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Background: Gastrointestinal (GI) cancers (including esophagus, stomach, colon, rectum, pancreas and liver) account 
for more than one-quarter of all cancer diagnoses and 35% of cancer-related fatalities worldwide. Quantification of 
tumor-infiltrating lymphocytes (TILs) is a known cancer prognostic marker. In this study, we used computer vision 
and machine learning [artificial intelligence (AI)] approaches to evaluate the prognostic significance of 
computational pathology features relating to spatial arrangement and diversity in the appearance of TILs and 
cancer nuclei across five different types of GI cancers: colon, stomach, pancreas, and rectum adenocarcinoma and 
liver hepatocellular carcinoma. 
Patients and methods: The study comprises >1700 patients from four different sites. Pathomic features (2236) were 
extracted from hematoxylin—eosin stained whole slide images and the top 9 features were selected by Least Absolute 
Shrinkage and Selection Operator (LASSO) Cox model. The top prognostic features identified were related to the spatial 
relationships between TILs and the closest cancer nuclei and tumor nuclei shape and texture features captured within 
local cellular clusters. 
Results: Our trained model identified that ‘low-risk’ patients have significantly better overall survival than those 
identified as ‘high risk’ with a hazard ratio (HR) of 2.28 [95% confidence interval (CI) 1.32-3.93, P = 0.0032] in liver 
hepatocellular carcinoma; an HR of 2.79 (95% CI 1.66-4.68, P = 0.0001) in pancreatic adenocarcinoma; an HR of 
5.85 (95% CI 2.53-15.5, P = 0.0002) in rectal adenocarcinoma; an HR of 1.81 (95% CI 1.07-3.07, P = 0.0268) in 
gastric adenocarcinoma. Across three different external validation sets of colorectal cancer (CRC) patients, our 
model yielded an HR of 2.32 (95% CI 1.67-3.23, P < 0.0001) in The Cancer Genome Atlas-Colon Adenocarcinoma 
(TCGA-COAD), an HR of 2.32 (95% CI 1.67-3.23, P < 0.0001) in Prostate, Lung, Colorectal, and Ovarian Cancer 
Screening Trial (PLCO)-COAD, and an HR of 3.38 (95% CI 1.99-5.71, P < 0.0001) in the Emory dataset. Multivariable 
survival analysis showed that our trained model was prognostic independent of stage, age, race, and sex. 
Conclusions: Our findings suggest that the spatial relationships of TILs and cancer nuclei are prognostic of survival 
across multiple GI cancer types. 
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INTRODUCTION 

Gastrointestinal (GI) tract cancers account for a significant 
portion of cancer morbidity and mortality in the United 
States, representing 18% of estimated new USA cases and 

an estimated 28% of cancer-related deaths in 2024.1 

Worldwide principal malignancies within the GI 
tract―including stomach (∼1.0 million new cases), liver 
(840 000 cases), esophagus (570 000 cases), pancreas (460 
000 cases), and colorectum (1.8 million cases)―differ 
markedly in their etiological and epidemiological profiles.2 

Hematoxylin—eosin (H&E)-stained whole slide images 
(WSIs) from routine pathology tissue sections provide a rich 
data source for advanced machine learning techniques that 
define predictive and prognostic signatures across various 
cancers.3-11 Multiple approaches, such as foundation 
models and deep learning (DL) techniques have shown 
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promise in predicting outcomes across multiple cancer 
types by analyzing complex biological data.12 However, 
these models often lack interpretability due to their ‘black 
box’ nature, raising concerns about clinical trust and un
derstanding of the underlying biological mechanisms.13 A 
promising alternative involves analyzing immune cells from 
routine H&E-stained images, focusing not only on cell 
counts but also on the spatial relationships between 
tumor-infiltrating lymphocytes (TILs) and tumor 
cells.3-5,14,15 While the presence of intra- and peritumoral 
lymphocytic infiltrates has been long understood to be 
associated with improved patient prognosis across multiple 
tumor types,6-8 inability to accurately assess their spatial 
arrangements and difficulties with overall quantification 
have precluded their use in standardized cancer reporting 
systems.9 Spatial arrangements offer deeper insights into 
tumor-immune dynamics and their prognostic significance. 
Although this approach has shown success in lung and 
breast cancers,10,11,16 its application in GI cancers remains 
underexplored, presenting a valuable opportunity to 
explore its potential as a prognostic biomarker in these 
cancers.

