.6.18)
tqdm (4.66.4)

gputools 0. 2. 14

Figure 3. (A and C) IHC staining identifying CD3-positive lymphocytes. (B and D) Hematoxylin and eosin (H&E) staining was 
applied from the model, with recognized lymphocytes highlighted in yellow. Images C and D are magnified at 6.70x.(Scale 
bar:100 pixels).
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Using a modified Groovy script, we used QuPath with 
the StarDist extension (https://github.com/qupath/
qupath-extension-stardist. Last accessed 06/08/2024) 
to infer the model on these 50 WSI (details in Supple-
mentary II).
Our goal was to identify T lymphocytes in both the tu-
mor and stroma. Before applying the script, we nor-
malized all WSIs using QuPath’s auto-parameters for 
color normalization and performed manual annota-
tions. We annotated the invasive tumor margin and the 
central tumor region, while for the stroma we focused 
only on regions near the invasive tumor margin and 
the central tumor region. Using these annotations, we 
applied the script to extract the quantity of T lympho-
cytes. 

Definitions of “Cold” and “Hot”

We first determined the percentage of positive cells. 
Using the Cell Detection function of QuPath, we cal-
culated the total cell count of both tumor and stroma in 
the specified ROIs. We further predicted the T lympho-
cytes by applying our model. From the total number 
of T lymphocytes identified, we derived a percentage 
using the following formula:

Using the percentages, cutoffs were defined using the 
Cutoff Finder software  22, an online accessible plat-
form for data optimization and visualization (available 
at the link: https://molpathoheidelberg.shinyapps.io/
CutoffFinder_v1/). The cutoffs were calculated on the 
basis of the median values to distinguish between 
high and low T lymphocyte expression. This meth-
odology allowed us to determine the cutoff for T cells 

infiltrating the intratumoral area and for T cells in the 
stroma.

Statistical analyses 

Statistical analysis was performed using the latest 
version (v29) of IBM SPSS Statistics for Windows 
(IBM Corp., Armonk, NY, USA). Survival data present 
in the TCGA were used for this purpose. First, we cre-
ated Kaplan-Meier survival curves to estimate patient 
survival in the different groups (high and low T-cell ex-
pression). The curves were compared using the Log-
rank (Mantel-Cox) test to determine if the differences 
were statistically significant (p < 0.05). 
A Cox regression model was used to examine the ef-
fect of the selected variables on patient survival. An 
Omnibus test was performed to assess the model’s 
overall significance. It was also checked whether add-
ing new variables to the model causes a change in the 
Chi-square test that significantly improves the model. 
Once the optimal model was identified, the regression 
coefficients of the included variables were interpreted. 
A p-value less than 0.05 was considered statistically 
significant.

Results

Quality check

Analysis by HistoQC allowed us to distinguish com-
putable regions from regions compromised by arti-
facts effectively. Figures 4 and 5 show that the pink-
masked tissue portions represent the areas free of ar-
tifacts; conversely, the green-masked regions contain 
artifacts such as folds or altered staining. WSIs from 
the TCGA dataset showed a higher frequency of “un-
usable” regions than the in-house prepared images. 

Model building

We created our training dataset once the WSIs were 
prepared and annotated, as described in the Mate-
rials and Methods and Supplementary VI. The WSI 
images were tiled in 256x256px tiles, generating 7750 
pairs (H&E and the correspondent mask). For a total 
of 15,500 tiles, each pair included one tile from the 
source image and the matching segmentation mask. 
We obtained 43,908 objects (i.e. CD3 positive cells) 
that were finally used to train the model. Figure 6 
shows an example of an image tile with its segmenta-
tion mask.
After threshold optimization, the model’s optimized 
values were as follows: {‘prob’: 0.4097943603992462, 
‘nms’: 0.5}. The intersection over union (IoU) param-
eter was used to determine which dataset values 

Table II. Study population from TCGA. Synoptic report.  
All cases were OSCC.

Age
Mean

Median
Range

64.82 
65.5

24-87
Sex F

M
15
35

Stage I
II
III
IV

1
13
5
25

Grade G1
G2
G3

12
29
8

Days to death Mean
Median
Range

3248.62
4211

11-8760
Vital Status Alive

Dead
25
25
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matched the computed threshold. The optimal IoU 
threshold chosen is thresh  =  0.4. This allows us to 
balance precision, accuracy, and recall best, thus 

maintaining a low number of false negatives and false 
positives. The model’s performance was evaluated 
with the creation of a graph where the performance 

Figure 4. An example of a WSI from the training dataset analyzed by HistoQC. (A) shows the original WSI; (B) shows the 
final mask generated by HistoQC. Areas colored in pink indicate sections considered suitable for analysis, while those in green 
were classified as unsuitable (Scale bar: 100 pixels).

