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Abstract - Diabetes, a persistent metabolic disorder impacting over 400 million individuals globally, poses significant health
risks and mortality, making it one of the foremost health challenges worldwide. Fueled by inactive lifestyles, poor dietary
choices, and genetic factors, the prevalence of this condition is on the rise, potentially leading to serious complications such
as cardiovascular disease, renal failure, and loss of vision. Early detection and proactive management are critical to reduce
the societal and economic impact associated with diabetes and care to address these problems successfully.

This study introduces a revolutionary "Diabetes Prediction and Control System," a technology-driven tool designed to
forecast diabetes risk and provide personalized management plans precisely. The system produces remarkable predictive
results using sophisticated machine learning methods such as Random Forest and Logistic Regression. Its careful design
includes robust risk management measures, including data encryption and privacy safeguards, to address typical data
security problems.

Real-world testing validated the system's efficiency and user-friendliness, highlighting its capacity to integrate into
healthcare policies smoothly and enable healthcare providers and patients. This platform stresses user-friendly elements,
practical advice, and ethical concerns in addition to conventional tools. By combining modern technology with sensible
medical strategies, this study helps to improve diabetes treatment by preparing scalable and efficient solutions to solve the
diabetes epidemic.

Keywords — Random Forest, Logistic Regression, IDF, SVM, Z-score, IQR, BMI, Risk Mitigation and contingency.

1. Introduction emphasizes the pressing demand for creative ideas tapping
Currently affecting about 537 million adults contemporary technology to address these boundaries.
worldwide, diabetes is a chronic medical condition with
rising urgency. IDF expects this figure to climb to 643
million by 2030. Consistently high blood sugar levels
define this disease, which is linked to significant
consequences, including heart disease, kidney failure, nerve
damage, and eyesight impairment. A confluence of
hereditary susceptibilities, bad diet, and inactivity mainly
causes rising prevalence. Even with improvements in
medical research, diabetes continues to present a significant
challenge for healthcare systems worldwide in either

prevention or control.

Designed to fulfill this need is the Diabetes Prediction
and Control System. This system provides a consistent
platform for early risk detection, continuous monitoring,
and customized management plans by integrating
sophisticated machine learning methods with a whole risk
management approach. Unlike conventional instruments, it
stresses prediction accuracy, protects sensitive health data,
and offers practical insights for doctors and patients.

The main goal is to realistically forecast diabetes risk
using advanced machine learning techniques like Random
Forest and Logistic Regression. Developing a seamless,
user-friendly interface that integrates effectively into
existing healthcare systems is the other objective.
Implement robust risk management techniques addressing
key challenges like data privacy, model reliability, and
prediction errors. Offer real-time feedback and
personalized management recommendations to empower
users to control their diabetes effectively.

Early detection helps to minimize diabetes's long-term
consequences; nonetheless, the current management
options frequently disappoint in offering precise early
predictions or personalized treatment. Usually, these tools
lack strong predictive abilities, struggle to fit into
healthcare systems, and fall short on problems including
secure data management or real-time monitoring. This
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This paper explores the system's design, methodology,
implementation, and evaluation, highlighting its unique
contributions to diabetes care. By advancing the integration
of predictive analytics with practical healthcare strategies,
this research lays the groundwork for scalable and efficient
solutions to one of the most pressing global health issues.
Extensive studies on developing diabetes prediction and
control technologies have been conducted recently. Early
detection and reasonable control of diabetes have been
made possible by machine learning (ML) advances in
several freshly discovered directions. Many established
systems, however, face notable difficulties moving from
theoretical concepts to real-world uses. This section
analyses major contributions, points out significant
difficulties, and emphasizes the gaps this study addresses.

1.1. Existing Systems
Machine learning techniques, such as Random Forest,

Support Vector Machines (SVM), and Logistic Regression,

have shown promising potential in predicting diabetes risks.

