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PAPER

MindCare: Enabling Accessible Healthcare Through 
a Web-Based Predictive Tool for Alzheimer’s 
Disease Diagnosis

ABSTRACT
Alzheimer’s disease (AD) is a progressive neurodegenerative disease and one of the leading 
causes of cognitive decline in the older population. Conventional diagnostic tools often rely on 
clinical symptoms that appear in later stages, highlighting the need for an accurate and acces-
sible tool for early prediction. This study introduces MindCare, a web-based application for AD 
prediction using clinical and neuropsychological data. Multiple machine learning algorithms 
were implemented to generate predictive models, evaluate their performance, and highlight 
important features that contribute to classification. This application provides real-time pre-
dictions for new patient instances, comparative visualization of classifier performance, and 
correlation analysis of features with the outcome. Furthermore, an administrator module sup-
ports model training, continuous updating, and performance monitoring to ensure reliability 
over time. Decision Tree (DT) produced the most effective results, achieving an accuracy of 
98% with an average F1 score of 95.7%. The findings demonstrate that integrating machine 
learning into a decision-support system can provide accurate and interpretable predictions 
of AD. MindCare offers a practical, user-friendly tool that combines predictive analytics with 
clinical insight, highlighting its potential to predict early and contribute to improved care 
strategies for individuals at risk of Alzheimer’s disease.

KEYWORDS
Alzheimer’s disease (AD) prediction system, sustainable development goal, machine learning 
algorithms, early prediction, feature selection

1	 INTRODUCTION

Alzheimer’s disease (AD) is a progressive neurodegenerative disease that leads 
to memory impairment, cognitive decline, and finally loss of independence in old 
people. It is becoming an increasingly urgent public health problem, particularly 
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as the world population ages. The identification of the disease in early stages is 
important since it allows timely interventions that may delay disease progression 
and quality of life for elderly patients [1, 2]. However, AD is difficult to recognize 
at an early stage since the first symptoms are often overlooked or misdiagnosed 
as normal aging [3, 4]. Currently, imaging techniques and invasive biomarkers 
are widely used for diagnosis, which are costly and inaccessible, especially in 
resource-limited settings. Machine learning has become a great tool for the edu-
cation [5] and healthcare industries and in helping the detection and prediction 
of AD. It facilitates early diagnosis and risk assessment by analyzing complicated 
patterns in various data sets [6–9]. Previous research studies used various machine 
learning models, such as support vector machines (SVM), Naive Bayes (NB), and 
logistic regression, for AD prediction. These models have proved to be more accu-
rate and reliable, especially when used in combination with biomarkers or medi-
cal imaging data.

Recent researches has shown a growing trend of using artificial intelligence based 
tools through web and mobile platforms [10]. Many of these systems are focused on 
the neuroimaging data and deep learning techniques. For instance, [11] and [12] 
developed a web-based tool that accepts structural MRI as input and a convolutional 
neural network (CNN) for the prediction of AD. The systems achieved high predictive 
performance and provided visualization capabilities. However, the imaging-based 
approaches require specialized neuroimaging infrastructures, structured images, 
and high computational resources. This limits their applicability, particularly in hos-
pitals with limited resources.