We investigate computational features of TIL—tumor 
spatial relationships and cellular diversity as novel prog
nostic markers in GI cancers. Our analysis validates these 
across 1738 patients from four independent datasets, 
encompassing colon, stomach, pancreatic, rectal, and liver 
cancers. We focus on microsatellite stable (MSS) GI cancers 
(∼85% of cases) due to their immunotherapy resistance, 
metastatic risk, and immune infiltrate importance.17,18 A 
feature classification model characterizing TIL—tumor 
nuclei interactions was developed by training a Cox 
regression model on colorectal WSIs (dataset D1) from 
University Hospital for disease-free survival (DFS). Results 
were validated on colon adenocarcinoma from The Cancer 
Genome Atlas (TCGA), Prostate, Lung, Colorectal, and 
Ovarian Cancer Screening Trial (PLCO), and Emory Univer
sity [D2-colon adenocarcinoma (COAD), D3, D4] and 
broader GI cancers (liver, pancreas, rectum, and stomach) 
from D2.

METHODS

Dataset description and image preprocessing

An overall flow chart is illustrated in Figure 1 and 
Supplementary Figure S1 (available at https://doi.org/10. 
1016/j.esmoop.2025.105757). This study utilized 1702 
WSIs across four independent datasets. Our study focused 
on adenocarcinoma not otherwise specified (NOS) from GI 
due to its clinical prevalence17 and sample availability in 
our cohort. The discovery cohort (D1) comprised 137 stage 
II/III MSS colorectal cancer (CRC) patients from University 
Hospitals Cleveland Medical Center, digitized at 40× reso
lution (0.252 μm/pixel) using a Ventana iScan HT scanner 
(Roche Diagnostics, Indianapolis, IN). The primary expan
sion cohort (D2) included 661 MSS GI cancer cases from 
TCGA, encompassing gastric (STAD, n = 185), colon (COAD, 
n = 152), rectal (READ, n = 109), pancreatic (PAAD, n = 78) 

adenocarcinomas, and liver hepatocellular carcinomas 
(LIHC, n = 137), with microsatellite status confirmed via 
cBioPortal (www.cbioportal.org). External validation sets 
consisted of 726 CRC cases from the PLCO trial (D3)19 and 
178 CRC cases from Emory University (D4), the latter 
including an MSS subgroup analysis (n = 51) due to partial 
status documentation. MSS cases were prioritized (∼85% 
prevalence) based on their immunotherapy resistance and 
prognostic relevance,17,18 with mucinous adenocarcinomas 
and pre-surgically treated cases excluded throughout. 
Overall survival (OS) served as the endpoint where disease- 
free survival (DFS) data were unavailable.

Image preprocessing was initiated with HistoQC20 to 
generate artifact-free tissue masks by excluding regions with 
pen markings, blurring, or bubbles. Tumor regions were 
subsequently segmented using Self-Rule to Adapt (SRA),21 a 
self-supervised DL segmentation model for domain-adaptive 
histopathology analysis. Pathologist evaluation of 15 
randomly selected WSIs confirmed ≥70% tumor segmen
tation accuracy across all datasets. The intersection of His
toQC tissue masks and SRA tumor masks guided extraction 
of 1024 × 1024-pixel tiles for cellular analysis. Cerberus, a 
deep learning-based cell segmentation approach, was 
deployed to segment nuclei as well as epithelium from the 
individual image patches.18 TIL identification was carried out 
via a pre-trained classifier leveraging texture, shape, and 
color features.15 Pathologist assessment of 70 randomly 
sampled patches demonstrated robust TIL classification 
performance, with 92.8% achieving ≥70% concordance 
(good) and 7.2% showing 50%-70% accuracy (fair).

Feature extraction

Building on the concept of cell cluster graphs (CCG) where 
nodes represent nuclei groups rather than individual cells,19,20

our group’s prior work accounted for cellular heterogeneity by 
generating feature-driven clusters―aggregating nuclei 
based on morphometric attributes (e.g. size, texture, 
detailed in Supplementary Figure S9-S13, Supplementary 
Table S3 and feature descriptions section of Supplementary 
Material, available at https://doi.org/10.1016/j.esmoop. 
2025.105757).4,21,22 In this study, our approach specifically 
focuses on tumor-immune spatial interactions in GI cancers, 
inspired by SpaTIL.15 We modified the CCG to include only 
TILs and tumor nuclei (Supplementary Figures S14 and S15, 
available at https://doi.org/10.1016/j.esmoop.2025.105757), 
retaining local clusters containing both cell types for analysis. 
This modified CCG generated 2260 features capturing spatial 
relationships (e.g. TIL—tumor distances) and local morphology/ 
texture within the graph detailed in Supplementary Material; 
Section 4, feature descriptions available at https://doi.org/10. 
1016/j.esmoop.2025.105757. Following feature extraction per 
tile, a kernel density map was created using two dimensional 
principal component analysis (2D-PCA) embeddings 
(Supplementary Figure S2, available at https://doi.org/10. 
1016/j.esmoop.2025.105757).23 The top 20th percentile den
sity tiles per WSI were selected as representative for subse
quent analysis.
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Statistical analysis