Studies like Smith and Doe (2021) highlight how practical

these ML algorithms can be for making accurate predictions

[2]. However, even with these advancements, current

systems still face some common problems:

e Data Quality Issues: Many systems use limited or
unbalanced datasets, leading to biased results that do
not work well for everyone.

e Scalability Challenges: Some models struggle to
perform when applied to large populations or different
environments.

e Practical Integration: Most systems are not built to fit
easily into real hospital or clinical workflows, making
them hard to use in daily medical practice.

1.2. Challenges Identified

Even though these systems show promise, they still face

key challenges:

e  Accuracy Limitations: The accuracy of predictions can
suffer when the data is biased or missing important
information. For example, many models ignore social
background or family history, which are important for
predicting diabetes.

e Data Security Concerns: As more personal health data
is used, privacy becomes a big concern. Brown (2020)
pointed out that people may not trust these systems
without strong encryption and proper rules like GDPR
or HIPAA [3].

e Real-World Validation: Few models undergo rigorous
real-world  testing, leading to  unpredictable
performance in practical scenarios.

1.3. Gaps Addressed

To address these challenges, this research introduces a

Diabetes Prediction and Control System that integrates

advanced ML algorithms with practical healthcare

strategies. Key features of this system include:

20

e Utilization of robust datasets to ensure balanced and
unbiased predictions.

e Emphasis on data security through encryption
techniques and privacy-preserving practices.

e Real-world testing to validate performance and
reliability under diverse conditions.

e Continuous system improvement through feedback
loops and iterative refinement.

1.4. Relevant Papers and Insights
Several influential studies have laid the groundwork for

this research:

1. "Machine Learning in Diabetes Prediction" (Smith and
Doe, 2021): This paper demonstrates the effectiveness
of ML algorithms like Random Forest and SVM in early
diabetes detection, achieving high predictive accuracy
on controlled datasets [2].

2. "Data Privacy in Healthcare Systems" (Brown, 2020)
Highlights the critical role of data security and privacy
in healthcare applications, emphasizing the need for
stringent compliance with privacy regulations [4].

3. "Risk Management in Predictive Healthcare Systems"
(Zhang and Lee, 2019) discusses the importance of
integrating risk management frameworks to mitigate
prediction errors and enhance system reliability [5].

2. Methodology

The development of the Diabetes Prediction and
Control System followed a structured, step-by-step process
to ensure accuracy, security, and scalability.

The methodology integrates data collection, risk
assessment, risk mitigation and system components, and
machine learning techniques underpinned by iterative
evaluation and user feedback. This section outlines the
methodology in detail.

2.1. Data Collection

A predictive model's success hinges on its dataset's
quality and diversity. This study utilized publicly available
diabetes datasets from credible sources like the UCI
Machine  Learning Repository, known for its
comprehensive and balanced datasets.

The predictive model works on data features such as
demographic information like age, gender, and geographic
region. Clinical measures like BMI, blood pressure, glucose
levels, HbAlc readings, lifestyle factors like smoking
habits, physical activity levels, and dietary patterns are
shown in Table 1.

For data quality, we implemented data preprocessing
steps to handle missing values and outliers, then normalized
data for uniform scaling across features and ensured
techniques such as SMOTE (Synthetic Minority
Oversampling Technique) to address any class imbalances,
ensuring unbiased predictions [6].
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Table 1. Data collection

Feature Zero/Invalid % of Total Valid Risks Identified Project Action
Count Range
Physiologically .
Glucose 5 0.65% | 1-199 invalid, affects Filled/dropped values,
o clarified state
reliability
Blood Missing/ambiguous Validated source, added
35 4.56% 0—-122 readings, no type of . .
Pressure . clarification
info
Skm 297 29.56% 1-99 Many missing values, Imputed or dropped,
Thickness noisy input tested impact
Insulin 374 48.70% 1— 846 Highly 'Va.r1ab1e, lots Standardlzeq units,
of missing data imputed or ignored
BMI 1 1.43% 1—671 Unreghstlc extremes, Ul valldatlops, outlier
possible entry errors handling
Diabetes o 0.078- Hard to N ).(plaln, Kept with caution and
Pedigree 0 0.00% 2.42 unfamiliar to explained usage
) stakeholders '
Pregnancies 0 0.00% 0-17 Gender-biased feature Gender-aware handling,
defaults used
Age 0 0.00% 21-8] Bias risk toward older | Privacy checks fairness
users ensured
4 )
Define . . Define Risk
‘_> Risk I<.1ent1fy C‘1a551fy Management
Management Risk Risk Strategies
Standarde
\ , J
A A
\ 4 v A 4
Risk ] Risk register
Management Risk Register (Updated) ?nd Risk Risk Plan
Standard Marix
Monitor Risk P
)\>©
\ 4
Risk Log
(Updated)

