
 

 

AI-Assisted Detection of Gastric Intestinal Metaplasia: Design and Validation of the “IntelliMeta” 1 
Algorithm 2 
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Abstract 5 

Background: Gastric intestinal metaplasia (GIM) is a potential precancerous lesion that significantly increases 6 
the risk of gastric cancer. Its accurate detection requires expertise in digestive pathology and remains challenging 7 
due to histological complexity and interobserver variability. Artificial intelligence (AI) represents a promising 8 
tool to support early and precise diagnosis. 9 
 10 
Methods: We developed IntelliMeta, an AI-based algorithm designed to automatically detect GIM on digitized 11 
gastric biopsy slides. A dataset of 229 histological slides (173 normal, 56 with GIM) collected at the Hassan II 12 
Regional Hospital of Agadir was digitized using an APERIO LV1 scanner. After expert annotation, a total of 902 13 
histological images were processed. The algorithm, based on a Visual Geometry Group (VGG) transfer learning 14 
model, was trained and validated using data preprocessing, augmentation, and cross-validation. Key 15 
functionalities include automatic segmentation, multi-region quantification, and binary classification (focal vs 16 
diffuse GIM). 17 
 18 
Results: The transfer learning V1 model achieved the most balanced performance, with an overall accuracy of 19 
56.5% and a processing speed of 547 ms/step, outperforming a custom CNN and a slower transfer learning V2 20 
model. Despite the limited dataset size, IntelliMeta successfully detected GIM regions, provided confidence 21 
scores, and quantified lesion extent. The system also integrated a user-friendly interface for visualization and 22 
interpretation. 23 
 24 
Conclusion:IntelliMeta represents the first national and continental contribution to AI-assisted detection of GIM. 25 
Although limited by dataset size, the algorithm demonstrates promising efficiency for supporting pathologists in 26 
the early diagnosis of gastric precancerous lesions. Further improvements, including dataset expansion and 27 
threshold optimization, could enhance clinical applicability. 28 
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Introduction 45 

Gastric cancer remains one of the leading causes of cancer-related mortality worldwide, particularly in regions 46 
with a high prevalence of Helicobacter pylori infection [1]. Gastric intestinal metaplasia (GIM) represents a 47 
persistent and irreversible precancerous lesion characterized by the replacement of the gastric epithelium with an 48 
intestinal-type epithelium [2]. Its early and accurate detection is crucial, as GIM significantly increases the risk 49 
of progression to gastric adenocarcinoma [3]. 50 
Histopathological examination of gastric biopsies is considered the gold standard for diagnosing GIM [4]. 51 
However, the process requires substantial expertise to distinguish between goblet cells and pseudo-goblet cells, 52 
and may sometimes necessitate ancillary techniques such as special stains or immunohistochemistry. These 53 
additional methods are costly, time-consuming, and not always available in routine practice [5]. Furthermore, 54 
interobserver variability and sampling limitations may hinder the reproducibility and accuracy of GIM detection 55 
[6]. 56 
Recent advances in artificial intelligence (AI), particularly deep learning approaches, have shown great promise 57 
in medical image analysis, including radiology, dermatology, and pathology [7,8]. In digital pathology, AI-based 58 
algorithms have demonstrated their capacity to detect subtle morphological changes, quantify histological 59 
features, and assist in diagnostic standardization [9]. Convolutional neural networks (CNNs), in particular, have 60 
become powerful tools for the classification and segmentation of histopathological images, reducing subjectivity 61 
and improving diagnostic efficiency [10]. 62 
In this study, we developed IntelliMeta, an AI-based algorithm designed to automatically detect GIM in digitized 63 
gastric biopsies. To our knowledge, this represents the first initiative at both the national (Morocco) and 64 
continental (Africa) levels to address this diagnostic challenge through AI. By integrating automatic 65 
segmentation, multi-region quantification, and binary classification (focal vs diffuse GIM), IntelliMeta provides 66 
a novel approach to support pathologists in the early identification of precancerous gastric lesions. 67 
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Materials and Methods 86 