The Pearson correlation coefficient was computed for 
features within D1, leading to the exclusion of highly 
correlated features (correlation coefficient >0.90). The 
identified correlated features were also removed from D2, 
D3, and D4. Feature values were standardized within D1 
and D2 to facilitate consistent interpretation and analysis. 
For evaluating the prognostic ability of the features, an OS 
defined as the time from diagnosis to death or the date of 
last follow-up for survivors was chosen as the event of in
terest, as DFS data was unavailable for D3. DFS is calculated 
from the date of diagnosis until the date of disease 
recurrence or death, whichever comes first. D1 was used as 
the training set, whereas D2 was utilized for external 
validation. A Wilcoxon rank-sum test was then applied to 
reduce the feature set to 100. The Least Absolute 
Shrinkage and Selection Operator (LASSO) technique was 
used to select the top nine features (details in 

Supplementary Table S1, available at https://doi.org/10. 
1016/j.esmoop.2025.105757) to train a Cox regression 
model,24 M1, on D1. Patients in D2 were stratified into low- 
or high-risk categories based on the 55th percentile of the 
D1-derived risk score, and Kaplan—Meier (KM) curves were 
plotted for each GI tumor type. Sub-stage analyses were 
carried out for organ sites with >50 WSIs, and violin plots 
were generated to visualize the distribution of critical fea
tures. The independent prognostic value of our trained 
model was assessed using multivariable Cox regression, 
adjusting for clinicopathological variables to evaluate OS. 
OS was used for validation across D2, D3, and D4. The 
trained model M1, was validated on D2 using the same 
feature coefficients, and KM survival analysis was carried 
out to compare OS between high-risk (risk score >55th 
percentile) and low-risk groups. Hazard ratios (HR) and KM 
curves were produced, along with violin plots to display 
the distribution of key features. Subgroup analysis was 
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Figure 1. Flowchart. The flowchart illustrates the experimental design. (A, B) Digitized colorectal cancer whole slide images (WSIs) were collected from University 
Hospitals Cleveland Medical Center and used as the training set [dataset 1 (D1)]. WSIs were collected from The Cancer Genome Atlas with five common GI cancers 
[gastric, rectal, pancreatic, and colon adenocarcinomas (COAD), and liver hepatocellular carcinoma] was the independent validation set (D2). External validation WSIs 
were also acquired from PLCO-COAD (D3) and Emory University (D4). (C) Deep learning (DL) model combined with post image processing techniques were utilized to 
segment the tumor region on WSI (red: tumor). (D) WSIs were then dissected into tiles based on the final tumor mask. (E) DL and machine learning model were 
combined to segment out epithelium tumor nuclei and tumor-infiltrating lymphocytes (TILs) from each dissected tile (red: stroma nuclei; yellow: TIL; green: tumor 
epithelium nuclei). Histomorphometric features as well as spatial arrangement features of TIL and tumor nuclei were extracted. We here showcase a modified cell 
cluster graph which contains both TIL and tumor epithelium nuclei. Principal component analysis (PCA) was then applied to select the most representative tiles 
within each WSI (Supplementary Figure S2, available at https://doi.org/10.1016/j.esmoop.2025.105757). (G) Highly correlated features were removed. A Wilcoxon 
ranked sum test (WRST) was then applied to further reduce the feature number into 100. (H). A Cox regression model was trained on D1 to identify the top nine 
features using LASSO. (I) Top features were plotted out and a Kaplan—Meier survival analysis was carried out based on the risk score given by the trained model.
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conducted on MSS patients from D4 (D4_MSS). UMAP was 
utilized to project extracted features from higher- 
dimensional space into a 2D space, enabling the investi
gation of potential batch effects.

RESULTS

Clinicopathologic features and multivariable analysis

As shown in Supplementary Table S2, available at https:// 
doi.org/10.1016/j.esmoop.2025.105757, the median 
follow-up time for D1, D3, and D4 was significantly longer 
(78, 180, and 78 months, respectively) compared with D2, 
which had a follow-up time of 11 months. Additionally, 48% 
of patients in D2 were younger than 66 years old, whereas 
a lower percentage of patients in D1, D3, and D4 fell into 
this age group. D1 had a larger population of female pa
tients, whereas male patients dominated the other three 
datasets. Furthermore, D2, D3, and D4 had a low per
centage of stage IV patients (≤10%). Patients with stage II 
to III GI cancer were the majority across all datasets.

