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A B S T R A C T

Background: Gastric adenocarcinoma (GAC) remains a major global health burden with marked heterogeneity, 
complicating diagnosis and prognostic assessment. The Laurén classification, though widely used, suffers from 
interobserver variability, particularly in defining the mixed subtype. Artificial intelligence (AI)-driven image 
analysis may improve standardization and prognostic assessment in GAC.
Methods: We retrospectively analyzed 404 patients with resected GAC (2015–2022) from Fundeni Clinical 
Institute. Whole-slide images (WSIs) were annotated by pathologists with expertise and processed into patches 
for training a two-stage deep learning pipeline based on YOLO26m-cls. The first model (GAC-I) distinguished 
malignant from non-malignant tissue, while the second (GAC-ST) classified malignant patches as intestinal or 
diffuse. We developed the diffuse prognostic score (DPS), defined as the proportion of diffuse patches relative to 
total patches, and correlated it with overall survival (OS).
Results: GAC-I and GAC-ST achieved high diagnostic performances, with accuracies of 0.9437 ± 0.0317 (F1 
score: 0.9456 ± 0.0243) and 0.8080 ± 0.0833 (F1 score: 0.7528 ± 0.1094). DPS ≥ 0.5 was significantly asso
ciated with lower median OS (16.1 months) compared to DPS < 0.5 (42.067 months), association confirmed by 
multivariate Cox-regression analysis (HR 3.88, p < 0.001) and matched case-control analysis. Groups were 
balanced across all variables except tumor differentiation, which was more frequently high-grade in DPS ≥ 0.5. 
After adjustment, DPS ≥ 0.5 remained an independent predictor of mortality (HR 2.684, p = 0.027).
Conclusion: We developed and validated a robust AI-based framework for automated GAC classification and 
prognostic stratification using H&E WSIs. DPS is an independent, reproducible marker of OS, supporting its 
potential integration into clinical pathology workflows to guide personalized treatment.

Abbreviations: AI, artificial intelligence; CI, confidence interval; CLAM, Clustering-constrained Attention Multiple Instance Learning; CNN, Convolutional Neural 
Network; DL, deep learning; DPS, Diffuse prognostic score; DSMIL, Dual-Stream Multiple Instance Learning; GAC, gastric adenocarcinoma; H&E, Hematoxylin-eosin 
staining; MIL, Multiple Instance Learning; OS, overall survival; SD, standard deviation; TCGA, The Cancer Genome Atlas Program; WSI, Whole Slide Image.
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1. Introduction

Gastric cancer remains a significant burden on the healthcare sys
tems worldwide despite recent advances in diagnosis, as well as neo
adjuvant and adjuvant therapies, including the introduction of 
immunotherapy [1]. It remains a major global health concern, ranking 
fifth in incidence and cancer-related mortality [2]. With most of the 
gastric cancer being gastric adenocarcinomas (GAC) [3] and considering 
the varied responses to immunotherapy, such differences were attrib
uted to the extensive tumor heterogeneity [4]. Since then, several 
classifications emerged for GAC: the first one used, instated in 1965, was 
Laurén classification [5] soon followed by the WHO [6], Japanese [7], 
South-Korean [8] classifications and also complemented by molecular 
ones: the intrinsic subtypes, Lei subtypes, The Cancer Genome Atlas 
(TGCA), Asian Cancer Research Group (ACRG) and others [9–11].

Although the Laurén classification, which categorizes GAC into in
testinal and diffuse types, has been widely used for decades, it under
went a major revision in 1995 when F. Carneiro introduced the mixed 
subtype [12]. This addition was based on the observation that many 
GACs exhibit both intestinal and diffuse morphological features. Car
neiro defined the mixed type by the existence of more than one 
morphologic component (intestinal and diffuse), provided that the 
smaller component occupies at least 5% of the reviewed slides [12].

Despite its clinical relevance, there is still no universally accepted 
definition of the mixed subtype. Ongoing debate persists regarding the 
precise proportion of intestinal versus diffuse components necessary for 
a tumor to be classified as mixed, highlighting the complexity and het
erogeneity of GAC [12–15]. The absence of standardized criteria for 
mixed GAC makes prognostic evaluation and survival analysis chal
lenging, reinforcing the need for improved, quantifiable frameworks to 
better understand and stratify Laurén subtypes.

The histopathological assessment of GAC is highly dependent on the 
pathologist’s expertise and inherently time-consuming, even in expert 
hands. In practice, this involves reviewing clinical information, per
forming a gross examination of the gastric tissue, selecting representa
tive areas for sectioning, all this before evaluating the basic hematoxylin 
and eosin (H&E) slide. For the Laurén classification, particular attention 
must be paid to architectural and cytological features to distinguish 
between intestinal, diffuse, and mixed types, a task that can be nuanced 
and subjective, further emphasizing the need for standardization of the 
Laurén subtypes. Each added layer of classification increases the diag
nostic burden, contributing to an already demanding workload that 
includes high case volumes, tight turnaround times, and the expectation 
of a precise diagnostic. Even though the recent molecular classifications 
emerged to aid the stratification of GAC, the associated costs remain 
prohibitively high.