Other studies have explored lightweight screen tools deployed in web or mobile 
environments. A study proposed a web-based tool for preclinical cognitive screen-
ing [13], while [14] introduced a predictive mobile/web application using ML 
models for AD prediction. Similarly, the Streamlit-based system by [15] demon-
strated ML models such as logistic regression in an accessible interface for AD 
prediction. Extended digital screening approaches were later proposed using ML 
models with handwriting analysis [16]. These applications emphasize accessibility 
and scalability; however, they either rely on structured datasets or specific inputs 
with limited predictive pipelines or do not fully integrate clinical health records 
into their workflow. In contrast to ML models, [17] highlighted the importance 
of explainable AI by integrating multimodal clinical and imaging data into inter-
pretable ML models. Meanwhile, [18] developed a web-based tool to estimate the 
burden of AD using projections. Although these works are significant contribu-
tions to interpretability and planning in public health, they do not directly address 
real-time predictive modeling using clinical health records. Moreover, there are 
not many ML-based diagnostic tools available that provide clinician-friendly plat-
forms (refer to Table 1). Furthermore, the lack of intuitive interfaces with feedback 
and clear visual representations further hinders their implementation in the real 
world [19]. The existing systems use a single machine learning algorithm within 
the frameworks for comparative analysis. Clinicians are struggling to identify the 
optimal prediction tool, since there is no good way to assess the effectiveness of 
various models [20]. These challenges leave a gap for an integrated, accessible 
solution that brings together machine learning techniques and real-world clini-
cal applications. This research is based on the increasing need for more effective, 
trustworthy, and affordable tools for AD prediction [21–23]. However, traditional 
diagnostic methods find it difficult to detect Alzheimer’s in its initial stages, thus 
missing opportunities for treatment that may be more successful if started at an 
earlier stage.
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Table 1. Some of the existing mobile or web-based applications for different types of data and machine learning algorithms

Ref. Data Type Platform ML/Algorithm Evaluation Metrics Visualization Key Limitation
[11] MRI scans Web Deep Learning 

(VGG-16 CNN)
Accuracy Visualisation of MRI Requires MRI scans, high 

computation, and limited real-world 
hospital integration

[12] MRI scans Web Deep Learning 
(CNN pipelines)

Accuracy Visualisation of MRI Requires imaging infrastructure; does 
not integrate routine clinical records

[13] Cognitive Web Not mentioned Not mentioned results visualization Limited to task-based data; small-scale 
evaluation

[14] Cognitive + basic 
demographic

Mobile/ 
Web

SVM, NB Accuracy Output only Focus on a small dataset, limited feature 
exploration, and minimal visualisation

[15] age, cognitive 
scores, genetic

Web 
(Streamlit)

Logistic 
Regression

Accuracy (~70%) Output only Single classifier, no feature 
importance or comparative analysis

[16] Handwriting Mobile/ 
Web

Supervised ML Accuracy (~88%) Output only Task-specific input; lacks hospital EMR 
integration

[17] MRI + clinical +  
psych

Web Random Forest, 
Explainable AI

Accuracy (98.8%), 
SHAP explanations

Feature contribution Complex multimodal data; not fully 
hospital-ready; high dimensionality

[18] Epidemiological  
data

Web Simulation/
Projection

Projection outputs Projection plots Not individual-level prediction; 
not ML-based

The use of daily clinical health records, lack of transparency, and variable accu-
racy across multimodal datasets persist. Clinical health records contain rich demo-
graphic and cognitive test information that can support early prediction without 
requiring highly invasive imaging data. However, effectively utilizing clinical health 
data requires preprocessing, feature selection, model comparison, and mechanisms 
to ensure reliability and clinical interpretability.

To address this, the present work proposes a web-based tool that operates directly 
on clinical health records, including demographic and neuropathological data. The 
objective is to improve the decision-making process for AD by incorporating a predic-
tive system into an intuitive web application. The system includes an analytical pipe-
line comprising preprocessing and feature selection, followed by classification using 
machine learning algorithms such as SVM, NB, and DT. Unlike other existing plat-
forms that report single-model accuracy, the proposed system provides a comparative 
performance evaluation using accuracy, precision, recall, and F1 score. The proposed 
system also provides visualization of selected features and classification outcomes. By 
integrating the analysis and prediction module with an interactive web interface, this 
application aims to bridge the gap between ML and decision support systems.