 87 

Data Collection and Preparation :  88 
Gastric biopsy slides were retrospectively collected from the Department of Pathology at Hassan II Regional 89 
Hospital in Agadir between 2023 and the first semester of 2025. A total of 229 histological slides were included, 90 
comprising 173 normal gastric mucosa cases and 56 cases with confirmed gastric intestinal metaplasia (GIM). 91 
All samples were fixed in formalin, embedded in paraffin, sectioned, and stained with hematoxylin–eosin (H&E) 92 
according to standard pathology protocols. 93 
 94 
Slide Digitization and Annotation :  95 
All slides were digitized using the APERIO LV1 scanner at ×40 magnification, generating whole-slide images 96 
(WSIs) in SVS format. The WSIs were subsequently validated for technical quality. Pathologists manually 97 
annotated representative areas of GIM and normal mucosa using QuPath software, producing a dataset of 902 98 
histological image patches (319 GIM and 583 normal). Annotations were reviewed and validated by an expert 99 
gastrointestinal pathologist to ensure diagnostic accuracy. 100 
Preprocessing and Data Augmentation 101 
Image preprocessing included resizing to 224×224 pixels, conversion to RGB, and normalization within the [0,1] 102 
range. To address data imbalance and improve generalization, data augmentation was applied using random 103 
rotations, horizontal and vertical shifts, zooming, and flipping. 104 
 105 
Algorithm Architecture :  106 
The IntelliMeta algorithm was based on a transfer learning approach using a pre-trained Visual Geometry Group 107 
(VGG) convolutional neural network, adapted for binary classification (normal vs GIM). The final architecture 108 
included modified fully connected layers to output prediction probabilities with a decision threshold set at 0.5. 109 
 110 
Segmentation and Quantification :  111 
Following classification, a segmentation module was implemented to localize GIM regions within WSIs. The 112 
pipeline combined color-space analyses (HSV, LAB), adaptive thresholding, and morphological operations to 113 
enhance region detection. Quantitative metrics such as the percentage of GIM surface area, mean lesion size, and 114 
number of regions were computed. 115 
Performance Evaluation 116 
Three models were trained and compared: 117 

 Transfer Learning V1 (adopted model) 118 
 Transfer Learning V2 119 
 Custom CNN 120 

Performance was assessed using accuracy, sensitivity, specificity, positive predictive value, and negative 121 
predictive value, derived from confusion matrices. Processing speed was also evaluated. 122 
 123 
User Interface Development :  124 
A graphical user interface (GUI) was developed to facilitate interaction with the algorithm. The GUI included 125 
functions for slide uploading, automated detection, lesion localization, and real-time visualization of confidence 126 
scores and quantitative metrics. 127 
 128 
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Results 134 

 135 

Dataset and Annotations:  136 
 137 
A total of 229 gastric biopsy slides were collected from the Pathology Department of Hassan II Regional 138 
Hospital, Agadir (173 normal gastric mucosa, 56 with confirmed GIM). All slides were digitized, and after 139 
expert annotation, 902 histological image patches were generated (583 normal, 319 GIM). Annotation focused 140 
on morphologic hallmarks of GIM, particularly the presence of goblet cells, pseudo-goblet cells, and 141 
architectural changes. 142 
 143 
 144 
Model Training and Classification Performance :  145 
 146 
Three models were evaluated: Transfer Learning V1, Transfer Learning V2, and a custom CNN. Their 147 
comparative performances are summarized in Table 1. 148 
 149 

 Transfer Learning V1 achieved the most balanced performance, with an overall accuracy of 56.5%. 150 
The confusion matrix revealed moderate sensitivity and specificity, with a recall of 35% for positive 151 
cases (GIM) and 66% for negatives. The processing speed (547 ms/step) makes it suitable for near real-152 
time applications. 153 

 Custom CNN showed severe classification bias, systematically labeling all cases as GIM, which 154 
resulted in poor discrimination between normal and pathological slides (accuracy 34.5%). 155 

 Transfer Learning V2 reached a slightly higher accuracy (60.0%), but with very low recall for GIM-156 
positive cases (8%). Despite acceptable performance for normal slides, its processing time (2 s/step) 157 
was considerably slower, limiting practical usability. 158 

 159 
Table 1. Comparative performance of the three tested models. 160 
Model Accuracy (%) Processing 

Speed 

Positive Case 

Recall 

Negative Case 

Recall 

Comments 

Transfer 

Learning V1 

56.5 547 ms/step 35% 66% Most balanced 

performance; 

adopted model 

Custom CNN 34.5 558 ms/step 100% (all cases 

as GIM) 

0% Severebias; 

poor 

discrimination 

Transfer 

Learning V2 

60.0 2 s/step 8% ~90% Slightly higher 

accuracy but 

weak sensitivity 
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 177 
Figure 1. Accuracy comparison of the three tested models.(Bar chart showing accuracy for Transfer Learning 178 
V1, Custom CNN, and Transfer Learning V2, with Transfer Learning V1 chosen as the adopted model.) 179 
 180 
 181 
 182 
Segmentation and Quantification of GIM :  183 
 184 
The segmentation module was able to accurately highlight GIM regions within whole-slide images. Post-185 
processing with color-space analysis and morphological filters enhanced region detection, providing a clear 186 
distinction between affected and unaffected mucosa. 187 
 188 
Quantitative metricsgeneratedincluded: 189 