The introduction of digital pathology aided the implementation of 
artificial intelligence (AI) and machine learning, especially deep 
learning methods like Convolutional Neural Networks (CNNs) in pa
thology. Deep-learning (DL) classification systems have the potential to 
solve digital pathology issues. The current models are typically based on 
datasets from publicly available images, most widely used being TCGA 
[3,16,17]. Until recently, these systems depended on well annotated and 
large sets of data, but new methods have been developed that can 
perform a fully automated demarcation of any tumor type [1]. The 
development of digital pathology with the aid of AI may be the key for a 
proper and cost-efficient evaluation, possibly with some key findings 
that may be already found on the histopathological slide that are missing 
to the human eye.

Despite these advancements, it is well established that CNNs are 
subject to multiple limitations arising from both technical and human- 
related factors, including data quality, annotation variability, and 
image acquisition inconsistencies [18]. In our study, similar challenges 
are anticipated; therefore, efforts will be made to mitigate their impact 
through the application of rigorous exclusion criteria and the involve
ment of experienced image engineering. Although the CNNs can be 

trained to recognize specific features of cancerous tissue, their ability to 
predict clinical outcomes, such as survival rates, response to chemo
therapy or immunohistopathological markers are yet to be evaluated 
[19].

Another notable review ascertains that although digital pathology is 
a rapidly expanding field with a growing number of studies published 
each year, the results are rarely translated into routine diagnostic 
practice [20], highlighting the need for more clinically oriented vali
dation studies.

Summing up, this study aims to deepen the understanding of GAC 
through the application of advanced AI-driven image analysis methods. 
The primary objective of this study was to develop a CNN-based model 
capable of accurately identifying GAC on WSIs and subsequently classify 
it into either the intestinal or diffuse subtype according to the Laurén 
classification [5]. By focusing on these two well-defined categories, the 
model bypasses the ongoing controversy and variability in the literature 
surrounding the definition and interpretation of the mixed subtype. The 
secondary objective was to develop a prognostic score for patients with 
GAC, aiming to provide a reliable and efficient tool for clinical practice 
with the goal of improving patient care.

2. Methods

2.1. Patient cohort

This retrospective observational study included all patients diag
nosed with GAC that underwent surgical resection between 2015–2022 
in the General Surgery Department of Fundeni Clinical Institute. The 
relevant clinical data were recorded (e.g. age, sex, time of operation, 
biological tumoral markers, histopathologic characteristics). From the 
initial 450 patients, those with poor slide quality and multiple tumor 
types on the same slide (as reviewed by the pathology team) were 
excluded. Another exclusion criteria used was the postoperative demise 
as defined by the current literature, less than one month from surgery 
[21]. The final study cohort comprised 404 patients.

2.2. Image acquisition

For each patient, the formalin-fixed, paraffin-embedded (FFPE) tis
sue block exhibiting the deepest tumor infiltration was selected by a 
pathologist. From each block, 5-µm-thick sections were prepared and 
stained with H&E. High-resolution WSIs of gastric tissue were obtained 
using a digital slide scanner, Grundium Ocus40. These slides are digi
tized at diagnostic magnification levels of 40x, capturing rich morpho
logical details necessary for analysis.

2.3. Datasets and preprocessing

Following acquisition, preprocessing steps have been performed to 
prepare the images for computational analysis. These steps include color 
normalization to mitigate staining variability across samples, removal of 
scanning artifacts or out-of-focus regions, and division of WSIs into 
smaller, manageable image patches, which serve as the basic input units 
for model training.

The original images, in *.svs format, were converted to *.png or *.tif 
for downstream processing. To reduce computational load, images were 
resized to two levels: Level 0 (106,496 × 98,304 pixels) and Level 1 
(26,624 × 24,576 pixels). Preliminary verification was performed on 
Level 1 images to confirm the consistency of annotations.

To enable model training, each image was split into smaller patches. 
Following a comparative analysis of patch sizes (224 × 224, 640 × 640, 
and 1280 × 1280), two pathologists concluded independently that 640 
× 640 pixels was optimal for preserving sufficient diagnostic detail. 
Patches that were entirely grey or white were discarded, as they lacked 
tissue content and hence diagnostic value. Patches with less than 2% of 
their area annotated were labeled as “unknown.” In cases where 
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multiple tissue classes were present in a single patch, the patch was 
classified according to the majority class, with one exception: if a patch 
contained both Normal and Malignant (Intestinal or Diffuse) tissue, it 
was automatically labeled as Malignant.