Figure 5. An example of a WSI from the inference dataset analyzed by HistoQC. (A) Original WSI; (B) final mask generated 
by HistoQC. Areas colored in pink indicate sections considered suitable for analysis, while those in green were classified as 
unsuitable (Scale bar: 100 pixels).
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of our model is evaluated against a series of threshold 
values, as shown in Supplementary III.

Inference of the trained model

After building the model, we inferred WSIs download-
ed from TCGA (TCGA-HNSC project, link:https://por-
tal.gdc.cancer.gov/). 
We analyzed 50 cases of OSCC stained with hema-
toxylin and eosin. The objective was to evaluate the ef-
fectiveness of our model in recognizing T lymphocytes 
by comparing the data extracted from the model’s ap-
plication with patient outcomes provided by TCGA. As 
described in the Materials and Methods the analysis 
was conducted using QuPath (Fig. 7). 
As described in the Materials and Methods section 
(2.8 Definitions of “Cold” and “Hot”), the following cat-
egories were defined (Fig. 8):
In the intra-tumor analysis, tumors were classified 
based on TIL percentages as follows:
•	 Intratumoral TIL Cold: Tumors with a TIL percent-

age below the median (4%).
•	 Intratumoral TIL Hot: Tumors with a TIL percentage 

above the median (4%).
•	 In the stroma analysis, regions were classified 

based on lymphocyte T percentages as follows:
•	 Stroma Cold: Regions with a lymphocyte T per-

centage below the median (11%).
•	 Stroma Hot: Regions with a lymphocyte T percent-

age above the median (11%).
•	 We then combined these data points to classify all 

tumors slides as follows:
•	 Cold Tumor: Intratumoral TIL percentage ≤ 4% and 

stromal T lymphocyte percentage ≤ 11%
•	 Hot Tumor: Either intratumoral TIL percentage > 4% 

or stromal T lymphocyte percentage > 11%
We generated Kaplan-Meier survival curves using the 
specified cutoffs, patient outcome data (alive or dead), 
and the time from the study’s start to death.
First, we analyzed the expression of TILs (Fig.  9). 
Kaplan-Meier survival analysis revealed that the 
“TIL-cold” group experienced a rapid decline in sur-
vival (blue curve, Fig.  10A), reflecting a significantly 
lower survival rate compared to the “TIL-hot” group 
(red curve), which exhibited notably higher survival 
rates. This pattern persisted on the logarithmic scale 
(Fig. 10B).
The Log-Rank (Mantel-Cox) test further confirmed a 
significant difference in survival between the two co-
horts (Fig.  10C), yielding a chi-square (X²) value of 
34.324 and a p-value < 0.001, indicating robust statis-
tical significance.
We evaluated the data extracted from the stroma only 
(Fig.  11). Kaplan-Meier survival analysis (Fig.  12A) 
demonstrated that the “stroma-cold” group had a 
rapid initial decline in survival, stabilizing at low lev-
els, whereas the “stroma-hot” group showed a more 
gradual decline and higher survival rates. Therefore, 
observations show that patients with low expression 
of T lymphocytes in stroma have a worse outcome 
than those with high expression. It is again observed 

Figure 6. Example of a WSI image tile with the corresponding segmentation mask.
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in “Logarithmic Survival Function” (Fig. 12B) that the 
survival of the “stroma-cold” group is lower than that 
of the “stroma-hot”.
The Log Rank (Mantel-Cox) test has an X² value of 
2.904, a degree of freedom (df) of 1, and a p-value 

of 0.088. Although the p-value of 0.088 suggests that 
we cannot say with certainty that this difference is sta-
tistically significant, given that it is close to the signifi-
cance level. This suggests that with a larger sample, 
the difference could become statistically significant.

Figure 7. An example of model inference on WSI. (A) and (C) represent the original image with annotation ROIs. (B) and (D) 
are the same as in A and C WSI with overlaid model predictions (yellow overlays). (Scale bar: 100 pixels)

Figure 8. Percentage distribution of the three different categories analyzed. (A) Intratumor TIL is the subdivision between 
TIL-cold (53.06%) and TIL-hot (46.94%). (B) Stroma is the subdivision between StromaCold (48.98%) and StromaHot 
(51.02%). (C) Tumor is the subdivision between TumorCold (32.65%) and TumorHot (67.35%).
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Figure 10. Representative images of TIL-hot and TIL-cold with red annotations indicating the tumor ROI. (A) TIL-hot at low 
magnification, (B) TIL-hot at 8x magnification, (C) TIL-cold at low magnification, (D) TIL-cold at 8.78x magnification. (Scale 
bar:100 pixels).