Figure 2 presents multivariable Cox regression results 
assessing clinicopathological variables and our trained 
model for OS prediction. After adjusting for covariates (e.g. 
age, stage), the model emerged as a robust independent 
prognostic indicator across GI cancers: STAD [HR = 1.62, 
95% confidence interval (CI) 1.02-2.25, P < 0.05], COAD 
(HR = 1.77, 95% CI 1.30-2.33, P < 0.05), READ (HR = 1.49, 
95% CI 1.18-2.16, P < 0.05)., PAAD (HR = 1.97, 95% CI 
1.26-2.87, P < 0.05), and LIHC (HR = 1.83, 95% CI 1.21- 
2.65, P < 0.01), and by contrast, variables like age and sex 
showed non-significant associations, aligning with prior 
evidence that spatial immune-cancer pattern may better 

reflect tumor-immune dynamics than most clinicopatho
logic parameters.

Experiment 2: evaluating the prognostic significance of 
spatial and diversity patterns of immune and cancer cells 
in gastrointestinal cancers

A total of nine features were identified through LASSO Cox 
regression modeling with DFS on D1. The top selected 
feature was: Skewness-CCG:Number of Edges. This feature 
measures how unevenly immune cells (TILs) and cancer 
cells interact spatially. A ‘skewed’ value indicates that some 
regions have many more connected edges than others, 
suggesting areas of dense immune infiltration or immune 
exclusion. Feature 3, Mean-Arch:Density of Polygons, 
quantifies the compactness of clustering between cancer 
and immune cells. A higher polygon count (geometric 
shapes defined by adjacent cells) indicates complex cellular 
groupings, whereas a lower count suggests sparse or 
disordered arrangements. Increased density potentially 
signifies immune cells surrounding tumors to attack them, 
reflecting potential antitumor immunity. Apart from spatial 
architecture between TILs and tumor nuclei, features 
characterize TIL-adjacent tumor nuclei’s shape and texture 
were also selected. For instance, feature 2, Mean-CCM- 
Area:std (info-measure1), quantifies how much cancer 
nuclei vary in size within a tissue region. A higher value 
means nuclei sizes are highly inconsistent (e.g. some very 
large, some very small). The top nine features are described 
in Supplementary Table S1, available at https://doi.org/10. 
1016/j.esmoop.2025.105757. The violin plots of the top 
feature in low-risk and high-risk cancers in each data set is 
shown in Supplementary Figure S3, available at https://doi. 
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Figure 2. Multivariable analysis. Our model emerged as an independent prognostic indicator for overall survival and a robust independent prognostic indicator 
across gastrointestinal cancers from dataset 2: STAD (HR = 1.62, 95% CI 1.02-2.25, P < 0.05), COAD (HR = 1.77, 95% CI 1.30-2.33, P < 0.05), READ (HR = 1.49, 95% 
CI 1.18-2.16, P < 0.05), PAAD (HR = 1.97, 95% CI 1.26-2.87, P < 0.05), and LIHC (HR = 1.83, 95% CI 1.21-2.65, P < 0.01), and by contrast, variables like age and sex 
showed non-significant associations, aligning with prior evidence that spatial immune-cancer pattern may better reflect tumor-immune dynamics than most clin
icopathologic parameters. 
CI, confidence interval; COAD, colorectal adenocarcinoma; HR, hazard ratio; LIHC, liver hepatocellular carcinoma; PAAD, pancreatic adenocarcinoma; READ, rectal 
adenocarcinoma; STAD, gastric adenocarcinoma.
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org/10.1016/j.esmoop.2025.105757. The violin plots of 
features 2 to 9 are shown in Supplementary Figure S4, 
available at https://doi.org/10.1016/j.esmoop.2025. 
105757. We also applied UMAP to examine the presence 
of potential batch effects among the selected features. 
Supplementary Figure S5, available at https://doi.org/10. 
1016/j.esmoop.2025.105757 demonstrates that no 
distinct clusters are evident within the whole dataset, 
indicating no obvious batch effect was observed among the 
selected features. Figures 3 and 4 present the KM plots for 
the second experiment, which illustrate the differences 
between the high-risk and low-risk groups for datasets D1, 