2.4. Expert annotation

A team composed of 2 pathologists with expertise performed manual 
annotation of the WSIs. Specific regions of interest are labeled to 
differentiate between cancerous and non-cancerous tissue areas based 
on histopathological criteria. These expert annotations are used to 
generate ground truth labels for supervised learning, ensuring that the 
CNN models are trained on accurate datasets. This step is essential to 
guide the networks toward learning diagnostically meaningful patterns 
within the histological patterns.

A total of 58 WSIs were independently annotated by two patholo
gists, blinded to clinical outcomes (F.A. and V.H.), according to four 
primary tissue classes: Normal, Normal Non-mucosa, Intestinal Subtype 
(Malignant), and Diffuse Subtype (Malignant). In cases of disagreement, 
a joint consensus review was performed and final labels were assigned 
accordingly. Standardized Laurén classification criteria and predefined 
annotation rules were applied, and annotation quality was verified after 
patch extraction to ensure consistency and reduce variability. Annota
tion geometries included both polygons and multi-polygons and were 
initially saved in *.geofson format, later converted to *.txt files to ensure 
compatibility with the training pipeline.

Two distinct datasets were created. Dataset A, used for training GAC 
identification model (GAC-I), aimed to differentiate between Positive 
(adenocarcinoma, including both subtypes) and Negative (Normal and 
Normal non-mucosa) patches. Dataset B, used for training GAC sub
classifying model (GAC-ST), focused on classifying the Positive patches 
with high confidence into either the Intestinal or Diffuse subtype. Each 
dataset contained 58 WSIs for GAC-I with a total of 291.000 patches and 
55 WSIs for GAC-ST with a total of 111.775 patches.

2.5. Development of CNN models

Model Overview To achieve the aims of this study, a YOLO26m-cls 
classification model, developed by Ultralytics, was utilized. YOLO 
(You Only Look Once) is a state-of-the-art real-time object detection 
algorithm originally introduced by J. Redmon et al [22]. YOLO26m-cls 
offers significant advancements in both speed and accuracy over its 
predecessors and is particularly well-suited for tasks involving large 
histological images.

At the outset, a single CNN model, referred to as GAC-O, was tested 
to perform multi-class categorization, distinguishing between Normal, 
Intestinal, and Diffuse tissue subtypes. Despite increasing the number of 
training images and applying extensive data augmentation, GAC-O did 
not achieve satisfactory performance. Consequently, the architecture 
was restructured into a two-step cascade model: GAC-I designed to 
distinguish between Normal and Malignant tissue, and GAC-ST intended 
to further classify the malignant patches identified by GAC-I into In
testinal and Diffuse subtypes. This cascade approach allowed for 
improved control of classification accuracy and addressed the limita
tions observed in the initial model.

Architecture The architecture of YOLO26m-cls was selected for its 
ability to optimize spatial information processing while maintaining 
high-speed inference, a key requirement for whole-slide image analysis. 
The backbone of YOLO26m-cls includes convolutional blocks, bottle
neck structures, and a Cross Stage Partial Focus (CSP-Focus) mechanism 
designed to preserve feature maps efficiently. The C3K2 block handles 
deep feature extraction effectively.

The neck of the architecture incorporates Spatial Pyramid Pooling 
Fast (SPFF) and up sampling layers to aggregate context across multiple 
scales. Attention mechanisms, particularly the C2PSA block, are 
employed to enhance the model’s sensitivity to important image 

regions. The C2PSA introduces position-sensitive attention, allowing the 
model to focus on diagnostically relevant areas while maintaining a 
balance between computational cost and detection accuracy. The head 
of the model supports multi-scale predictions, enabling the detection of 
tissue anomalies at various levels of resolution.

Training and Augmentation To ensure methodological robustness and 
prevent data leakage, a five-fold cross-validation scheme was imple
mented at the slide level using YOLO26m-cls configuration. To improve 
model robustness and generalization, several data augmentation tech
niques were applied. These included color manipulations through HSV 
adjustments (hue = 0.015, saturation = 0.7, brightness = 0.4), random 
image rotations up to 45 degrees, and scaling by a factor of 0.1. Addi
tional transformations included vertical and horizontal flipping (each 
with a 50% probability), mosaic augmentation (merging four training 
images into one), and full central cropping. These augmentations 
simulated variability in tissue presentation, lighting, and orientation, 
thereby enhancing the model’s capacity to generalize to unseen samples.

Data splitting was performed at the whole-slide image (WSI) level to 
prevent data leakage between training and validation datasets. Specif
ically, all image patches extracted from a given WSI were assigned 
exclusively to a single fold during the five-fold cross-validation pro
cedure. This approach ensures that no patches originating from the same 
slide are present in both training and validation sets, thereby main
taining full data independence and enabling a realistic evaluation of 
model performance on previously unseen patient slides.

Given that the goal of the study is clinical evaluation of a pipeline 
rather than architectural innovation, extensive ablation of the under
lying model was not performed. Instead, robustness is assessed through 
slide-level cross-validation and multi-fold consistency.

