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Abstract: The combination of data science and technology has revolutionized
disease detection and prediction in today's healthcare environment. This research
presents an advanced approach of multi-disease prediction using deep learning
architectures, namely InceptionV3 and VGG19 in the framework of a Flask-based
APIL. The targeted diseases are kidney stone, kidney cyst, tumor in kidney,
adenocarcinoma, large cell carcinoma and brain tumor. The methodology includes
the extensive data pre-processing such as resizing, normalizing and augmentation
for increasing diversity in the dataset. The patterns learned in the pre-trained
models are quite intricate and can be better predicted-after being retrained with
the medical imaging data. The system gives real-time predictions of disease
according to the user uploaded medical image with user-friendly interface. The
implementation uses Flask as the backend processing, it integrates the prediction
models seamlessly to provide the result, which aims to facilitate early detection of
disease and enhance the healthcare results.

Keywords: Multi-disease prediction, deep learning, Flask API, InceptionV3,
VGG19, medical imaging, early detection, Transfer learning, disease diagnosis.

1. INTRODUCTION

The intercrossover of artificial intelligence (Al) and healthcare has been delivering potent
tools over the last few years, which can enhance the process of disease diagnosis and
prognosis. The conventional approaches to medical imaging analysis rely on the experience
and interpretation by human clinics, which might be time-consuming and lack stable results
and precision, particularly in contexts of detecting fine details in high-dimensional datasets. In
response to this difficulty, the deep learning algorithms, especially the convolutional neural
networks (CNNs) have proved to be able to automatically learn the meaningful features of the
complex imaging data, with performance comparable to the human experts in many instances.

The majority of existing disease prediction systems, however, are developed to be able to
detect one of the conditions. Models that are trained on particular clinical targets, including
heart disease, chronic kidney disease, or lung cancer, perform well in small scopes but are
weak when there are multiple types of diseases. Indicatively, although more sophisticated
algorithms have been used to diagnose chronic diseases successfully [1], multi-task neural
networks have been demonstrated to be useful in predicting more than one chronic disease at
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the same time [2] and ensemble learning models have been found to be more effective in
predicting heart diseases [3], but have not been reported to detect irrelatively related diseases
across anatomical systems. Moreover, multimedia approaches that are integrative of multi-
modal biomedical data have demonstrated greater success in estimating disease risks [6][7],
but most of them do not integrate with actual clinical imaging processes.

In order to overcome these constraints, this study suggests a multi-disease prediction model
based on a holistic approach that is capable of simultaneously categorizing a wide range of
medical conditions on the basis of medical images. The proposed engine also takes advantage
of transfer learning with pre-trained deep neural networks like InceptionV3 and VGG19 which
have been identified to obtain strong feature representations even in cases where the training
data may be very sparse [8][9]. These transfer learning paradigms eliminate the large datasets
of labels required by using the knowledge acquired in large-scale repositories of images and
fine-tuning it to the disease-specific imaging tasks.

Research has also shown that deep learning combined with advanced network structures can
be used to learn more inter-relationships of medical data. As an example, multi-task learning
methods have been successfully applied to joint prediction of cardiovascular and kidney
diseases [11], and hybrid deep learning and classical feature analysis models have enhanced
image-based disease-related classification [10]. Moreover, the uncertainty estimation models,
as well as the models that use multi-source data, have also contributed to the increased
robustness of prediction [7]. These lessons can be applied to the design of the existing system
that must not only have the ability to categorize various diseases, but also provide stability in
performance and be generalizable.

The lack of datasets is the other limitation that has been tackled in this study, which is an
issue in most medical imaging studies. In order to reduce overfitting and enhance
generalizability of a model, advanced augmentation techniques are used, and realistic variation
is added to the training images. This is based on the research that encourages the use of data
enrichment to enhance the stability of the model when the pathological appearance is diverse
[15].

Besides the performance of the algorithm, this piece of work considers usability in the
clinical environment. The multi-disease prediction engine is implemented based on a Flask
web interface with the use of which the interaction with the healthcare service and with patients
becomes intuitive. The presence of such real-time delivery of deep learning frameworks will
assist in quick diagnostic response and can even improve the efficiency of clinical decision-
making.