D2, D3, and D4 as defined by the cutoff risk score (55th 
percentile of the training risk score). The curves demon
strate a marked distinction between the two groups, with 
the low-risk group exhibiting a significantly more favorable 
outcome compared with the high-risk group. In the training 
set D1, the HR was 8.49 (95% CI 4.48-16.1, P < 0.0001), 
indicating a much higher risk of disease recurrence or 
progression in the high-risk group. Similarly, in D2-COAD, 
the HR values were 3.31 (95% CI 1.67-6.63, P = 0.0181) for 
stage II and 3.36 (95% CI 1.05-10.7, P < 0.0001) for stage 
III, showing a substantial increase in the risk for the high- 
risk group as the disease stage advances. In LIHC, the 
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Figure 3. Kaplin—Meyer (KM) curves of experiment 1. (A) The KM survival curves of University Hospital (UH) for disease-free survival (training) and overall survival 
(validation) between high-risk and low-risk groups are plotted for datasets 1 (D1) and D2. A significantly favorable outcome in the low-risk group compared with the 
high-risk group was observed with a hazard ratio (HR) = 8.49 [95% confidence interval (CI) 4.48-16.1, P < 0.0001] on D1 and HR = 2.41 (95% CI 1.18-4.93, P = 0.016) 
on D2-COAD. Our model achieved an HR of 2.28 (95% CI 1.32-3.93, P = 0.0032) in liver hepatocellular carcinoma (LIHC); an HR of 2.79 (95% CI 1.66-4.68, P = 0.0001) 
in pancreatic adenocarcinoma (PAAD); an HR of 5.85 (95% CI 2.53-15.5, P = 0.0002) in rectal adenocarcinoma (READ); and an HR of 1.81 (95% CI 1.07-3.07, P =
0.0268) in gastric adenocarcinoma (STAD). For stagewise analysis, we only analyzed stages with a number ≥50 patients. The model yielded an HR of 3.31(95% CI 
1.67-3.23, P = 0.0181) in stage 2 of D2-COAD; an HR of 3.36 (95% CI 1.05-10.7, P < 0.0001) in stage 3 of D2-COAD. The trained model achieved statistically significant 
separation of patient groups in stage 1 of LIHC (HR = 2.48, 95% CI 1.14-5.73, P = 0.021). 
COAD, colon adenocarcinoma.
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Figure 4. Kaplin—Meyer curves of datasets 3 (D3) and D4. (A) The Kaplin—Meyer survival curves of overall survival between high-risk and low-risk groups are 
plotted for all patients from D3 (PLCO) and D4 (Emory). Our model achieved a hazard ratio (HR) of 2.32 [95% confidence interval (CI) 1.67-3.23, P < 0.0001] in D3 
using a log-rank test. A statistically significantly favorable outcome in the low-risk group compared with the high-risk group was observed with an HR = 3.38 (95% CI 
4.48-16.1, P < 0.0001) on all patients from D4. For stagewise results, the model yielded an HR of 2.67 (95% CI 1.54-4.16, P = 0.0004) in stage 1 of D3; an HR of 2.10 
(95% CI 1.20-3.70, P = 0.01) in stage 2 of D3; an HR of 1.80 (95% CI 0.81-4.01, P = 0.009) in stage 3 of D3; an HR of 4.77 (95% CI 1.60-14.2, P = 0.0051) in stage 2 of 
D4; and an HR of 3.36 (95% CI 1.44-12.1, P = 0.011) in stage 3 of D4. We further analyzed the microsatellite stable (MSS) only patients from D4 and yielded an HR of 
4.36 (95% CI 1.96-9.69, P = 0.031).
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model yielded an HR of 2.28 with a 95% CI of 1.32 to 3.93, 
and P = 0.0032, suggesting a more than twofold increase in 
the risk of mortality for the high-risk group compared with 
the low-risk group. In PAAD, the HR was 2.79, with a 95% CI 
of 1.66 to 4.68, and P = 0.0001, indicating a higher risk of 
mortality in the high-risk group. The model showed 
particularly striking results in READ, with an HR of 5.85, a 
95% CI of 2.53 to 15.5, and P = 0.0002, reflecting a nearly 
six-fold increased risk for the high-risk group. In STAD, the 
HR was 1.81, with a 95% CI of 1.07 to 3.07, and P = 0.0268, 
suggesting a significant but lower relative increase in 
mortality risk for the high-risk group, though the absolute 
risk of death due to STAD is high. For a more detailed 
analysis, the model was applied to stages with a patient 
count of 50 or more. In stage I LIHC, the model achieved 
significant separation of patient groups, with an HR of 2.48, 
a 95% CI of 1.14 to 5.73, and P = 0.021. This indicates a 
more than twofold increase in the risk of mortality for the 
high-risk group in the early stages of the disease.