Extensive information regarding the model architecture and perfor
mance metrics can be found in the Supplementary AI Data.

2.6. Statistical analysis

Categorical variables were reported as frequencies and percentages 
and were compared by Chi-Square test. For categorical variables with 
less than 5 cases per subcategory Fisher’s Exact Test was used. Contin
uous variables were presented as mean ± standard deviation (SD) or 
median and interquartile range, after checking for normality.

Overall survival (OS) was defined as the time interval from surgery to 
either the patient's death or the date of the last follow-up if the patient 
was still alive at that time. The OS rates were estimated with Kaplan- 
Meyer method, and they were compared between different groups by 
Log-rank test. Univariate analysis and multivariate analysis have been 
performed to assess the prognostic factors associated with OS using Cox 
regression analysis. All variables associated with a p value ≤ 0.05 in 
univariate analysis were included in multivariate analysis, that was 
realized with a stepwise Cox regression using the Backward: Wald 
method taking into consideration the size of the database.

The differences with a p-value < 0.05 were considered statistically 
significant. All statistical analyses were performed using IBM SPSS 
Statistics for Windows (version 26.0, IBM, Chicago, IL).

3. Results

3.1. Classifier development

To train the CNN models, WSIs from 58 patients were initially 
reviewed and annotated by two pathologists with expertise (Fig. 1A and 
B). The annotated regions were then subdivided into non-overlapping 
patches of 640 × 640 pixels (Fig. 1C). From the total of 58 annotated 
cases, we ended up with 291.000 patches. Five mutually exclusive folds 
were constructed, with approximately 46–47 slides used for training and 
11–12 slides for validation in each iteration, and each slide serving 
exactly once as validation.

The first model, termed GAC-I, was developed to perform binary 
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classification, distinguishing between cancerous and non-cancerous 
gastric tissue. This model served as the primary diagnostic filter, iden
tifying relevant tumor regions for subsequent subtype classification. 
GAC-I was trained using the annotated patches and validated on an in
dependent subset to evaluate achieving an accuracy across five valida
tion folds of 0.9437 ± 0.0317 and an F1-score of 0.9456 ± 0.0243, AUC 
of 0.9851 ± 0.0123 and AP of 0.9876 ± 0.0067 indicating high reli
ability in GAC identification (Fig. 1D).

To improve model performance and diagnostic reliability, a step
wise, two-stage analysis pipeline was adopted. Image patches classified 
as cancerous by the initial binary model (GAC-I) were subsequently 
analyzed by a second CNN, termed GAC-ST. This model was specifically 
designed to distinguish between histological subtypes of GAC—namely, 
intestinal and diffuse types. Like GAC-I, GAC-ST was trained and vali
dated using expert-annotated image patches, but it operated exclusively 
on cancer-positive regions. This focused approach enabled the model to 
learn subtype-specific histological features with higher fidelity. GAC-ST 
achieved an overall accuracy of across five validation folds 0.8080 ±
0.0833, F1-score of 0.7528 ± 0.1094, AUC of 0.9059 ± 0.0521 and an 
AP of 0.8987 ± 0.1187 (Fig. 1E).

3.2. Testing the classifier

After independent training and validation, the two-stage pipeline 
was applied to the full cohort of 404 GAC patients. For each case, the 
WSI was processed sequentially through GAC-I and GAC-ST, allowing 
for automated localization of tumor regions followed by histological 
subtyping.

To further validate model reliability, reconstructed WSIs were 
generated using only those patches that achieved classification confi
dence above 90% (Fig. 1C). These reconstructions were then visually 
compared with the original slides (Fig. 2), providing qualitative 
confirmation of the models’ precision. Together, the GAC-I and GAC-ST 
models form a highly accurate, confidence-aware pipeline for auto
mated GAC identification and subtyping based on WSIs.

3.3. AI classifier score predicts OS

Among the variables analyzed in the Cox univariate analysis, the 
following were identified as statistically significant predictors of overall 
survival: gender, residual tumor status (R), TNM classification, tumor 
differentiation grade, Dindo-Clavien classification, positive surgical 
margin, total number of retrieved lymph nodes, number of positive 
lymph nodes, and tumor diameter (Fig. 3A-E, Supplementary Table 3).

After extensive testing and analysis of the values generated by the 
CNN models, we evaluated various prognostic markers to identify the 
factor that best correlates with OS, the corresponding data can be found 
in Supplementary Table 3 and also in Supplementary Data 2.

Because no significance was achieved for the intestinal and diffuse 
annotations alone of the CNN classifier, we looked for a novel factor to 
integrate the potential predictive power of both models, termed the 
Diffuse Prognostic Score (DPS). This score was selected based on its 
higher hazard ratio (HR). 