Fugue 10. (A) Survival Function: The vertical (Y) axis represents cumulative survival (probability of survival). The horizontal 
(X) axis represents time (in days). “Til-cold” curve (blue curve) percentage of T-lymphocytes 4%, and “Til-hot” (red curve) 
percentage of T-lymphocytes > 4%. Censored symbols indicate patients for whom no more data are available (censoring). (B) 
Logarithmic Survival Function: The vertical (Y) axis represents survival on a logarithmic scale. The horizontal (X) axis repre-
sents time (in days). The “Til-cold” curve (blue curve) percentage of T-lymphocytes 4%, and “Til-hot” (red curve) percentage 
of T-lymphocytes > 4%. (C) Log Rank (Mantel-Cox) test used to compare survival curves between two cohorts. The values 
presented include the Chi-square (X²), degrees of freedom (df), and the p-value, indicating the statistical significance of the 
differences observed between the curves.
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Finally, we combined the results to evaluate whether 
high expression in both behaviors has positive out-
comes as in the two separate regions (Fig. 13). The 
Kaplan-Meier survival curves (Fig. 14A) indicated that 
the “Tumor-cold” group had worse survival outcomes, 
with a faster decline and lower survival values com-
pared to the “Tumor-hot” group, which maintained 
higher survival probabilities. The logarithmic curves 
also show this identical trend (Fig. 14B).
The Log Rank (Mantel-Cox) test (Fig.  14C) demon-
strated high statistical significance (p  <  0.001), and 
the high Chi-square value (11.642) indicates that the 
observed difference between the curves is significant. 
This suggests that low and high expression of T cells, 
both intratumorally and in the stroma, significantly im-
pacts patient survival.
The Cox regression model confirmed that the percent-
age of TILs significantly predicted patient survival. The 
regression coefficient (B) for TILs was -2.574, with a 
standard error of 0.630. The Wald test yielded a value 
of 16.664, with a p-value  <  0.001, indicating strong 

statistical significance. The hazard ratio (Exp(B)) was 
0.076, suggesting that an increase in the percentage 
of TILs reduces the risk of death by 92.4%.
The Omnibus test confirmed the overall significance 
of the model (p-value < 0.001). Adding the TIL vari-
able resulted in a X² change of 26.420, with a p-val-
ue < 0.001, demonstrating that including TILs signifi-
cantly improved the model.
Other variables, such as tumor stage and grade, did 
not show significant p-values and did not contribute 
meaningfully to the model.
These findings underscore that the intratumoral per-
centage of TILs is a critical factor in patient survival, ex-
erting a strong protective effect against the risk of death. 
(Detailed results are provided in Supplementary IV.)

Discussion

The immune system is a critical player in the defense 
against tumor cells, engaging innate immunity initially 

Figure 11. Representative images of stroma-hot and stroma-cold with blu annotations indicating the stroma ROI. (A) stro-
ma-hot at low magnification, (B) stroma-hot at 8.20x magnification, (C) stroma-cold at low magnification, (D) stroma-cold at 
8.20x magnification. (Scale bar:100 pixels).
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Figura 12. (A) Survival Function: The vertical (Y) axis represents cumulative survival (probability of survival). The horizontal 
(X) axis represents time (in days). “stroma-cold” curve (blue curve) percentage of T-lymphocytes 11%, and the “stroma-hot” 
(red curve) percentage of T-lymphocytes > 11%. Censored symbols indicate patients for whom no more data are available 
(censoring). (B) Logarithmic Survival Function: The vertical (Y) axis represents survival on a logarithmic scale. The horizontal 
(X) axis represents time (in days).“stroma-cold” curve (blue curve) percentage of T-lymphocytes 11%, and the “stroma-hot” 
(red curve) percentage of T-lymphocytes > 11%. (C) Log Rank (Mantel-Cox) test used to compare survival curves between 
two cohorts. The values presented include the Chi-square (X²), degrees of freedom (df), and the p-value, indicating the sta-
tistical significance of the differences observed between the curves.