Fig. 1 Risk process management

21




Sana Rizwan et al. / IJCSE, 12(5), 19-28, 2025

Table 2. Risk classification

. . . Risk
# Risk Title Description Summary Classification
| Poor Data Messy data.sets, missing yalues, Product Risk
Quality delays in preprocessing
) Mode.l Good training perfprrgance but poor Product Risk
Overfitting generalization
3 Unclegr ‘Role Complexity in user role Project Risk
Definitions responsibilities
Complicated . . .
4 Authentication Handling mu.ltlpk: user login flows Product Risk
via Firebase
Setup
5 Integration Issues with frontend-backend Proiect Risk
Headaches connectivity, CORS, API errors )
Too many new features have been . .
6 Feature Creep added, affecting the timeline Project Risk
7 Und@rest.lmated Appointment and lab features took Project Risk
Timelines longer than expected
2 Missing ’ Lack of proper code/proces§ Project Risk
Documentation documentation caused confusion
9 Tech S.tack Versilon mlsmatches and tool Product Risk
Conflicts integration problems
10 Skipped Testing Not testing early led to difficult bug Product Risk
Early On fixing later
Team ..
1 Coordination Misalignment between frontend and Project Risk
backend tasks
Issues
12 Deployment Errors during dep.loymen.t, broken env Project Risk
Woes configs, Firebase issues

2.2. Risk Assessment Framework

reliability,

The system prioritizes predictive accuracy, security,
and adaptability. A comprehensive risk

assessment framework was developed with inaccurate
predictions like the risk of false positives or negatives
leading to misdiagnoses, model overfitting like reducing
generalization capability on unseen data, and data breaches
like unauthorized access to sensitive user information with
the process shown in Figure 1.

The risk list and parameters are identified below.

Poor Data Quality: The project started with messy
datasets—missing values, strange outliers, and
inconsistent formats. Cleaning it up was a bigger task
than expected and delayed model development.

Model Overfitting: Early on, the machine learning
models looked great on paper, but the results dropped
once tested with new data. It became necessary to go
back and apply better techniques like cross-validation
and tweak the features to get more reliable predictions.
Unclear Role Definitions: At first, it was assumed that
defining user roles (Patients, Labs, Consultants,
Hospitals) would be straightforward, but it was not. The
role logic had to be reworked multiple times because
the real-world responsibilities of each role were more
complex than anticipated.
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Complicated Authentication Setup: Handling different
login flows for various user types using Firebase
became tricky quickly. There were times when
debugging auth issues took an entire day. It was a tough
but necessary learning curve.

Integration Headaches: Getting the front end (Next.js)
to work well with the back end (Flask/Django and
Firebase) was not always smooth. CORS errors, API
inconsistencies, and deployment bugs were
encountered that slowed down progress.

Feature Creep: New features—like workload
management for consultants or extra patient
notifications—were added as the system was built.
While useful, these ideas stretched the timeline and
made it harder to stay focused.

Underestimated Timelines: Some features, like
appointment booking and lab report access control,
took significantly longer than expected. As a result,
some other project parts had to be cut back or adjusted
to make up for the lost time.

Unclear Task Ownership: Sometimes, responsibilities
were not assigned, leading to duplicate work or missed
tasks. A better method to assign and track progress was
needed to keep things moving smoothly.

Tech Stack Conflicts: Using Firebase, NextAuth,
MongoDB, and a Python backend sounded ideal—until
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version conflicts and integration issues appeared. Much
time was spent troubleshooting to make everything
work together smoothly.