DPS =
Number of diffuse patches

Number of positive patches + Number of negative patches 

The DPS score demonstrated a significant association with OS (p- 
value < 0.0001), highlighting its potential as a strong predictor of sur
vival outcomes. These findings emphasize the prognostic importance of 
specific factors, such as the presence of positive and diffuse patches, in 
predicting OS, whereas other factors, including total intestinal patches 
and total negative patches, do not appear to have a significant impact on 
survival (Fig. 3D and E).

Independent predictive factors for improved long-term outcomes 
were identified by incorporating variables with a p-value ≤ 0.05 from 
the univariate analysis into the multivariate analysis. To minimize 
collinearity, variables representing overlapping or dependent clinical 
information (e.g., TNM components and related composite variables) 
were excluded from simultaneous inclusion in the multivariate Cox 
regression model, ensuring model stability and interpretability. Notably, 
gender, tumor stage, Dindo-Clavien classification, and the DPS score 
were found to be significant predictors of OS regardless of any other 
factors (p < 0.005) (Fig. 3F and Supplementary Table 4).

3.4. Characterization of the DPS high cases, and DPS prognostic power

To further investigate the clinical relevance of the DPS, we used a 
threshold value of 0.5 to stratify cases and evaluate its impact on OS 
using Kaplan–Meier analysis. Additionally, we aimed to explore poten
tial histological patterns associated with high and low DPS. A threshold 
of 0.5 was selected a priori without optimization to avoid potential bias; 
future studies will explore data-driven approaches for threshold deter
mination and validation.

Pathologists’ reanalysis of representative H&E-stained WSIs from 
cases with DPS < 0.5 and DPS > 0.5 showed that tumors with DPS > 0.5 
exhibited more infiltrative growth patterns, discohesive cells, and 
poorly defined glandular structures—features typical of diffuse-type 
adenocarcinoma (Fig. 4A). In contrast, cases with DPS < 0.5 showed 
better gland formation and more cohesive tumor architecture, consistent 
with the intestinal subtype (Fig. 4A). Kaplan–Meier survival analysis 
revealed a significant difference in OS between patients with DPS > 0.5 
and those with DPS < 0.5, further supporting the prognostic value of this 
image-derived marker (Fig. 4B). These observations support the bio
logical plausibility of DPS as a meaningful quantitative marker, bridging 
morphological subtype with survival outcomes.

To assess its impact on survival, a matched case-control analysis was 
performed. Matching was performed on 33 cases using a combination of 
exact and fuzzy criteria. Exact matching variables included sex, tumor 
stage, and residual tumor status, while fuzzy matching allowed a 
tolerance of ± 1 for Dindo-Clavien classification and ± 10 years for age 
at diagnosis. Additional information regarding the matching can be 
found in Supplementary Data 1.

Tumor differentiation grade differed significantly between groups. A 
chi-square analysis revealed a strong association between tumor dif
ferentiation grade and group status (χ2 = 16.216, df = 2, p = 0.000). In 
the control group (Group 0- DPS < 0.5), most tumors were moderately 
differentiated (grade 2, 34.5%) or poorly differentiated (grade 3, 

