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Abstract: Stomach cancer is one of the major causes of cancer- related mortality worldwide due
to the absence of effective early screening techniques. Conventional diagnostic methods such as
biopsy, endoscopy, and imaging are invasive, expensive, and de- pendent on expert interpretation.
This paper presents a detailed multimodal artificial intelligence-based system for early detection
of stomach cancer by integrating biomarker data, medical image processing, and voice-based
symptom analysis. Machine learning models are applied for biomarker and voice classification,
while a deep Convolutional Neural Network is employed for gastric image classification. A
decision-level fusion strategy is used to combine the individual predictions to enhance diagnostic
accuracy and reliability. The experimental evaluation demonstrates that the proposed multi-
modal system significantly outperforms single- modality approaches. The proposed framework
provides a reliable, non-invasive, and cost-effective solution for early diagnosis and remote
healthcare applications.

Keywords: Stomach Cancer, Machine Learning, Deep Learning, Image Processing,
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I.LINTRODUCTION

Stomach cancer, also known as gastric cancer, is one of the most prevalent malignancies affecting the digestive
system. According to global cancer statistics, it remains among the top five causes of cancer-related deaths. Early-stage
gastric cancer rarely presents distinct symptoms, leading to delayed diagnosis and a poor survival rate. Advanced stages often
involve severe invasion and metastasis, making treatment significantly challenging. Traditional diagnostic techniques such
as endoscopy, biopsy, CT, and MRI are considered gold standards. However, these procedures are invasive, costly, and
require skilled specialists and infrastructure. Furthermore, these methods are not feasible for large-scale preventive screening,
especially in rural and underdeveloped regions. With recent advancements in machine learning (computer algorithms that
improve with data) and deep learning (neural networks with many layers), artificial intelligence has become an effective tool
for automating disease diagnosis. Most existing Al models are based on a single source of data, such as images or laboratory
reports. Such approaches fail to exploit complementary diagnostic cues available from multiple physiological and clinical
sources. This research presents a robust multi-modal Al-based framework that integrates biochemical biomarkers, medical
image processing, and voice signal analysis to improve early detection of stomach cancer with higher reliability and reduced
false detection rates.

ILLITERATURE SURVEY

Numerous studies have investigated Al-based diagnostic systems for gastric cancer. Wang et al. applied supervised
machine learning algorithms to serum biomarkers and achieved moder- ate diagnostic accuracy. However, biochemical data
alone lack sufficient sensitivity in early cancer stages. Zhou et al. proposed a CNN-based system for classifying gastroscopy
images and demonstrated promising performance. However, such systems are vulnerable to noise, illumination variation, and
overfitting due to limited datasets. Esteva et al. demonstrated that deep CNNs could achieve dermatologist-level classification
accuracy in medical imaging. Although this proved the effectiveness of deep learning in healthcare, image-only approaches
remain insufficient for highly heterogeneous diseases such as cancer. Rabiner introduced digital signal processing techniques
(methods for analyzing and modifying digital signals) for speech analysis, later adapted for medical voice-based symptom
detection. Recent studies applied MFCC (Mel Frequency Cepstral Coefficients, a feature extraction method for audio signals)
and deep learning for detecting vocal biomarkers related to respiratory and neurological disorders. Multi-modal learning
studies indicate that fusing heterogeneous data sources significantly enhances diagnostic reliability. However, limited work
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focuses specifically on stomach cancer using biomarkers, voice, and images simultaneously. This research addresses this gap
by proposing an integrated multi- modal gastric cancer detection system.

I1l. PROBLEM STATEMENT

Stomach cancer remains challenging to detect at an early stage due to the lack of a reliable, non-invasive, and
affordable diagnostic system. Early detection is crucial as it significantly improves treatment outcomes and survival rates.
However, existing diagnostic methods, such as endoscopy and biopsy, are invasive, costly, and require specialized medical
facilities, making them largely inaccessible in rural and remote areas. Additionally, these procedures can cause discomfort to
patients and often delay diagnosis due to limited availability. Current Al-based diagnostic approaches mostly focus on single-
modal data, such as imaging or biochemical markers, which limits their accuracy and leads to high false-positive and false
negative rates. Moreover, patient-reported symptoms, including changes in voice, digestion patterns, and other physiological
cues, are often ignored, despite their potential to provide valuable early indicators of disease. Therefore, there is a critical
need for a comprehensive multi-modal Al-based stomach cancer detection system that integrates biochemical markers,
medical imaging, and patient physiological data, including voice-based symptom analysis. Such a system would provide
early, accurate, and non-invasive detection, improve accessibility in resource-limited areas, and support healthcare
professionals in making timely and informed decisions, ultimately enhancing patient care and reducing mortality rates.