2	 MATERIALS AND METHODS

This study presents a web-based server (“MindCare”) for AD risk assessment with 
real-time feedback. MindCare can be accessed via a computer system or a mobile 
phone and integrated into a healthcare system. It comprises three primary mod-
ules, namely (1) Data Entry and Management, (2) Machine Learning Assessment, 
and (3) Results Visualization. Each module plays an important role in the overall 
workflow. It provides predictions using supervised classification machine learn-
ing algorithms, including NB, SVM and DT, to help healthcare practitioners analyze 
the risk factors for AD. This web application offers a single platform for data entry, 
predictive analysis, and result visualization (see Figure 1). Following this sequence, 
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clinical data is collected and fed to the preprocessing block. Unlike many existing 
web-based tools, which assume clean, ready-to-use datasets, the proposed system 
includes preprocessing to handle missing values, normalize and scale the data for 
the next step. Key features are selected after hot encoding, making the data ready for 
analysis. Feature selection serves two important purposes:

1.	 Improves computational efficiency
2.	 Identifies clinically relevant features

The inclusion of this module distinguishes the system from several existing web-
based systems that directly apply classifiers without dimensionality reduction or 
feature selection.

In the third and fourth steps, the data is split into testing, training, and validation 
sets. The data is analyzed using DT, NB, and SVM. These algorithms were selected for 
their suitability for structured tabular data, computational efficiency, and interpret-
ability. Unlike deep learning models that require high-dimensional data and exten-
sive computational resources, these methods are well aligned with moderate-sized 
clinical datasets. Performance is evaluated using accuracy, recall, precision, and 
F1 score. The best model is selected; its visualization and the outcome of the risk 
prediction are plotted, along with the relationship between selected features and 
the target class. This entire process occurs at the back end of the application. The 
backend (developed using the Flask web framework for Python) responds to the 
dashboard of the frontend application for clinicians (developed using a modern web 
stack including React, TypeScript, Vue, and Tailwind CSS).

Fig. 1. System architecture diagram for MindCare
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2.1	 Data entry and management module

The Data Entry and Management Module governs the authentication workflow, data 
input, input validation, and the preprocessing pipeline (see Figure 2). User access to the 
system is managed via Firebase authentication, which supports both email/password 
registration and login. Role-based access control (RBAC) is enforced by conditions that 
enable features based on user metadata stored in Firebase. Clinicians can register 
directly via the front end, while admin accounts are pre-registered manually through 
Firebase’s admin console to prevent unauthorized access to critical operations such as 
model training. Data can be entered manually into the system or uploaded as a .csv file.

An important aspect of this pipeline is feature engineering, the process of creating 
features from raw data. For example, the participant’s BIRTHYEAR is recorded; in this 
pipeline, the participant’s auto-age is calculated. After feature engineering, the pipeline 
moves on to the feature selection and data cleaning stage. This involves the use of prin-
cipal component analysis (PCA) to select features from the original data, resulting in 
the top twelve features found to be used in predicting the actual outcome (see Figure 3).

Fig. 2. Details of all the modules included in the MindCare application system
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The final list of selected features includes demographic variables, cognitive tests, 
and clinical assessment scores that are frequently linked to cognitive decline and 
the progression of Alzheimer’s. In the next step, missing values will be handled, and 
any incomplete or unusable values will be discarded if necessary. For numerical fea-
tures, missing values are imputed with the mean. For categorical features, missing 
values are imputed with the most frequent value. These imputations are handled 
using the ‘SimpleImputer’ from Scikit-learn, so no rows are dropped unnecessar-
ily, and the data remains consistent. Through data validation, feature engineering, 
imputation, scaling, and encoding, the system will ensure reliable and accurate pre-
dictions across a diverse population.

Fig. 3. Feature selection using PCA, emphasising the top twelve features for analysis

2.2	 Machine learning assessment module

The Machine Learning Assessment Module includes the training, evaluation, 
and deployment of machine learning models directly from the web interface. It 
is accessible only to admin users via the Model Training tab in the application. It 
applies to structured datasets containing both input features and a labeled out-
come. With preprocessing, the dataset is split into training and testing sets at an 
80:20 ratio. The application supports three classification algorithms, using base-
line hyperparameters and then optimized using ‘GridSearchCV’ with a 3-fold strat-
ified cross-validation strategy. This not only tunes the hyperparameters but also 
addresses overfitting by validating the models with different data rates. Once train-
ing is complete, the model with the highest F1-score is automatically selected as 
the best model. This model is then serialized and saved using the JOBLIB library 
in a given backend directory. Alongside the model file, a separate file is stored to 
record the performance metrics for each trained model. This enables later review 
and transparency.