Fig. 1. Overview of the study pipeline and performance of deep learning models for gastric adenocarcinoma classification. GAC-I and GAC-ST form a two-stage deep 
learning pipeline enabling automated and high-confidence subclassification of gastric adenocarcinoma. Created in https://BioRender.com. A. Original whole slide 
image (WSI) stained with hematoxylin and eosin (H&E) demonstrating a representative gastric adenocarcinoma sample prior to annotation or model processing. B. 
Annotated image used for training the models. Regions are labeled by pathologists with expertise as normal tissue (green) and malignant intestinal-type tissue 
(yellow). These annotations provided the ground truth for training the GAC-I and GAC-ST models. C. Reconstructed image generated by applying the trained 
convolutional neural networks (CNNs) to unseen WSIs. Only image patches with prediction confidence ≥ 90% were used to ensure classification robustness. These 
reconstructions served to visually confirm the model's ability to replicate histological architecture. D: GAC-I: Initial binary classification CNN designed to differ
entiate malignant (positive) from non-malignant (negative) gastric tissue. Achieved an accuracy of 0.9437 ± 0.0317 and an F1-score of 0.9456 ± 0.0243. E: GAC-ST: 
Subsequent subtype-classification CNN that analyzed only cancer-positive patches from GAC-I. It classified each patch into intestinal or diffuse Laurén subtypes. 
Achieved an accuracy of 0.8080 ± 0.0833 and F1-score of 0.7528 ± 0.1094. (For interpretation of the references to colour in this figure legend, the reader is referred 
to the web version of this article.)
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Fig. 2. Histopathological classification and annotation of gastric tissue types. A. Representative high-magnification (20 × ) H&E-stained image patches illustrating 
four gastric tissue types: Normal non-mucosa, Normal mucosa, Intestinal-type gastric cancer, and Diffuse-type gastric cancer. B. Whole-slide images (WSIs) of H&E- 
stained gastric tissue sections. C. Manual annotations outlining different tissue types: Normal non-mucosa (blue), Normal mucosa (magenta), Intestinal-type (red), 
and Diffuse-type (green). Automated model predictions overlaid on WSIs, showing classification into three major categories: Normal (green), Intestinal-type 
(magenta), and Diffuse-type (yellow). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 3. Prognostic Factors Influencing Overall Survival in Gastric Adenocarcinoma Patients. This figure summarizes the prognostic value of clinical, pathological, and 
AI-derived variables for overall survival (OS) in patients with gastric adenocarcinoma using Cox regression analyses. A. Univariate Cox analysis of demographic and 
preoperative variables shows that tumor stage III–IV (HR: 2.895 in stage III, HR: 5.290 in stage IV, p < 0.001) and poor differentiation (G3) were significantly 
associated with reduced survival. B. Univariate analysis of surgical variables highlights that Dindo-Clavien grade 4 complications (HR: 4.286) were significantly 
associated with decreased survival. C. Postoperative histopathological factors, such as residual tumor (R1), advanced T-stage (T4), nodal involvement (N3), and the 
number of positive lymph nodes, were significant predictors of poor OS. D. AI-derived risk scores (DPS and sub-models A–D) demonstrated strong prognostic value, 
with higher risk scores significantly predicting worse outcomes (e.g., DPS Score HR: 4.202, CI: 2.538–6.957). E. Summary of significant prognostic variables from 
univariate analyses. Hazard ratios (HRs) above 1 (orange bars) indicate increased risk, while those below 1 (green bars) indicate protective effects. F. Multivariate 
Cox regression analysis identified residual tumor status, sex, advanced tumor stage, Dindo-Clavien complications, differentiation grade, and the DPS score as in
dependent prognostic factors for overall survival. Hazard ratios are presented with 95% confidence intervals. Red markers indicate statistically significant risk 
factors, while black denotes nonsignificant results. AI-derived scores were computed based on deep learning risk stratification models trained on clinicopathologic 
features. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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48.3%), with only 5 well-differentiated cases (grade 1, 17.2%). In 
contrast, the case group (Group 1- DPS ≥ 0.5) exhibited a marked pre
dominance of poorly differentiated tumors (grade 3, 96.3%), with a 
small proportion of well-differentiated differentiated tumors (grade 1, 
3.7%, one case) and no moderately differentiated tumors. This distri
bution indicates that poorly differentiated tumors were significantly 
more frequent in the case group. While the assumption of expected cell 
frequencies was partially violated (50% of cells had expected counts less 
than 5), the association remained statistically significant, as confirmed 
by the Pearson chi-square (p = 0.000), likelihood ratio test (p = 0.000), 
and a significant linear-by-linear association (p = 0.001). To account for 
residual confounding due to tumor differentiation grade, which 
remained imbalanced post-matching, we included it as a covariate in the 
multivariable Cox regression model. This approach allowed for adjust
ment of its potential effect on survival outcomes.

A Cox proportional hazards model was employed to evaluate the 
effect of DPS group status on OS, with adjustment for tumor differenti
ation grade. The model demonstrated statistical significance (Omnibus 
χ2(3) = 7.996, p = 0.046), indicating that the included variables 
contributed meaningfully to survival prediction. Group DPS high 
emerged as a significant independent predictor of survival (p = 0.027), 
with a hazard ratio (HR) of 2.68 (95% CI: 1.12–6.43). Tumor differen
tiation grade did not significantly influence survival in the model (p =
0.203); however, interpretation of its individual HR was limited due to 
extreme coefficient estimates and large standard errors, likely attribut
able to sparse data and quasi-complete separation in certain subgroups.

Survival outcomes were further evaluated using Kaplan–Meier esti
mates stratified by DPS. The median survival time for the case group 
(DPS ≥ 0.5) was 18.7 months (95% CI: 13.426–23.974), significantly 
shorter than the control group (DPS < 0.5), which had a median survival 
of 29.9 months (95% CI: 4.359–55.441) (Fig. 4C). The mean survival 
times also reflected this difference, with estimates of 25.8 months (95% 
CI: 15.391–36.287) for cases and 49.1 months (95% CI: 34.401–63.876) 
for controls. The difference in survival distributions between groups was 
statistically significant, as confirmed by the log-rank test (χ2 = 4.272, df 
= 1, p = 0.039), indicating that patients in the case group experienced 
significantly poorer survival compared to controls.