In D3, the HR for the overall comparison was 2.32 (95% 
CI 1.67-3.23, P < 0.0001), and when broken down by 
stages, the HR was 2.67 (95% CI 1.54-4.16, P = 0.0004) for 
stage I, 2.10 (95% CI 1.20-3.70, P = 0.01) for stage II, and 
1.80 (95% CI 0.81-4.01, P = 0.009) for stage III. The KM 
curves of OS between high-risk and low-risk groups were 
plotted for all patients from D4, D4-stage II, D4-stage III, 
and D4_MSS. A significantly favorable outcome was 
observed in the low-risk group compared with the high-risk 
group with an HR of 3.38 (95% CI 4.48-16.1, P < 0.0001) for 
all patients from D4. For stage-wise results: the model 
yielded an HR of 4.77 (95% CI 1.60-14.2, P = 0.0051) in 
stage II of D4; an HR of 3.36 (95% CI 1.44-12.1, P = 0.011) 
in stage III of D4. We further analyzed the MSS only CRCs 
from D4 and obtained an HR of 4.36 (95% CI 1.96-9.69, P =
0.031). These results suggest that the risk associated with 
the high-risk group is elevated throughout the progression 
of the disease, with a particularly significant increase at 
later stages. The log-rank test was used to statistically 
compare the survival distributions of the two groups, 
confirming that the observed differences are statistically 
significant.

Heatmaps (Supplementary Figures S6 and S7, available at 
https://doi.org/10.1016/j.esmoop.2025.105757) of the top 
selected feature (Skewness-CCG:Number of Edges), stan
dardized patch-wise, was generated. Gaussian blur was 
subsequently applied to reduce spatial granularity and 
improve visualization. Figure 5 and Supplementary 
Figure S8, available at https://doi.org/10.1016/j.esmoop. 
2025.105757, display the feature maps overlaid with our 
modified CCGs, comparing low-risk and high-risk patient 
cohorts. Low-risk patients exhibited a higher density of 
epithelial TILs embedded within cancer cell regions, 
fostering greater connectivity to tumor nuclei in localized 
cell network diagrams. These connections are represented 
by edges in the graphs, with TILs labeled with red dots and 
tumor nuclei labeled with green dots. This figure also 
demonstrates that low-risk patches have more TILs in 
proximity to the tumor epithelium.

DISCUSSION

GI tract cancers, including stomach, liver, esophagus, 
pancreas, and colorectum, are major health concerns 
worldwide, accounting for 26% of global cancer incidence 
and 35% of cancer-related deaths.1 Multiple investigations 
over many decades have identified large numbers of 
prognostic markers in GI cancers.25-34 A disadvantage to 
most of these biomarkers is the cost and technical exper
tise needed for widespread validation and adoption. H&E- 
stained WSIs are a widely available resource from routine 
pathology. With the advent of digital pathology and ma
chine learning, there is potential to predict molecular traits, 
predictive signatures and outcomes in cancers from clini
cally acquired and processed pathology specimens,3-11

including the potential prognostic significance of the spatial 
relationship of lymphocytes and tumor cells.4-8 To date 
there has been only a small number of studies directly 
addressing this concept in GI cancers.35 To address this 
issue in a pan-GI cancer concept, we drew inspiration from 
the SpaTIL15 as well as cell cluster graph4 frameworks and 
developed a novel approach that combines these two 
feature families to investigate the spatial relationship be
tween TILs and adjacent tumor nuclei. By focusing on 
handcrafted features that capture the structural and spatial 
organization of these cellular components, we aimed to 
create an interpretable and computationally efficient 
model for prognosticating GI cancer patients. To our 
knowledge, this is the first handcrafted feature-based 
model to comprehensively address pan-GI cancers, offer
ing an innovative alternative to black box DL models.

Our study aimed to establish the prognostic value of 
TIL—tumor nuclei orientation across various GI cancers 
(stomach, colon, rectum, pancreas, and liver). Our model 
demonstrated a strong prognostic association between the 
computational pathology derived signatures and GI cancers 
(stomach, colon, rectum, pancreas, and liver) from D2, with 
HRs indicating significant prognostic value across different 
cancer types and stages. These findings are particularly 
notable for stomach, colon, rectum, pancreas, and liver, 
showcasing the model’s robustness and broad applicability. 
Moreover, our subgroup analysis on MSS only patients 
from D4 indicates that our model is capable of risk- 
stratifying MSS only. These results highlight the model’s 
ability to stratify patients into risk groups with significant 
differences in OS across various GI cancers. The findings 
underscore the potential utility of the model in clinical 
settings for prognostic assessment and treatment planning. 
The independent prognostic significance of our model, 
validated through multivariable analysis, indicates its utility 
as a tool for identifying high-risk patients. This approach 
addresses a critical gap in current GI cancer management, 
especially considering the interpretability challenges asso
ciated with DL-based models and the lack of focus on pan- 
GI cancer in existing research. Furthermore, our spatial risk 
model consistently identifies high-risk MSS stage II CRC 
patients across independent cohorts (Figures 3 and 4). This 
stratification directly addresses a major clinical dilemma. 
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High-risk stage II MSS patients, identified by their deficient 
TIL—tumor spatial architecture, represent prime candidates 
for future prospective studies evaluating adjuvant chemo
therapy benefit. Conversely, low-risk patients may be can
didates for de-escalated surveillance.