https://online-journals.org/index.php/i-joe
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2.3	 Results visualization module

The visualization module provides real-time, interactive data visualizations for 
the clinician and administrator to interpret predictions and assess model perfor-
mance (see Figure 4). For example, patients with medical illnesses were more often 
placed in the impaired category, and distribution charts by sex again showed that 
cognition is more impaired in females. This module is available after predictions are 
generated using the “Generate Prediction” button in both the Manual Input and the 
Dataset Upload Workflows.

Fig. 4. Bar graph visualisation of the analysis of clinical features against the target class

Furthermore, another set of visuals is provided in the Model Training Results 
panel. After training, a comparative chart is presented that shows the performance 
metrics of all three models (see Figure 5). These are plotted using Matplotlib’s 
subplot API and color-coded for easy visualization. This allows quick visual 
evaluation of trade-offs among models and helps in reasoning about the best 
choice of model.

2.4	 Dataset

The dataset for this research was obtained from the National Alzheimer’s 
Coordination Center and (NACC) frozen between 2005 and 2024 [24]. It comprises 
clinical data as well as neuropsychological data of participants with normal cogni-
tion, mild cognitive impairment, and those with AD (refer to Table 2). The full dataset 
of 750 participants is randomly sampled into 250 instances for each of the two test 
samples, Test 1 and Test 2, and a validation set, Test 3.
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Fig. 5. Result visualisation for the full training set using the Visualization Module

2.5	 Technology deployed

This section defines the hardware and software specifications, including the pro-
gramming languages and algorithms used during the development of the MindCare 
application. The proposed application was assessed on a RedmiBook 16 with AMD 
Ryzen 7 4700U, Radeon Graphics, 16GB RAM, and Windows 11. The software used 
to run the web application is summarized in Table 3.

Table 2. Detailed description of the selected features and their value ranges

Feature Short Description Allowable Codes

NACCID Subject ID number Prefix “NACC” followed by 6 numerals

SEX Subject’s sex 1 = Male, 2 = Female

EDUC Years of education 0 – 36, 99 = Unknown

AGE Subject’s age  

(Continued)
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Feature Short Description Allowable Codes

DYSILL Presumptive etiologic diagnosis of the cognitive 
disorder – Cognitive impairment due to systemic 
disease/medical illness

0 = No (assumed assessed and found not present), 1 = Yes

NACCUDSD Cognitive status at UDS visit 1 = Normal cognition, 2 = Impaired-not-MCI, 3 = MCI, 4 = AD

DYSILLIF Primary, contributing, or non-contributing cause 
of cognitive impairment – systemic disease/
medical illness

1 = Primary, 2 = Contributing, 3 = Non-contributing, 7 = Cognitively 
impaired but no diagnosis of impairment due to systemic disease/
medical illness, 8 = Diagnosis of normal cognition, −4 = Not applicable

AMYLPET Abnormally elevated amyloid on PET 0 = No, 1 = Yes, 8 = Unknown/not assessed, −4 = Not applicable

NACCPPAG Dementia syndrome – Primary progressive aphasia 
(PPA) subtype according to the criteria outlined by 
Gorno-Tempini et al. 2011

1 = Meets criteria for semantic PPA, 2 = Meets criteria for logopenic 
PPA, 3 = Meets criteria for nonfluent/agrammatic PPA, 4 = PPA other/not 
otherwise specified, 7 = Impaired but no PPA syndrome, 8 = No cognitive 
impairment, −4 = Not applicable

AMNDEM Dementia syndrome – Amnestic multidomain 
dementia syndrome

0 = No, 1 = Yes, 8 = No diagnosis of dementia, −4 = Not applicable

MOCATRAI MoCA: Visuospatial/executive – Trails 0–1, 95 = Physical problem, 96 = Cognitive/behavior problem, 97 = Other 
problem, 98 = Verbal refusal, 4 = Not available

UDSBENTC Total score for a copy of the Benson figure 0–17, 95 = Physical problem, 96 = Cognitive/behavior problem, 
97 = Other problem, 98 = Verbal refusal, −4 = Not available

Table 3. Software used in the MindCare application

Software/Tool Purpose Description

Python Backend development 
& ML processing

Core programming language used for backend logic 
data handling.