4. Discussion

With the advent of whole slide imaging and the rise of digital pa
thology, AI quickly demonstrated significant potential in assisting pa
thologists. The past decade has witnessed an exponential increase in 
published research articles on AI and digital pathology, with the first 
study addressing GC emerging in 2017 [23]. Since then, recent studies 
have highlighted the potential of deep learning in GC diagnosis and 

(caption on next column)

Fig. 4. Histopathological Features and Prognostic Significance of the Diffuse 
Prognostic Score (DPS). A. Representative H&E–stained WSIs of GAC cases 
stratified by DPS. Cases with DPS < 0.5 exhibit preserved glandular architec
ture, moderate cellular atypia, and organized stromal components. In contrast, 
cases with DPS > 0.5 display diffuse growth patterns, poorly differentiated 
tumor cells, and prominent desmoplastic stroma. Insets at 4 × magnification 
highlight key morphological differences captured by the AI-based DPS algo
rithm. B. Kaplan–Meier survival curve comparing overall survival between 
patients with DPS < 0.5 (blue line, n = 369) and DPS > 0.5 (red line, n = 33). 
Patients with high DPS scores had significantly poorer survival (p < 0.001). The 
accompanying risk table indicates the number of patients at risk and censored 
at yearly intervals up to 5 years post-diagnosis. C. Kaplan–Meier survival 
analysis of a matched subset of patients (n = 58) stratified by DPS < 0.5 (blue 
line) vs DPS > 0.5 (red line). DPS < 0.5 remained associated with significantly 
better overall survival (p = 0.039, log-rank test). Numbers at risk and censored 
are shown in the table below. DPS was computed using a deep learning pipeline 
trained on histological data. Survival differences suggest that DPS captures 
prognostically relevant morphologic features not evident in traditional grading 
systems. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)
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prognosis assessments. For instance, Huang et al. [16] introduced two 
models, GastroMIL for diagnosing GC and MIL-GC for prognosis pre
diction, which not only outperformed junior pathologists in diagnostic 
accuracy but also demonstrated significant predictive power for OS. The 
key distinction is that the MIL-GC model does not follow to any estab
lished GC classifications, compared with our article; instead, it identifies 
prognostically relevant features directly from the images and uses sur
vival data for its training and automatically calculating a prognostic 
score. Similarly, Jang et al. [24] developed CNN models to automati
cally subclassify GC, achieving high precision in distinguishing between 
differentiated vs. undifferentiated tumors, as well as mucinous vs. non- 
mucinous subtypes. While this paper provides a quantitative tool for 
subclassification according to the South-Korean classification, which 
may indirectly relate to prognosis prediction, it does not clearly corre
late the model’s output to OS. Additionally, Veldhuizen et al. [3] which, 
to the best of our knowledge, represents the first DL classifier of GC 
based on the Laurén classification, proved that a deep learning-based 
approach to Laurén classification could stratify patients more effec
tively in terms of OS compared to traditional, pathologist-driven 
methods, highlighting the potential of AI to reduce interobserver vari
ability. There are several key differences compared to our approach. 
First, their training and validation were performed using GC slides from 
the TCGA database, providing a larger dataset for training and internal 
validation (n = 166), whereas our models have been trained and vali
dated on an internal database annotated by pathologists with expertise. 
Second, although the other study initially aimed to classify mixed-type 
GC, only two cases fell into this category, leading to its exclusion. In 
contrast, our models do not require the whole slide to be classified as 
either intestinal or diffuse; instead, they classify individual patches as 
either intestinal or diffuse without committing to an overall final class. A 
recent study by Ren et al. [25] presents a highly accurate, interpretable, 
and generalizable artificial intelligence framework for gastric cancer 
diagnosis, achieving approximately 99.2% accuracy, a macro F1-score 
of 0.991, and an AUC of 0.996. The differences observed in perfor
mance metrics between their study and the present work can be 
attributed to key methodological distinctions. Notably, Ren et al. [25]
employed a patch-based approach using curated, publicly available 
datasets, whereas our model is trained on whole slide images (WSIs) 
derived from real-world clinical settings. This introduces greater vari
ability, including heterogeneous staining, artifacts, and diagnostically 
ambiguous regions, which more closely reflect routine clinical practice.

The first developed model, GAC-I, demonstrated high accuracy in 
distinguishing between normal and malignant tissue. GAC-ST was based 
on the original Laurén classification, as described by Pekka Laurén in 
1965, given that it is the oldest and most widely used system worldwide 
[5] and has a well-established correlation with OS [12,26–28].