Skipped Testing Early On: Testing was not prioritized
in the beginning, and this caused problems later. Bugs
started slipping through, and fixing them afterwards
was much harder than if they had been caught earlier
with proper tests.

Team Coordination Issues: There were times when
teams were out of sync—frontend and backend teams
were not always on the same page, which led to
redundant work or misunderstandings about how things
should function.

Deployment Woes: Moving from local development to
production proved to be more complicated than
imagined. Environment variables, build errors, and
third-party service configs did not always carry over
cleanly, especially with Firebase and the prediction
server.

2.3. Risk Classification

To simplify problem management, group similar risks
together. Classify them based on shared characteristics like
the likelihood of occurrence, potential impact, and the
business area they influence, as shown in Table 2. This
approach helps organizations gain clearer insight into their
risks, create focused management strategies, and assign
responsibilities to the right individuals. Risk registers are
essential for spotting, evaluating, and controlling possible
dangers. They usually include critical information such as a
summary of each risk, its likelihood of occurrence, its
potential effects, and the general level of risk. Furthermore,
these registers specify plans to reduce or control risks,
designate people to monitor or respond to them, and
maintain each risk's status. A risk register helps projects
control uncertainties proactively, make wise decisions, and
enhance their capacity to handle difficulties successfully.
The risk log will record any inconsistencies, and Table 3
will show how they are handled several times.

Table 3. Risk log

. Impact - Risk
D Risk Description Impact Probability Score Response
Delayed model Iﬁg;i?f:g?j;a
| Poor Data development due to 3 High 3 - High 9 pipeline, apply
Quality messy, incomplete . .
imputation and
datasets . .
cleaning scripts.
The model fails on Appl}./ cross-
Model new patient data, and validation, tune
2 . patien ’ 3 —High | 2-Medium 6 hyperparameters,
Overfitting predictions are
. reduce model
unreliable .
complexity
Role logic caused Redefine role models
3 Unclear 'Role multiple ‘reworks and 3_High | 2 - Medium 6 based on actual
Definitions confusion across workflow; consult
modules stakeholders
Authentication Firebase role-based Modularize auth logic
4 login caused long 3 —High | 2 -Medium 6 test flows early for
Setup . .
debugging sessions each user type
API and Standardize APIs,
5 Integration frontend/backend 3- 3 - Hich 9 enable CORS
Headaches connection issues High & properly, log network
caused slowdowns errors
Extra features Freeze scope in sprint
6 Feature Creep increased scope and | 3 —High | 2-Medium 6 plans, track extras in
delayed delivery backlog
Underestimate Appointment and lab Re-estimate tasks with
7 T features took longer | 3 — High 2 - Medium 6 buffer, use Agile
d Timelines . .
than planned iterations
Switches between Enforce code and
p Missing dev tasks became 2 - 3 - Hich 6 module
Documentation slower without Medium £ documentation
documentation practices
Version mismatches Pin versions, maintain
Tech Stack . . . .
9 . and integration bugs | 3 —High | 2 - Medium 6 package. Json/env
Conflicts :
slowed development consistency
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Skipped Bues increased later Shift-left testing,
10 Testing Early £s > | 3—High | 2-Medium 6 write unit/integration
making fixes harder
On tests early
Team Misaligned tasks led Iisszidiﬂsy Isliarlliililslz)izo
11 Coordination to redundant efforts | 3 —High | 2 - Medium 6 gn sy
Issues and blocked progress between frontend
backend
Production Create staging
Deployment deployment failed . . environment,
12 Woes due to build/env 3 — High 3 - High ? automate deployment
issues with CI/CD

After the detailed description of the risk log, the
probability and impact of risk define the quantitative risk
assessment approach more accurately so that the 5x5 risk
assessment matrix is a versatile tool used in prediction
software to identify, evaluate, and manage risks [7]. Assign

a probability and impact rating (1 to 5) for each risk. Then,
calculate the weight equal to the product of probability and
impact. After the weight measurement, plot the risks on the
5x5 matrix accordingly. Table 4 is the proposed
classification for risks based on their descriptions.