Figure 13. Representative images of tumor-hot and tumor-cold with blu annotations indicating the stroma ROI and red an-
notations indicating the tumor ROI. (A) Tumor-hot at low magnification, (B) tumor-hot at 8.15x magnification, (C) tumor-cold 
at low magnification, (D) tumor-cold at 8.15x magnification. (Scale bar:100 pixels).
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and recruiting adaptive immune responses. T lympho-
cytes are central to this process since they able to rec-
ognize and induce apoptosis in tumor cells. Numerous 
studies have demonstrated that a high density of T 
lymphocytes in tumors correlates with a better prog-
nosis in OSCC. Given OSCC’s malignancy and resis-
tance to conventional treatments, identifying reliable 
prognostic biomarkers and developing targeted immu-
notherapies are imperative. Traditional methods, such 
as IHC, while accurate, are labor-intensive and prone 
to inter- and intra-observer variability, underscoring 
the need for automated solutions.
Artificial intelligence (AI) models have emerged as 
transformative tools in histopathology, enabling auto-
mated identification and quantification of TILs on he-
matoxylin and eosin (H&E)-stained WSIs. This study 
demonstrates the effectiveness of an AI-based work-
flow using QuPath and the StarDist model to segment 
and detect T lymphocytes. By leveraging IHC-derived 
annotations as ground truth, we trained a StarDist 
model capable of performing “virtual immunohisto-
chemistry” on H&E-stained WSIs, bypassing the need 
for traditional IHC while maintaining accuracy.
Previous studies have validated the potential of AI in 
histopathology. For instance, Martino et al. (2020)  23 

employed machine learning to predict the positivity of 
proliferation markers directly from H&E-stained tumor 
sections, and later, their deep-learning approach en-
hanced this capability 24. Similarly, Saltz et al. (2018) 
used deep learning to quantify spatial patterns of 
lymphocytes in multiple cancer types  25, while Sha-
ban et al. (2019) introduced a digital score for TILs in 
OSCC 26. Budginaite et al. efficiently used Micro-Net 
architecture to segment lymphocytic cells in H&E-
stained colorectal and breast cancer tissue images 27. 
These efforts underscore the growing application of 
AI in immune profiling and its prognostic significance. 
Building on these advances, our study integrates AI-
driven cell detection with a user-friendly digital pathol-
ogy platform, bridging computational power and clini-
cal utility.
Our analysis confirms that intratumoral T lympho-
cytes are significantly associated with improved sur-
vival in OSCC. Kaplan-Meier curves demonstrated 
that patients with “TIL-hot” tumors have better survival 
rates than those with “TIL-cold” tumors. Although the 
prognostic significance of stromal T lymphocytes ap-
proached statistical significance, their role in isolation 
may require further exploration with larger datasets. 
These findings align with established literature high-

Figure 14. (A) Survival Function: The vertical (Y) axis represents cumulative survival (probability of survival). The horizontal 
(X) axis represents time (in days). The blue curve represents “Tumor-cold” (Til 4% and stroma 11%); the red curve represents 
“Tumor-hot” (Til > 4% and stroma > 11%). Censored symbols indicate patients for whom no more data are available (censor-
ing). (B) Logarithmic Survival Function: The vertical (Y) axis represents survival on a logarithmic scale. The horizontal (X) 
axis represents time (in days). The blue curve represents “Tumor-cold” (Til 4% and stroma 11%); the red curve represents 
“Tumor-hot” (Til > 4% and stroma > 11%). (C) Log Rank (Mantel-Cox) test used to compare survival curves between two 
cohorts. The values presented include the Chi-square (X²), degrees of freedom (df), and the p-value, indicating the statistical 
significance of the differences observed between the curves.
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lighting the prognostic value of T lymphocytes, par-
ticularly CD3-positive subsets, in OSCC and other 
malignancies 28,29.
One of the key strengths of our workflow is its simplic-
ity and adaptability. By combining QuPath with StarD-
ist, we developed a pipeline that can be seamlessly 
integrated into clinical laboratories 30. The model was 
easily applied to TCGA WSIs, enabling high-through-
put immune profiling. The flexibility to export models 
in portable formats enhances the potential for wide-
spread adoption. However, our study has limitations. 
The current model is limited to single-class detection, 
focusing solely on CD3-positive cells. Expanding the 
model to identify multiple immune cell subsets would 
provide a more comprehensive analysis of the tumor 
immune microenvironment.
Future directions involve refining the model into a 
multi-class framework capable of detecting other key 
immune cell populations linked to patient outcomes, 
such as CD8+ and CD4+ cells. Additionally, incor-
porating advanced statistical techniques, larger and 
diverse datasets, and external validation steps could 
improve the model’s robustness and generalizability.

Conclusions

In conclusion, our study highlights the potential of 
AI-driven workflows for TIL detection in OSCC. The 
proposed methodology offers a scalable, efficient, and 
reproducible alternative to traditional IHC, enhancing 
diagnostic precision and prognostic stratification. This 
approach sets the stage for more personalized treat-
ment strategies in OSCC and other cancers by reduc-
ing variability and manual labor.
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