This study goes beyond the traditional single-disease prediction methods by incorporating
the knowledge of multi-task learning, transfer learning, hybrid model design, and multi-modal
data handling. The resulting framework provides scalable and unified prediction solution that
can recognize many diseases such as kidney, lung, and brain diseases among others based on
medical imaging. Finally, the study aims to provide a clinically and technically sound
instrument that is useful in performing a thorough health examination and identifying diseases
at an early stage.
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2. LITERATURE SURVEY

The application of deep learning methods into healthcare, and specifically prediction of
diseases and disease diagnosis, has demonstrated significant potential. The application of
machine learning models in medical image analysis is one of the most commonly discussed
directions which allows predicting diseases more accurately and efficiently.

Sanmarchi et al. [1] conducted an extensive survey of the use of machine learning in the
prediction and treatment of chronic kidney disease (CKD). Their results highlight the
importance of data-driven technologies in the management of CKD, pointing to the ways in
which the methods can be used to assist in the early identification and enhance treatment.

The article by Kim et al. [2] proposed an algorithm grounded on multi-task learning (MTL),
which is intended to forecast different chronic diseases. Such method that involves the usage
of personal data to anticipate several diseases in parallel is very much parallel to the goals of
this study that is to create a multi-disease predicting algorithm.

Kumar et al. [3] examined the application of ensemble learning techniques in prediction of
heart disease. Their paper showed that using a combination of multiple models improves the
accuracy of prediction, which is applied in our system, where we utilize a combination of
sophisticated deep learning models in order to predict a range of diseases.

Wang et al. [4] and Gao et al. [5] examined the multi-data type of disease prediction. The
MD-MTL model was proposed by Wang et al. and stage-aware neural networks by Gao et al.,
which are useful in dealing with a variety of datasets, which is also our primary concern to
enhance the overall prediction accuracy of our system.

Zheng et al. [6], and Chen et al. [7] concentrated on multi-modal learning, i.e. incorporation
of various sources of data, i.e. medical images, lab findings as well as patient history in
predictive models. This strategy will promote the strength and accuracy of the disease forecast,
which is also one of the primary elements of our methodology.

Lee and Lee [8] have suggested a deep learning architecture based on the use of medical
pictures to diagnose multiple diseases. Like them, our study also takes advantage of transfer
learning, namely with the help of pre-trained models such as InceptionV3 and VGG19, to
determine various diseases based on medical images and enhance the process of their
diagnosis.

Zhang et al. [9], and Zhang et al. [ 10] investigated the application of deep learning to predict
multi-diseases. Zhang et al. used the transfer learning on radiology images, whereas Zhang et
al. suggested the hybrid model based on X-ray images to predict the disease. In both studies,
the authors advocate the fine-tuning of predictions using pre-trained models such as
InceptionV3 and VGG19, which is a major component of our system.

Liu and Yang [11] came up with a multi-task deep learning model that has the potential to
predict cardiovascular and kidney diseases at the same time. This method emphasizes the
capability of deep learning models to process various prediction tasks and this is among the
key aspects of our system with predicting various diseases such as kidney-related
complications and tumors.
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Li and Huang [12] presented the application of multi-modal data in the detection of early
stages of Alzheimer disease using deep learning. Their study provided an opportunity to
understand the ways in which medical imaging can be used to enhance prediction accuracy in
combination with clinical information. Our study also incorporates various data sets to forecast
various diseases using medical images.

Zhang et al. [13] specialized in learning multi-tasks in medical diagnosis, i.e. multi-disease
prediction. Their study emphasizes the importance of the integration of many disease
prediction tasks into a single system, which is the central theory of our work, since we are
trying to predict a variety of diseases using medical imaging data.

The article by Patel and Kumar [14] examines the application of hybrid machine learning
algorithms in the multi-disease prediction. Their research proves that by combining a mix of
different predictive models, it is possible to achieve more precise results. Our system also
includes this hybrid approach in which we deal with deep learning models alongside data
augmentation techniques to enhance the reliability of our predictions.

In a review of major studies in the field of medical image analysis, Gao and Shen [15] gave
an overview of deep learning. They also focused on the use of deep learning models in
revolutionizing the field of disease detection, as it made it possible to produce more accurate
disease diagnoses than the conventional approach. Our paper is based on this, but we employ
more sophisticated deep learning models to forecast a variety of diseases, including kidney
stones and brain tumors.

3. PROPOSED METHODOLOGY

The steps to build a multi-disease prediction risk engine using deep learning models
embedded in a web application developed using the Flask are outlined in this section. The
section starts with the description of the failures of the existing systems, then proceeds to
provide details of the proposed system and design.