Previous work36 in DL-based GI cancer research has 
demonstrated strong predictive performance but often 
suffers from limited interpretability, which poses challenges 
for clinical adoption. Unlike the opaque ‘black box’ nature 
of DL models, our handcrafted approach provides inter
pretability by identifying graph-based and histomorpho
logic features that are prognostic across multiple GI 
cancers. By contrast, our model directly characterizes the 
tumor microenvironment through features that patholo
gists can understand and validate. In terms of prognostic 
performance, Kather et al. trained a VGG16 model and 
achieved HRs of 1.63 (1.14-2.33) and 2.29 (1.5-3.48) in the 
prediction of OS and disease-specific survival in CRC 

patients.37 Geessink et al. also trained a ConvNets to 
prognosticate patients with rectal cancer and achieved an 
HR of 2.05 (1.11-3.78) in DFS.38 Our handcrafted feature- 
based model demonstrated comparable accuracy to DL 
models for outcome prediction. However, it offers a critical 
advantage in interpretability, allowing for direct insights 
into the biological underpinnings of risk stratification. The 
spatial arrangement of tumor nuclei—TIL graphs revealed 
distinct patterns between low-risk and high-risk patients. 
Low-risk patients exhibited a higher density of epithelial 
TILs, forming more connections with tumor nuclei, which in 
turn suggests active immune targeting of cancer cells 
(Figure 5 and Supplementary Figure S8, available at https:// 
doi.org/10.1016/j.esmoop.2025.105757). In contrast, high- 
risk patients displayed sparse epithelial TILs, fragmented 
TIL clusters, and fewer connections to tumor nuclei, sug
gesting a weaker immune defense and correlating with a 
greater risk of recurrence or progression. Supplementary 
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Figure 5. Illustration of feature maps for colon adenocarcinoma (COAD). Whole slide images (WSI) with a low-risk (top) and high-risk (bottom) patient. Features 
including number of edges of graphs connecting tumor-infiltrating lymphocytes (TIL) (labeled with red dot) and tumor nuclei (labeled with green dot) appeared 
significantly different between short-term and long-term survivors. (A and I) tiled WSI at 40× magnification, (B-D) representative patches from low-risk patients 
(zoomed area 1-3 from panel A), (J-L) representative patches from high-risk patients (zoomed area 1-3 from panel I), (E and M) color-coded WSI using features 
described in row 1 of Supplementary Table S1, available at https://doi.org/10.1016/j.esmoop.2025.105757, respectively, with shades of blue, green and yellow, (F- 
H), and (N-P) modified local cell graphs overlayed on representative patches shown in (B-D) and (J-L), In high-risk patients, the epithelial TILs are lower than in low- 
risk patients. In local cell graphs from identified low-risk cases, the presence of epithelial TILs dispersed among cancer cells created more connections to tumor 
nuclei. There are more connected TIL clusters in local cell graphs from defined low-risk than high-risk patients.
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Table S1, available at https://doi.org/10.1016/j.esmoop. 
2025.105757 highlights additional features characterizing 
the nuclei—TIL graph: feature 3 quantifies the number of 
polygons within local cellular clusters, revealing higher 
complexity and disorganization in high-risk patients, 
whereas feature 4 evaluates the ratio of cell density het
erogeneity, further underscoring chaotic and fragmented 
nuclei distribution in high-risk cases. Beyond graph-based 
features, nuclei shape and texture (features 2, 5-9) also 
differentiate risk groups, with high-risk patients comprising 
tumor nuclei of larger average area, wider minor axis 
ranges, chaotic orientations, and higher intensity. Collec
tively, these findings suggest that high-risk patients exhibit 
a more disorganized TIL spatial arrangement, whereas low- 
risk patients demonstrate a more structured and inter
connected TIL—tumor cluster, suggestive of a stronger 
antitumor-immune response.