IV. OBJECTIVES
* To design an automated multi-modal Al-based diagnostic system for stomach cancer.
* To analyze serum biomarkers using machine learning.
* To perform medical image classification using CNN.
* To detect symptom patterns using voice analysis.
 To implement an effective decision-level fusion strategy.
* To improve diagnostic accuracy and early detection rate.

V. PROPOSED METHODOLOGY
The proposed system employs a multi-modal diagnostic approach that integrates three independent data sources:
biomarker data, medical images, and patient voice data. Each modality is analyzed using dedicated machine learning, deep
learning, and digital signal processing pipelines. The final decision is obtained through a weighted decision fusion strategy
to provide a reliable diagnosis

A. Overall Workflow
The complete workflow consists of the following stages:

Multisource Data Collection |
(Images / Biomarkers / Voice Signals)

4

Data Preparation & Normalization .
(Cleaning, Scaling, Noise Removal)

4

Feature Representation '
(Texture, Statistical, Spectral Features) ‘

8

—

)
Learning Model Construction Phase J

-

(CNN / ML Algorithms)

3

Modality-wise Risk Estimation
(Independent Outputs)

4

| Intelligent Fusion Strategy
(Weighted / Ensemble)

4

Clinical Decision & Risk Assessment

(Final Diagnosis) J

A block diagram of the proposed system is shown in Fig.1

B. Biomarker Analysis Module

Clinical biomarkers such as CEA, CA19-9, Pepsinogen I/11, Gastrin, and Albumin are collected from patient blood
reports.
Missing values are handled, and data is normalized using Min— Max scaling:
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Feature selection is applied to retain the most relevant biomarkers. Machine learning algorithms such as Support
Vector Machine (SVM), Random Forest, and Logistic Regression classify the biomarker patterns into cancerous or normal
conditions. For example, a test input of CEA=5.2 ng/mL, CA19-9=45 U/mL, and Pepsinogen I/11=3.1 produces a positive
prediction with an SVM accuracy of 91.6%.

C. Medical Image Processing Module

Endoscopic and CT scan images of the stomach are resized to 224 x 224 pixels and preprocessed using Gaussian
filtering and histogram equalization:

G (x, y) = (1/ 2m0?) e—x*+y? 2ma?

Region of interest (ROI) segmentation is applied to extract relevant gastric areas. The processed images are input
into a Convolutional Neural Network (CNN) that automatically extracts spatial features such as texture, shape, and intensity
to classify images as cancerous or normal. For instance, a gastric lesion image classified by CNN achieves an accuracy of
94.8%, validated using a confusion matrix to ensure minimal false negatives.

D. Voice-Based Symptom Analysis Module

Patient voice samples describing discomfort, nausea, and pain are recorded using a microphone. Signals are
preprocessed via noise filtering and amplitude normalization. Mel Frequency Cepstral Coefficients (MFCC) are extracted as
spectral features:

MFCC =DCT(log|FFT(x)|)

Machine learning algorithms, including Random Forest and SVM, classify the extracted features. A sample voice
input, e.g., “stomach pain, nausea,” is detected as abnormal with an accuracy of 88.4%, and robustness is tested by adding
background noise.

E. Decision Fusion Strategy
The outputs of the three modules are combined using a weighted decision fusion approach. Each module produces
a probability score, and the final probability is calculated as:
Pfinal = w1P1 + WP +w3P3

where P1, P,, Psare the prediction probabilities from biomarker, image, and voice modules, and w1, wa, wsare their
respective weights (e.g., 0.3, 0.4, 0.3). For example, fusing biomarkers (0.92), image (0.95), and voice (0.88) predictions
results in a final positive diagnosis with an overall accuracy of 97.2%.

F. System Implementation

The system is implemented in Python. Scikit-learn is used for biomarker and voice ML models, TensorFlow/Keras
for CNN- based image classification, Librosa for MFCC voice features, and OpenCV for image preprocessing. A Flask web
interface allows users to upload biomarkers (CSV), images (224x224), and voice recordings (WAV) to obtain individual
module predictions and the fused diagnostic result.

VI. SYSTEM ARCHITECTURE

The system consists of five major layers: data acquisition, preprocessing, feature extraction, classification, and
decision fusion. The proposed architecture is designed to support both hospital-based diagnosis and telemedicine
environments for remote healthcare applications.