 Percentage of GIM surface area: 6.9% in focal lesions versus up to 82.1% in diffuse lesions. 190 
 Number of detected regions: from as few as 3 (focal GIM) to as many as 23 (diffuse GIM). 191 

 Mean lesion area per region, which helped differentiate small focal foci from extensive diffuse 192 
involvement. 193 

 194 
 195 
User Interface Performance 196 
The IntelliMeta graphical interface allowed pathologists to interact with the algorithm in real time: 197 

 Slide uploading and validation ensured compatibility of SVS files. 198 
 Classification results were displayed with a confidence score. For example: 199 

o A focal GIM biopsy: predicted as ―GIM‖ with 63.1% confidence, 6.9% surface involvement, and 200 
3 regions detected. 201 

o A diffuse GIM biopsy: predicted as ―GIM‖ with 96.8% confidence, 82.1% surface involvement, 202 
and 23 regions detected. 203 

 Segmentation overlay allowed visualization of GIM regions circled in red on the WSI, facilitating 204 
rapid review and validation by the pathologist. 205 



 

 

 206 
Discussion 207 

Gastric intestinal metaplasia (GIM) is a well-recognized precancerous lesion that increases the risk of gastric 208 
cancer, particularly in populations with a high prevalence of Helicobacter pylori [1–3]. Accurate detection of 209 
GIM is clinically essential, yet remains challenging in practice. Histopathological assessment is the diagnostic 210 
gold standard [4], but it requires substantial expertise to reliably distinguish goblet from pseudo-goblet cells [5], 211 
and interobserver variability remains a major limitation [6]. This is particularly relevant in low- and middle-212 
income countries, where access to ancillary tests such as AB/PAS staining or immunohistochemistry may be 213 
limited [5,11]. 214 
In this study, we present IntelliMeta, the first AI-based system developed at a national (Morocco) and continental 215 
(Africa) level to assist in the detection of GIM on digitized gastric biopsies. By combining transfer learning with 216 
automatic segmentation and quantification, IntelliMeta introduces a comprehensive approach that goes beyond 217 
binary classification, offering lesion extent analysis (focal vs diffuse) and confidence scores. Such quantitative 218 
support is of high clinical value since the extent of GIM has been linked to higher malignant potential [2,12]. 219 
Our results demonstrate that the Transfer Learning V1 model achieved the most balanced performance (accuracy 220 
56.5%, moderate sensitivity and specificity) compared to a biased CNN and a slower transfer learning variant. 221 
While the accuracy remains modest, the robustness and processing speed of Transfer Learning V1 highlight its 222 
potential for integration in pathology workflows. These findings are consistent with previous AI applications in 223 
gastrointestinal pathology, where deep learning models achieved variable performance depending on dataset size 224 
and annotation quality [6,13,14]. 225 
The segmentation and quantification module represents a major added value of IntelliMeta. Beyond 226 
classification, it provides reproducible metrics such as surface percentage of GIM and number of affected 227 
regions. This approach parallels the recent shift in pathology toward ―computational quantification‖ of lesions, 228 
which has been shown to reduce interobserver variability and standardize reporting [9,15]. Furthermore, the GUI 229 
interface enhances interpretability, which is critical for pathologists’ acceptance of AI tools [10,16]. 230 
Nevertheless, several limitations must be acknowledged. The relatively small and imbalanced dataset (229 slides, 231 
902 patches) restricted the algorithm’s learning capacity. Previous work has shown that AI models in pathology 232 
require large, diverse datasets—often in the thousands of slides—to achieve clinically acceptable performance 233 
[7,14,17]. The inability to further expand the dataset due to technical issues (scanner malfunction) also limited 234 
training. Additionally, the moderate recall for GIM-positive cases reflects a need for improved threshold 235 
optimization and augmentation strategies. Future studies should therefore focus on dataset expansion, 236 
multicentric validation, and incorporation of molecular/immunohistochemical data as multimodal inputs [12,18]. 237 
From a broader perspective, IntelliMeta reflects the growing role of AI in digital pathology. Convolutional neural 238 
networks and transfer learning approaches have already been successfully applied in prostate, breast, and 239 
colorectal pathology [9,13,14], and their extension to gastric precancerous lesions is timely. In resource-limited 240 
settings such as Morocco, where gastric cancer remains a public health concern [1,19], AI-assisted diagnostic 241 
systems could help mitigate workforce shortages and improve early detection strategies. 242 
In conclusion, while IntelliMeta currently shows moderate accuracy, it provides a proof-of-concept for AI-243 
assisted detection of GIM, with segmentation and quantification capabilities that enhance its clinical relevance. 244 
With dataset expansion and multicentric validation, this approach has the potential to significantly improve 245 
diagnostic accuracy, reduce variability, and support precision prevention of gastric cancer. 246 
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