Table 4. Risk matrix

Risk # Risk Description Probability (1-5) Impact (1-5) Weight
1 Poor Data Quality 4 (High) 4 (Severe) 16
2 Model Overfitting 3 (Normal) 4 (Severe) 12
3 Unclear Role Definitions 3 (Normal) 3 (Significant) 9
4 Complicated Authentication Setup 4 (High) 3 (Significant) 12
5 Integration Headaches 4 (High) 5 (Catastrophic) 20
6 Feature Creep 3 (Normal) 3 (Significant) 9
7 Underestimated Timelines 5 (Very High) 3 (Significant) 15
8 Unclear Task Ownership 3 (Normal) 2 (Small) 6
9 Tech Stack Conflicts 4 (High) 4 (Severe) 16
10 Skipped Testing Early On 3 (Normal) 4 (Severe) 12
11 Team Coordination Issues 4 (High) 3 (Significant) 12
12 Deployment Woes 4 (High) 5 (Catastrophic) 20

An update of a risk register is a continuous review and
update to ensure it fairly depicts a prediction system's
present risk profile. This includes changing mitigation
plans accordingly, adding newly identified risks, revising
the status of current ones, and modifying risk assessments
depending on the latest information. Regular updating is

crucial since, over time, risks might change; some may
become resolved or irrelevant, and others might rise in
probability or impact. Updating the risk register guarantees
decision-makers have accurate information to control risks
effectively, allocate resources appropriately, and maintain
project or operational stability, as shown in Table 5.

Table S. Risk register

r D:t Risk Likelih Impact Mitieatin Contingenc Progress
N Rais Descrip ood of of the Severity Acgtion g Plagn y on Status Resource
0 ed tion the Risk Risk Action
Perform Build data-
01 carly data . . Sample
Poor . cleaning scripts Data In
Apr . . . audits; . Dataset,
Data High High High and use dummy checks in Progre .
1 202 . automate Cleaning
Quality data for progress ss .
5 data . Scripts
S modelling
validation
/i)lr Model gasl? di;[?j: Monitor model Model In ML
P Overfitti | Medium High High L metrics post- tuning Progre Metrics
2 202 n simplify deployment ongoin ss Dashboard
5 & models ploy gomng
Use role Ongoing Role
02 Unclear Medium | Medium Medium Conduct mapping stakehold Open Mapping
3 Apr Role role .
template and er input Document
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202 Definiti clarification refine user
5 ons meetings flows
03 Complic Modularlge Auth
Apr ated login logic; Use fallback debueein In Fireba
P Authenti High Medium High test with local login for cougs Progre coase
4 202 . . g Test Suite
cation dummy debugging ss
5 underway
Setup users
04 Integrati Standardize Use Postman API Postman,
Apr on High Very High APIs; collections and contracts Open Swagger
5 202 | Headach & High & resolve mock endpoints being P Dogcgs
5 es CORS early P finalized
04 Use scope . Feature
Apr Feature freeze and Push new ideas list Feature
P Medium | Medium | Medium . for future . Closed
6 202 Creep version versions locked in Backlog
5 planning MVP
05 Underes pllaall;lli'erfg Sprint re In
Apr timated Very . . . Reduce scope or . Timeline
7 202 Timelin High Medium High and sprint parallelize tasks estimatio | Progre Tracker
re- n done ss
5 es L
estimation
05 Unclear Assign tasks Setup daily Ownershi Task
Apr Task . . . standups to Tracker
Medium Low Medium via the PM p doc Open
8 202 Owners tool track drafied (e.g.
5 hip accountability Trello)
Align Package
06 Tech package Use Docker and | compatibi In Docker
Apr Stack . . . . :
. High High High versions and lock lity Progre Compose,
9 202 Conflict . L7 .
5 s 10document dependencies testing is ss Pipenv
ation ongoing
Apr | Tesme wietess | R covemnge | | T
1 P £ | Medium High High for critical g . & Progre Coverage
202 Early testing before improvin
0 modules ss Report
5 On release g
Improve Bi-
08 Team cross-team Use shared weekly In
Apr Coordin . . . meetings Slack channels Collaborati
! 202 ation High Medium High and for common | synes Progre on Tools
1 . implemen ss
5 Issues documentati docs ted
on
09 CreD cr/cp
Apr Deploy Ver Set up Rehearse pipeline Pipeline
1 202 ment High ey High staging and production being Open P ’
High env
2 5 Woes CI/CD deploys configure
d Templates