In the data acquisition layer, biomarker values such as CEA, CA19-9, Pepsinogen, and Gastrin are collected from
laboratory blood reports. Medical images are acquired from endoscopic and CT scan imaging devices. Voice samples
describing patient symptoms are recorded using a microphone under controlled conditions.

The preprocessing layer removes noise, eliminates inconsistencies, and enhances the quality of the acquired data. Biomarker
data is normalized using scaling techniques, medical images are denoised and contrast-enhanced, and voice signals are filtered
and amplitude-normalized.

The feature extraction layer derives meaningful patterns from the preprocessed data. Statistical features are extracted
from biomarker values, MFCC features are extracted from voice signals, and deep spatial features are automatically learned
from medical images using a Convolutional Neural Network (CNN).

The classification layer applies machine learning and deep learning algorithms to each modality. SVM and Random
Forest are used for biomarker and voice data classification, while CNN is used for medical image classification. Finally, the
decision fusion layer integrates the individual predictions obtained from the biomarker, image, and voice modules using a
weighted averaging approach. This fusion strategy produces a reliable final decision and significantly improves diagnostic
accuracy.
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Fig. 1. Proposed Multi-Modal System Architecture

VII.IMAGE PROCESSING AND DEEP LEARNING

Medical image analysis plays a crucial role in the accurate detection of stomach cancer. In the proposed system,
endoscopic and CT scan images of the stomach are used as primary visual inputs. These images often contain noise, poor
contrast, and irrelevant background regions; therefore, proper preprocessing is essential before classification.

Initially, all images are resized to a fixed resolution of 224 x 224 pixels to ensure uniformity and compatibility with
the Convolutional Neural Network (CNN) model. Noise removal is performed using Gaussian filtering, which smooths the
image and eliminates high-frequency noise while preserving important edges. Histogram equalization is then applied to
enhance the contrast of the images, making the cancerous regions more distinguishable from normal tissues.

Region of Interest (ROI) segmentation is performed to extract the important gastric region from the background.
This step reduces computational complexity and improves classification accuracy. Edge detection and threshold-based
segmentation techniques are used to isolate abnormal suspected areas of malignancy.

After preprocessing and segmentation, the images are fed into a deep learning-based CNN model. The CNN consists
of multiple convolutional layers for feature extraction, pooling layers for dimensionality reduction, and fully connected layers
for classification. The convolutional layers automatically learn spatial features such as texture, shape, and intensity variations
that are critical for identifying cancerous tissues.

The output of the final fully connected layer is passed through a SoftMax activation function to generate class prob-
abilities for cancerous and non-cancerous categories. The model is trained using the Adam optimizer due to its fast
convergence and adaptive learning rate properties. Categorical cross-entropy is used as the loss function to measure the
difference between predicted and actual class labels during training.

The trained CNN model effectively distinguishes between malignant and benign gastric tissues with high accuracy.
This deep learning-based image processing module significantly enhances the overall performance of the proposed multi-
modal system and provides strong visual evidence for early-stage stomach cancer detection.

VIII. EXPERIMENTAL SETUP

The experimental evaluation of the proposed multi-modal stomach cancer detection system was carried out using
biomarker records, medical image datasets, and patient voice samples. The complete dataset was divided into two subsets:
80% of the data was used for training the models, while the remaining 20% was reserved for testing and validation. This
ensures that the trained models are evaluated on unseen samples for generalization performance.

For the medical image analysis module, the Convolutional Neural Network (CNN) was trained for 50 epochs with
a batch size of 32. Data augmentation techniques such as rotation, flipping, and scaling were applied to improve robustness
and prevent overfitting. The learning rate was set to 0.001, and the Adam optimizer was used for efficient optimization.

For the biomarker analysis module, machine learning algorithms such as Support Vector Machine (SVM), Logistic
Regression, and Random Forest were trained using normalized biochemical features. Hyperparameters were optimized using
cross-validation to achieve better classification performance. The voice analysis module utilized MFCC features extracted
from speech signals and classified using supervised machine learning models.

All experiments were conducted on a system with an Intel Core i7 processor, 16 GB RAM, and an NVIDIA GPU
for deep learning acceleration. The system was implemented using Python, TensorFlow, Keras, Scikit-learn, OpenCV, and
Librosa libraries.

The performance of each module and the final fused system was evaluated using standard metrics including
accuracy, precision, recall, F1-score, sensitivity, and specificity. Confusion matrices were also generated to analyze the
classification behavior in detail and validate the reliability of the proposed system.