Flask Web server & 
backend framework

Serves REST APIs and handles request routing for the web 
application.

JOBLIB Model persistence Serializes trained models and metrics for reuse in predictions.

matplotlib Visualization 
generation

Used for plotting graphs such as performance metrics and 
risk distributions.

Firebase 
Authentication

User login and RBAC Manages secure login for clinicians and admins, enforcing 
role-based access.

Firebase 
Realtime Database

Data storage Stores uploaded datasets, prediction results, and metadata 
in a real-time JSON structure.

React.js Frontend framework Powers the dynamic and responsive user interface with 
reusable components.

Vite Frontend development 
server & bundler

A fast build tool used to serve the React app during 
development and bundle it for production.

Tailwind CSS UI styling framework A utility-first CSS framework that simplifies styling React 
components with a clean, responsive design.

HTML/CSS & 
JavaScript

UI structure 
and behavior

Base technologies that support the frontend layout and 
interactivity.

DOTENV Configuration loader Manages environment variables for secure and flexible 
configuration (e.g., Firebase API keys, model paths).

VS Code Code editing 
and running

IDE used to write and manage both frontend and backend 
code efficiently.

Table 2. Detailed description of the selected features and their value ranges (Continued)
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This study proposes a new robust early AD prediction system based on machine 
learning and web. The system provides a customized access framework for multiple 
clinicians. By employing role-based access control (RBAC) via Firebase authentica-
tion, the application distinguishes between clinicians and administrators.

Clinicians can focus on making predictions and analyzing results, while adminis-
trators gain access to advanced features, including model training and performance 
evaluation. This division not only provides better security but also aligns with clin-
ical workflow practices in healthcare organizations. Furthermore, the ability to 
upload batches of datasets or enter data manually per patient is a highly flexible 
feature with significant potential for clinical use. By providing comparative graphs 
that show how each model performs, the platform encourages transparency and 
further improvement of the models.

3	 RESULTS

The test sample, Test 1, was a stratified sample with 80% for training and 20% for 
testing. The predicted class distribution was very similar to the original dataset com-
position. Specifically, the model predicted 52.6% of cases as Normal Cognition (NC), 
16.9% as AD, 30.1% as Mild Cognitive Impairment (either amnestic or non-amnestic) 
(MCI), and only 0.4% as Cognitively Impaired but not MCI (NMCI). This distribution 
matches well with the proportions of the original dataset, and the model generalized 
well to unseen data.

Test 2 retested the same process on a different set of data to prove the model’s consis-
tency. The predictions showed small changes: 59.2% NC, 6.8% AD and 33.6% MCI. 0.3% 
was predicted as NMCI. The increase in the number of NC and MCI predictions and the 
reduction in the number of AD, predictions indicate minor variance while maintaining 
class balance. These results emphasize that the trained model gives stable predictions 
across different test splits and does not change the original dataset too much.

The process of tuning and evaluating the model included comparing three super-
vised learning algorithms, namely SVM, NB, and DT. Hyperparameter tuning was 
performed using 3-fold cross-validation, making it robust. Each model was tested 
across several parameter configurations, with the best combination producing the 
highest F1 score on the training data. Once the tuning phase was complete, all mod-
els were evaluated on the test set to determine their generalization performance. 
The SVM achieved a weighted F1 score of 0.9486, NB 0.9438, and the DT performed 
best with a test F1 score of 0.9835 (refer Table 4). Note also that DT not only sustained 
significant training performance but also showed excellent generalization, as indi-
cated by the small drop in test performance relative to training performance.