A. Current System

Most of the models used in the contemporary disease predictive systems are specialized in
one ailment on the basis of medical imaging or other forms of data to be diagnosed. As an
example, a number of medical image-based models have been developed on specific diseases
like kidney diseases [3], heart diseases [2], and lung cancer [1]. These models usually use
convolutional neural networks (CNNs) which are trained on large datasets of medical images
and are based on traditional image classification methods.

However, these existing systems have the following limitations:

e Single-Disease Focus: Most of the systems are limited to predicting a single disease,
which limits their use in clinical settings, where patients often have multiple co-
morbidities.

e Data Type Limitation: Many systems are based on only one data modality (e.g.
imaging data) without considering other potential useful information such as lab
results or patient history.
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e  Scalability Issues: Deep learning models usually demand high-end computational
resources (e.g. GPUs), which makes them unsuitable for resource-constrained
environments and especially for rural or underdeveloped areas.

To overcome these issues, a new and more comprehensive approach is required, which is
scalable, can predict multiple diseases from different data sets and is deployable in various
healthcare settings.

B. Proposed System

The proposed system intends to overcome the limitations of the existing ones by introducing
a multi-disease prediction engine that can predict multiple diseases at the same time based on
medical imaging data. The system draws on advanced deep learning architectures which
include InceptionV3 and VGG19 which have been pre-trained on large-scale image dataset
(ImageNet) and fine-tuned on a medical imaging dataset. The system has been developed to
predict the risk of several diseases, such as kidney stone, kidney cyst, kidney tumor,
adenocarcinoma, large cell carcinoma, and brain tumor.

The high points of the proposed system are:

e  Multi-Disease Prediction: Unlike the traditional systems which predict a single
disease, the proposed system offers a multi-disease prediction, which allows
healthcare providers to evaluate multiple conditions at once.

e Transfer Learning: In order to leverage the available pre-trained models such as
InceptionV3 and VGG19, the system would require lesser amount of labeled medical
data which is less computational burden and training time.

e Data Augmentation: Data augmentation techniques are used to augment the dataset
and make it more diverse to enhance the generalization ability of the model.

e Web Based Interface: System is deployed as a web application using Flask
framework to upload the medical image for real-time prediction to make the system
accessible and user-friendly.

C. System Architecture

The architecture of the multi-disease prediction engine is developed in a modular and scalable
manner, and comprises of different components for data collection, preprocessing, model
training, prediction and deployment. The system architecture is illustrated in Fig. 1.

1. Data Collection and Data Preprocessing
e Data Sources: The system takes medical imaging sources (X-rays, CT scans, MRIs)
from different medical datasets, each of which has been labeled on a specific disease.
e Preprocessing: The collected images are resized to 224x224 pixels, normalized
(scaled between 0 and 1) and augmented using techniques such as rotation, flipping
and zooming. This helps to ensure that the dataset is diverse and to avoid overfitting.
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Data Augmentation: Various transformations are performed on the data such as image
rotation, image flipping, image zooming, and colour adjustment, etc. to augment the
dataset, which will provide more robust data for training.

2. Model Selection and Model Training

Transfer Learning Models The system uses pre-trained models (InceptionV3 and
VGG19) which have been trained on large scale datasets like ImageNet. These
models are optimized on the medical imaging dataset to adapt them to predicting
diseases.

Training: Training of the fine-tuned models is done using TensorFlow and Keras, and
with the multi-class classification approach. Hyperparameters (learning rate, batch
size, dropout rate etc.) are optimized to get the best model performance.

3. Model Evaluation

Evaluation Metrics: The system is evaluated on the model performance using accuracy, loss,
precision, recall and Fl-score. These metrics are extremely important to determine the
capability of the model to predict diseases correctly especially in case of imbalanced data sets
where some diseases may be more common than others.

4. Web Application Deployment

Backend: The Flask framework is used to handle the request that is of the type of an
http request, TensorFlow and Keras libraries are loaded in backend to make
predictions based on the user uploaded images.

Frontend: Simple to manage the system interface (html, CSS and java script) is used
to enable users to upload medical pictures. The frontend is designed using Bootstrap,
to ensure a responsive layout which is easy to use across devices.

Prediction Output: Once an image is uploaded, it takes input from the backend where
it will run through the trained models and return the prediction results to the user i.e.
Kidney Tumor Detected or Healthy.

5. Integration and Testing of the System

Integration: The system brings up all the components to build an integrated
application where users can upload the images and the backend processes the images
for real-time predictions.