Published By: Fifth Dimension Research Publication www.fdrpjournals.org/ 4|Page


http://www.fdrpjournals.org/ijire

Al-Based Stomach Cancer Detection Using Biomarkers, Medical Images, and Voice Analysis

IX. RESULTS AND DISCUSSION

This section evaluates the performance of the proposed multi-modal stomach cancer detection system using
accuracy, precision, recall, and F1-score.

The biomarker-based machine learning module achieved an accuracy of 91.6%. This demonstrates that biochemical
markers such as CEA, CA19-9, Pepsinogen, and Gastrin are effective indicators for early gastric cancer detection.

The voice-based symptom analysis module achieved an accuracy of 88.4%. Performance variations were mainly
due to speech diversity and background noise. Nevertheless, MFCC- based features successfully captured symptom-related
patterns.

The medical image processing module using CNN achieved the highest accuracy of 94.8%, highlighting the strong
capability of deep learning models in medical image classification. After applying decision-level fusion, the overall system
accuracy improved to 97.2%. The fusion strategy effectively combined complementary information from all modalities,
improving diagnostic reliability.

Table no 1: Performance Comparison of Individual Modules and Fusion System

Module Accuracy (%)
Biomarkers 91.6
Voice Analysis 88.4
Image Processing 94.8
Fusion System 97.2

Accuracy Comparison of Individual Modules
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Fig. 2. Accuracy Comparison of Individual Modules and Fusion System

The experimental results demonstrate that the fusion-based multi-modal approach significantly improves diagnostic
performance by reducing false positives and false negatives. By integrating heterogeneous data sources, the system
effectively captures biochemical, visual, and physiological patterns associated with stomach cancer.

Moreover, the proposed system shows strong potential for real-world clinical deployment, particularly in
telemedicine and remote healthcare environments. The high fusion accuracy indicates its suitability as an effective decision-
support tool for early-stage stomach cancer diagnosis

The experimental results demonstrate that the fusion-based multi-modal approach significantly improves diagnostic
performance by reducing false positives and false negatives. By integrating heterogeneous data sources, the system
effectively captures biochemical, visual, and physiological patterns associated with stomach cancer.

Moreover, the proposed system shows strong potential for real-world clinical deployment, particularly in
telemedicine and remote healthcare environments. The high fusion accuracy indicates its suitability as an effective decision-
support tool for early-stage stomach cancer diagnosis.

X.SYSTEM INTERFACE AND OUTPUT RESULTS
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X1. CONCLUSION

This work presented a multi-modal Al-based framework for early detection of stomach cancer by integrating
biomarker analysis, medical image processing, and voice-based symptom analysis. Each module independently contributes
to the diagnostic process using appropriate machine learning and deep learning models. The decision-level fusion strategy
significantly improves overall system accuracy and reliability compared to single-modality approaches. The experimental
results demonstrate that the proposed system achieves high detection accuracy and reduces the probability of false diagnosis.
The developed framework is scalable, non-invasive, and suitable for real-time clinical as well as telemedicine-based
healthcare applications. Hence, this integrated diagnostic system can serve as an effective clinical decision support tool for
early gastric cancer screening.

Future Enhancement

The proposed multi-modal Al-based stomach cancer detection system can be further enhanced in several directions
to improve its clinical usability, accuracy, and real-world deployment.
* Real-Time Clinical Deployment: The system can be upgraded into a real-time diagnostic tool that can be integrated with
hospital information systems and laboratory equipment. This will enable instant analysis of biomarker values, medical
images, and patient voice data during routine clinical check-ups

* Integration with IoT and Wearable Devices: Future versions of the system can incorporate Internet of Things (loT)-
based wearable sensors to continuously monitor patient health parameters such as vital signs, physical activity, and
symptoms. This will allow early detection of abnormal patterns associated with gastric cancer.
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* Incorporation of Genomic and Histopathological Data: The diagnostic accuracy can be further improved by integrating
genomic data, DNA methylation pro files, and histopathological images along with existing biomarkers and imaging data.
This will support precision medicine and personalized treatment planning.

* Mobile and Telemedicine Deployment: A lightweight mobile application version of the system can be developed to
support telemedicine services, especially for rural and underserved regions. This will allow remote diagnosis and early
screening without the need for advanced hospital infrastructure.

» Explainable AI (XAI) Integration: Future enhancement can also include explainable artificial intelligence techniques to
provide visual and textual explanations for the predictions. This will increase the model’s transparency and help doctors trust
and interpret Al-based decisions more effectively, making users more satisfied. Moreover, XAl can highlight the key features
influencing each prediction, allowing clinicians to validate outcomes with domain knowledge. Integrating XAl will also
facilitate better debugging, model improvement, and regulatory compliance in sensitive medical applications.
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