4	 DISCUSSION

A class imbalance was reflected in Tests 1 and 2 by using a full data set. The strat-
ified sampling technique used for test splitting helps maintain the class proportion, 
but the model stability depends upon a larger volume and diversity of the training 
dataset. It tends to make more stable and generalizable predictions with consistent 
F1 scores (refer to Table 4). Based on these results, DT was the best model, which 
offered an F1score of 98.35%. It provided a balanced combination of interpretabil-
ity, accuracy, and efficiency. The correlation between the training results and the 
test results makes it the most suitable candidate to be deployed inside the MindCare 
application.
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Table 4. Overall result for each classifier with the full dataset and different test samples

Accuracy Precision Recall F1-Score

Decision Tree Classifier

Full Training set 98.67% 98.74% 98.67% 98.35%

Test 1 94.00% 92.33% 94.00% 93.13%

Test 2 98.00% 96.14% 98.00% 97.04%

Test 3 96.00% 96.00% 96.00% 96.00%

Naïve Bayes Classifier

Full Training set 78.67% 98.17% 78.67% 79.52%

Test 1 80.00% 96.67% 80.00% 78.81%

Test 2 90.00% 95.40% 90.00% 92.35%

Test 3 98.00% 96.17% 98.00% 97.04%

SVM Classifier

Full Training set 92.67% 90.78% 92.67% 91.69%

Test 1 88.00% 84.59% 88.00% 85.93%

Test 2 88.00% 86.38% 88.00% 86.25%

Test 3 82.00% 83.60% 82.00% 77.43%

The SVM and NB models performed adequately but exhibited lower F1-scores, espe-
cially when distinguishing between overlapping cognitive classes such as “Cognitively 
Impaired but not MCI” and “Non-amnestic MCI.” DT outperformed others because it 
effectively handles both categorical and numerical features, which align well with the 
structure of the Alzheimer’s dataset. DT models non-linear relationships and inter-
actions between features and gives an advantage in datasets where cognitive status 
depends on the complex relationships between demographic, clinical, and test scores.

These results demonstrated two important findings.

1.	 The training pipeline is stable and capable of producing high-performing models 
even with reduced data.

2.	 Model performance is not dependent on the specific sample, suggesting that the 
features selected are strong predictors of the target class.

Besides its practical contributions, the proposed MindCare application for 
Alzheimer’s disease prediction has several limitations that need further improve-
ment, both in functionality and scope. First, advanced machine learning tech-
niques, such as ensemble methods with Random Forest or Gradient Boosting and 
deep learning models, further improve predictive performance. Secondly, although 
the platform provides performance metrics and visualization of selected features, 
advanced explainability techniques such as SHAP or LIME are not integrated, which 
may restrict deeper clinical insight into individual predictions. Additionally, data 
privacy and security must be carefully managed when the application is integrated 
with the real hospital system. Deployment in real-world clinical environments 
would require authentication mechanisms and institutional approval. Together, 
these future enhancements would elevate the application from a proof-of-concept 
tool into a scalable, production-ready system with meaningful clinical impact.
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5	 CONCLUSION

MindCare is a web-based AD prediction system that integrates comprehensive data 
preprocessing pipelines, machine learning algorithms, and a user-friendly interface. 
The proposed framework utilizes clinical health records, including cognitive scores, 
demographics, and neuropathological features that are already available in hospital 
settings. It reduces reliance on specialized infrastructure and costly, invasive imaging 
scans. This system provides clinicians with data-driven insights to enhance diagnostic 
accuracy and patient care. The platform not only reports comprehensive performance 
metrics such as accuracy, precision, recall, and F1 score but also offers visualizations of 
selected features and classification outcomes. The comparative evaluation of multiple 
classifiers further strengthens the reliability by not relying on a single model outcome. 
This approach improves the interpretability of predictive outcomes, facilitating the 
use of advanced analytics in clinical decision-making. The model can be extended to 
include multimodal features. The application’s modular and scalable design enables it 
to be adapted for various other medical diagnostic applications.
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