By addressing a key gap in the literature—namely, the ongoing 
debate regarding the specific percentage thresholds of intestinal versus 
diffuse components required for a tumor to be classified as mixed—we 
recognized that the mixed type is more of a conventional entity rather 
than a distinct pathological structure. With the exception of F. Carneiro 
and the South-Korean classification, the scientific community has not 
established a definitive threshold for defining the mixed type. The dif
ference between F. Carneiro who stated that as little as 5% of the minor 
component, be it intestinal or diffuse, is sufficient for a tumor to be 
classified as mixed type, in contrast to the South-Korean guidelines that 
requires roughly equal proportions of both intestinal and diffuse ele
ments. This marked discrepancy adds to the confusion surrounding the 
diagnosis of an already challenging disease in terms of prognosis. 
Therefore, we chose to eliminate the mixed class entirely and instead 
used the number of intestinal and diffuse patches per slide for our data 
analysis. Several studies have trained CNN models to distinguish be
tween intestinal and diffuse GC subtypes with high accuracy [3,29], and 
some have even successfully classified the mixed type [30]. We 
advanced this approach by developing the DPS score and statistically 
validating its significance through its strong association with OS, 

thereby identifying a subgroup of GC patients who may require addi
tional treatment or closer monitoring. Our findings are consistent with 
previous studies, including multiple reports that have clearly demon
strated and confirmed that diffuse GC exhibits a more aggressive clinical 
behavior, as reflected by OS outcomes [12,26–28]. By developing a 
quantitative score derived from the distribution of histological patches 
on standard H&E slides, our method provides an objective metric that 
may surpass traditional classifications in predicting patient outcomes. 
Moreover, it has the potential to identify a subpopulation of GC patients 
with extremely poor prognosis, thereby potentially facilitating more 
personalized therapeutic strategies. Our findings contribute to the 
growing evidence that deep learning can significantly improve tumor 
classification and patient stratification in GC.

Despite these encouraging results, our study has several limitations. 
The most significant is its retrospective design, which may introduce 
selection bias. To fully determine the clinical utility of the CNN-based 
prognostic score, DPS, prospective clinical trials will be required. 
Annotation was performed using a consensus-based approach with 
standardized criteria, interobserver variability remains an inherent 
limitation of histopathological assessment, particularly in Laurén clas
sification, and may introduce a degree of residual subjectivity. Although 
the model was developed and internally validated on a large dataset, 
external validation using independent cohorts was not feasible due to 
the limited availability of gastric cancer whole-slide images with 
comprehensive clinical annotations, particularly survival data, and 
standardized Laurén subtype labeling. Furthermore, the current analysis 
is based solely on histopathological images and clinical data.

In contrast to Multiple Instance Learning (MIL) approaches such as 
CLAM (Clustering-constrained Attention Multiple Instance Learning) 
and DSMIL (Dual-Stream Multiple Instance Learning), and transformer- 
based architectures that leverage global slide-level context, the pro
posed pipeline adopts a patch-level classification strategy that enables 
dense spatial prediction and quantitative analysis of tumor heteroge
neity. While MIL and transformer models may capture broader contex
tual relationships, they typically provide slide-level outputs and require 
more complex training pipelines. Our approach prioritizes scalability, 
interpretability, and the ability to derive biologically meaningful met
rics, such as the DPS, directly from spatially resolved predictions.

Nevertheless, the study offers several important strengths. Only 9.9% 
of patients received neoadjuvant therapy, thereby minimizing 
treatment-related variability in tumor morphology, despite the lack of 
formal regression scoring. Notably, the model was developed using a 
large, proprietary, and previously unpublished dataset, in contrast to 
most existing studies that rely on publicly available databases. In addi
tion, the cohort is relatively homogeneous, composed predominantly of 
white Eastern European patients, which reduces inter-population vari
ability and supports internal consistency in the findings.

By capturing the continuous distribution of histological subtypes at 
the patch level, the DPS may provide a more refined and biologically 
relevant assessment of tumor heterogeneity than conventional Laurén 
classification, which relies on categorical, slide-level assignment. Future 
studies should formally compare these approaches to determine whether 
DPS offers superior prognostic stratification.

Future research should also focus on external validation of the pro
posed CNN-based prognostic score through multicenter prospective 
studies involving diverse and larger patient cohorts. Incorporating 
additional data sources—such as immunohistochemical markers [31], 
molecular profiles, and regression scores following neoadjuvant ther
apy—could significantly enhance the model’s predictive accuracy and 
clinical applicability. Moreover, evaluating the utility of AI in predicting 
therapeutic responses, including sensitivity to chemotherapy, targeted 
agents, and immunotherapy, may further support its role in personalized 
treatment planning. Integrating these elements will be essential to refine 
the prognostic model and fully transpose it into clinical practice.
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5. Conclusion

This study presents a deep learning–based pipeline for the classifi
cation and prognostic assessment of gastric adenocarcinoma using 
routine histopathological slides. By leveraging the Laurén classification, 
the proposed models achieved high diagnostic performance and enabled 
the derivation of a novel AI-based metric, the DPS, which was associated 
with overall survival in this single-center cohort.

The use of a large, previously unpublished and relatively homoge
neous dataset supports the internal consistency of the findings. How
ever, external validation in independent, multicenter cohorts is required 
to confirm the generalizability and clinical utility of the DPS.

Overall, these results highlight the potential of AI-driven image 
analysis in digital pathology and suggest that such approaches may 
contribute to improved risk stratification and clinical decision-making 
in the future, pending further validation.
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