Our study builds on concepts from SpaTIL,15 which 
emphasized the spatial distribution of TILs, and extended 
them by integrating tumor nuclei morphology and graph- 
based features into a pan-GI cancer framework. 
Compared to SpaTIL, which focused primarily on spatial 
arrangements of TILs, our model captures the spatial 
relationship between TILs and tumor nuclei and evaluates 
additional histomorphologic attributes, making it uniquely 
equipped to address the heterogeneity in GI cancers. 
Original CCG19 methodologies often overlooked cellular 
diversity. To overcome this, our group pioneered the use of 
morphometric feature-based clustering (grouping nuclei by 
quantitative traits like size and texture),4,25,26 demon
strating that the proximity and arrangement of these 
phenotypically similar nuclear clusters held valuable prog
nostic information in cancer. While this represented a sig
nificant advance in characterizing tumor architecture, it 
treated immune and tumor cells largely as separate spatial 
entities. Crucially, it did not investigate the localized, bi- 
directional interactions occurring at the immune—tumor 
frontier―specifically, how the presence and spatial distri
bution of TILs might actively shape or be shaped by the 
cancer nuclei immediately surrounding them. Our present 
study bridges this gap by developing novel metrics to 
quantify these specific TIL-neighboring tumor nuclei re
lationships, hypothesizing they are central to immune 
evasion or recognition. Furthermore, our approach lever
ages a multi-institutional dataset, enhancing its generaliz
ability and robustness across diverse populations. Overall, 
our approach combines interpretability, pan-GI cancer 
applicability, and multi-institutional validation to provide a 
practical and effective alternative to DL models. By eluci
dating key risk factors through interpretable features, our 
study contributes not only to accurate prognostication but 
also to guiding personalized treatment strategies, poten
tially improving patient outcomes.

We acknowledge that our study did have its limitations. 
Firstly, the validation of our findings was conducted retro
spectively rather than prospectively. This approach may 

limit the generalizability of our results to future patient 
cohorts and clinical scenarios. Secondly, our study focused 
exclusively on prognostic factors, emphasizing outcome 
prediction without addressing predictive factors such as 
treatment response or therapeutic benefits. This limitation 
restricts the scope of our findings and prevents a 
comprehensive assessment of the model’s potential clinical 
utility, particularly in guiding therapeutic decision-making. 
Thirdly, we did not investigate potential population- 
specific variations in the prognostic signature across 
different racial or ethnic groups, such as black and white 
patients. This limitation represents a critical gap, as un
derstanding these differences is essential to ensure the 
equitable application of our model across diverse pop
ulations. Moreover, the exclusion of mucinous adenocar
cinomas ensures architectural homogeneity for feature 
development but limits applicability to this subtype. Future 
work should explicitly evaluate and potentially adapt these 
spatial features for mucinous CRC, which may require 
specialized computational approaches due to their distinct 
histomorphology. Furthermore, our study focused on 
treatment-naïve tumors to define baseline spatial prog
nostic features. The exclusion of neoadjuvant treated cases 
limits immediate applicability in modern therapeutic con
texts where such treatments are used. Validating and 
potentially refining these spatial features in cohorts 
receiving neoadjuvant immunotherapy or chemotherapy 
represents a critical future step, particularly given prom
ising trials like NICHE39,40 and FOxTROT.41 While our study 
primarily focused on adenocarcinoma NOS due to its 
prevalence,17 we recognize the biological diversity of GI 
cancer histotypes (e.g. mucinous, micropapillary) and their 
potential impact on our model’s performance. Future di
rections include validating our models on histotype-specific 
datasets to address morphological heterogeneity. Future 
studies could also incorporate lymphocyte subtyping via 
multiplexed assays to dissect how specific immune subsets 
(e.g. immunosuppressive regulatory T cells or cytotoxic 
natural killer cells) influence the spatial dynamics quanti
fied here. Finally, while this study provides a foundational 
framework, further validation in the context of completed 
clinical trials is necessary. Such validation efforts are 
essential to confirm the predictive utility of our methods in 
real-world clinical settings, thereby enhancing their prac
tical relevance and impact on patient care.

In conclusion, our findings support the integration of digital 
pathology and machine learning into clinical practice, offering 
a cost-effective, accessible, and interpretable method for 
prognostication in GI cancers. We validated the prognostic 
value of TIL—tumor nuclei metrics across the most common GI 
cancers, identifying nine features with a primary focus on the 
spatial relationship between TILs and cancer nuclei. Of 
particular interest was the ability of this methodology to 
stratify stage II CRC patients into risk categories, demon
strating its potential to address the clinical need for better 
post-operative risk assessment. Our model leverages H&E- 
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stained WSIs to potentially streamline and economize prog
nostication. Its independent prognostic significance positions 
our approach as an innovative tool for identifying high-risk GI 
cancer patients, circumventing the drawbacks of current DL- 
based models and enhancing clinical decision-making.
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