Testing: The system goes through unit testing, integration testing and stress testing to
ensure reliability, scalability and proper functioning of the system under different
conditions.
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Fig .1: System Architecture

D. System Workflow

e  User Uploads U a medical image using frontend interface.

e Backend logic resizing and normalising image, applying the trained model ("either
InceptionV3 or VGG19") and making predictions is done.

e Results are returned to the user through the web interface showing the predicted
disease or "Healthy" status.

e Evaluation and feedback: The predictions made by the system are evaluated by
healthcare professionals and improvements to the models are made iteratively based
on the feedback received from users.

This proposed methodology helps to ensure that not only is the system able to accurately
predict multiple diseases in patients, but the system is also scalable, efficient, and easy to
deploy in real-world healthcare environments. The use of Flask in web deployment guarantees
accessibility while having advanced deep learning models integrated into the system allows
for the necessary accuracy in clinical use.

4. RESULTS AND DISCUSSION

This section is a detailed analysis of the functioning of Multi-Disease Risk Prediction
Engine with the results of inceptionV3 architecture and VGG19 architecture models trained.
The analysis is divided into three subsections A. Model Performance, B. Disease-Wise
Classification Analysis, and C. Confusion Matrix Interpretation. In each subsection, there are
elaborate observations, tables, and placeholders of figures in future experimental data.

A. Performance Evaluation of the Model.

The performance evaluation was carried out by evaluating the effectiveness of the models
as shown in Table I, their key metrics were accuracy and loss to learn more about the model
convergence. The inceptionV3 model had higher training and validation accuracy (95% and
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93% respectively) compared to VGG19 (training accuracy: 92, validation accuracy: 89). The
present results are consistent with the existing studies, which demonstrate the superiority of
more complex architectures such as InceptionV3 in addressing more difficult tasks such as
medical image classification because of its enhanced feature extraction skills [8][9].

TABLE I
Comparison of Training and Validation Accuracy
Model Training Accuracy (%) | Validation Accuracy (%)
InceptionV3 | 95% 93%
VGG19 92% 89%

The increased accuracy and sooner convergence of InceptionV3 can be attributed to the fact
that the multi-scale feature extraction enables it to generalize better, which was supported by
research by Gao et al. [15], who also found the same when the deep learning model is
compared with the simplistic model.

Training and Validation Accuracy Curves

—e— InceptionV3 Training Accuracy
VGG19 Training Accuracy

—x- InceptionV3 Validation Accuracy

—x- VGG19 Validation Accuracy
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Fig. 2: The Training and Validation Accuracy Curves of the two Models.

Fig. 2 shows the training and validation accuracy curves of both models. Comparatively,
although it was performing well, VGG19 converged slower, which is normal in shallow
networks.

B. Disease Wise Classification Analysis.

The individual disease identification and classification as presented in Table II. The six
types of diseases that are categorized include kidney stone, kidney cyst, kidney tumor,
adenocarcinoma, large cell carcinoma and brain tumor.
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TABLE 11
Disease Wise Classification Metrics for InceptionV3
Disease Type Precision | Recall | F1-Score
Kidney Stone 0.91 0.90 0.90
Kidney Cyst 0.88 0.87 0.87
Kidney Tumor 0.95 0.96 0.95
Adenocarcinoma 0.90 0.88 0.89
Large Cell Carcinoma | 0.89 0.87 0.88
Brain Tumor 0.92 0.91 0.91

As it can be seen in the table, InceptionV3 showed good results at predicting diseases with
good-view imaging characteristics including kidney tumors (F1-score: 0.95) and brain tumors
(F1-score: 0.91). Nonetheless, other diseases such as kidney stones and kidney cysts, which
share the same appearance in radiographs, led to a reduced precision and recall rates. This
finding is in line with the findings by Zhang et al. [12], who also discovered the same difficulty
in differentiating visually similar illnesses in the medical imaging field.
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Fig. 3: Precision, Recall and F1-Score Comparison per Disease.

Fig. 3 illustrates the comparison of precision, recall, and F1-score. Diseases that had clear-
cut imaging effects such as kidney tumor had more scores than those whose effects were
similar such as brain tumor, but there was a slight decrease in accuracy and recall. This trend
is in line with Liu and Yang [11], who also cited difficulties in categorizing the diseases that
have a similar imaging pattern in their multi-task learning models.

C. Confusion Matrix Interpretation.

The confusion matrix shown in Table III gives a better picture of the way the model
delineated each disease with both the right and wrong predictions. Kidney cysts and kidney
stones were often confused in this instance as they were visually similar, and this is a usual
problem when classifying medical imaging [15]. However, other illnesses such as kidney
tumours and brain tumours were always accurately predicted proving the power of this model
to classify diseases which have unique characteristics.
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TABLE III:
InceptionV3 Confusion Matrix.

Actual \ Predicted | C1 | C2 | C3 | C4 | C5 | Cé6
Class 1 (Stone) 50 | 2 1 0 0 0
Class 2 (Cyst) 3 45 | 2 0 0 0
Class 3 (Tumor) 1 2 52 1 0 0
Class 4 (Adeno) 0 0 2 48 3 1
Class 5 (LCC) 0 |0 |0 2 46 |2
Class 6 (Brain) 0 1 0 0 2 50

Kidney Stone 2 1 0 0 0

Kidney Cyst - 3 2 0 0 0

ey Tmer - 1 2 . o o
Adenocarcinoma - 0 0 2 “ 3 1
Lorge cell arcnoma - 0 0 0 2 “ 2
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Fig. 4: The Heatmap of the Confusion Matrix of Class-Wise Prediction Distribution.

Fig. 4 shows the heatmap representation of the confusion matrix. These findings are in line
with other reports made earlier by Gao and Shen [15], who pointed out that visually similar
diseases can misclassify the deep learning models. This is a famous problem of medical image
analysis where even slight changes in imaging characteristics can lead to a misrepresentation
of conditions.

Discussion Summary

InceptionV3 has always scored higher than VGG19 in all performance measures, and it was
mostly because it had a deeper architecture, and thus more capacity to generalize and work
with complicated data of images. It is consistent with the report of Gao et al. [15] who found
better performance of deep architectures in medical image classification tasks.

The disease wise measures showed that the InceptionV3 was very effective in trying out
diseases that present different imaging profiles but not those with visually related diseases
such as kidney stones and kidney cysts. This issue is also well-known on the literature in
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medical imaging studies where similar radiological diseases may need more advanced methods
of feature extraction or other training data to better classify the disease [12].

The heatmap illustrated by the confusion matrix analysis gave the appropriate picture of
which diseases are misclassified by the model. Inaccurate classifications were especially
common between kidney stones and kidney cysts; this is similar to the problems that were
experienced on other studies that handled the same type of image [12][15].

On the whole, the analysis of the multi-disease prediction engine shows that it is effective
in classifying diseases that are diverse. Nevertheless, to enhance the performance of models,
especially those of diseases with common imaging characteristics, additional developments in
terms of data augmentation and fine-tuning models will be required.

S. CONCLUSION AND FUTURE WORK

The following paper presents a multi-disease risk predictor model based on InceptionV3
and VGG19 deep learning models running on a web application of Flask. The medical imaging
data used in the system correctly predicts six diseases which are kidney stone, kidney cyst,
kidney tumor, adenocarcinoma, large cell carcinoma, and brain tumor. InceptionV3 proved to
be more efficient than VGG19, with better accuracy, precision, recall and F1-score, and it is
possible to state that InceptionV3 is more appropriate to handle more complicated medical
image classification problems. Real-time predictions are enabled by the user-friendly
interface, which supports the development of early detection and clinical decisions.

Future Work
Although the system is good, a number of enhancements will make it more robust and
applicable:

e Dataset Expansion: It will be possible to expand the dataset in terms of diversity and
size and add other imaging modalities, which will make the model more general and
capable of better predicting rare diseases.

e  Multi-Modal Data Integration: The ability to include a lab result, patient history, and
genetic data will enhance prediction options that will provide a more complete
decision support.

e Real-Time Deployment optimization: The system will be optimized to run on edge
machines to be able to make real-time predictions in resource-constrained systems.

e UI/UX Improvements: By simplifying the user interface by making it more
compatible with the clinical workflow, usability and effectiveness among health care
professionals will improve.

e C(linical Validation: Clinical trials on a large scale will be held to determine actual
performance on clinical trials and correct the model on clinical feedback.

e Model Explainability: To enhance trust and clinical acceptance, explainable
components such as Grad-CAM will be added, to give insightful visualizations of
the models prediction.
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Necessary contributions and advances:

e Expanding datasets and integrating them in multi-modes in order to increase
accuracy.

e Live optimization to be used in low-resource environments.

e Better UI/UX to provide clinical integration.

e Integration of explainability towards enhanced model trust and clinical adoption.

The present research provides a robust background of Al-driven healthcare applications and
the enhancements to come will result in better clinical decision-making and detection of
diseases at an earlier stage.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.


http://creativecommons.org/licenses/by-nc/4.0/

	Multi-Disease Risk PredictionEngine