2.4. Risk Analysis

The risk register for the development phase of the
Diabetes Prediction and Control System reveals a project
that faced significant technical and coordination challenges.
Key risks such as Integration Headaches and Deployment
Woes scored the highest in impact and probability,
underscoring the complexities of aligning frontend
(Next.js) and backend (Firebase) components and ensuring
smooth production deployment. Several other high-severity
risks—like Poor Data Quality, Tech Stack Conflicts, and
Skipped Testing Early On—highlight the technical debt and
operational overhead caused by insufficient planning and
early-stage process discipline. Coordination-related issues,
such as Unclear Role Definitions and Team
Communication Gaps, also emerged, reflecting the
importance of aligning responsibilities in a multi-role
healthcare system.
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Mitigating actions are mostly underway, with many
risks marked as "In Progress," showing the team's active
efforts to resolve issues. While the risk landscape was broad
and impactful, the structured responses and contingency
planning indicate a maturing development process learning
from early missteps.

2.5. Risk Mitigation

Data Encryption, regular audits, and user feedback
integration are the risk mitigation mechanisms that utilize
robust techniques such as AES (Advanced Encryption
Standard) for data confidentiality, periodic evaluations of
model performance to detect and address issues like drift in
data patterns and report inaccuracies or suggesting
improvements, feeding into a refinement pipeline as shown
in Table 6.
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Table 6. Risk mitigation

ID Mitigation Strategy Description Tools / Practices Used
. . . .Ran ea}rly planning sessions to identify potential risks 11.ke Risk Matrix, Sprint
Risk Prevention via inconsistent data, unclear roles, and external dependencies. .
! Early Plannin Maintained a risk register and regularly reviewed it durin, Planning Docs,
Y g £ gularly J Stakeholder Kickoff
SDLC.
Initiated testing (unit, integration, auth flow) early in the dev
2 Shift-Left Testing phase to catch bugs early and maintain code quality from the Jest, Py”lgeiste,li(fl};[;ress, ¢l
start. P
Modular Architecture Implemen.ted moqular design and de.ﬁned strict API contra.c'Fs Swagger, OpenAPI,
3 to prevent integration and tech stack issues. Ensured reusability .
& Interface Contracts Postman Collections
and self-testable APIs.
Documentation Mamtalned.cons1stent and up-to-datg documeptatlon fOF r(?les, Notion, Markdown, Inline
4 . configurations, and modules to avoid confusion and missing
Discipline . Code Comments
knowledge during development.
. Standardized dev/prod environments use containerization and Docker Compose, GitHub
Tooling for . . . . . . .
5 . version locking to avoid tech stack conflicts and unpredictable Actions, Pipenv, npm lock
Consistency
deployments. files
. . . Allocated buffer time in sprints to manage unforeseen c.lelays Jira, Burndown Charts,
6 Agile Sprint Buffering and control scope creep. Allowed flexibility while staying on . .
track. Sprint Planning
7 Daily Standups & Conducted regular team standups and sync meetings to ensure Slack, Google Meet,
Sync Points everyone was aligned and blockers were addressed early. Shared Kanban Boards
. . Performed automated audits to clean and validate incoming Pandas Pr.oﬁhng, Great
8 Data Quality Audits . . . . Expectations, Custom
datasets, ensuring reliable inputs for predictions. Scripts
Role-Based Flow Testeq workf.lows. for each user type (Patle?nt, Lab, Con.sul.tant, Firebase Auth Emulator,
9 . . Hospital) using simulated accounts to verify role permissions .
Simulation . Unit Tests
and access logic.
Focused only on essential features for MVP. Deferred non- MVP Checklist,
Scope Management & .- Sl .
10 Lo critical features to a future backlog to avoid distractions and Icebox/Backlog
MVP Discipline
feature bloat. Management

2.6. Risk Control -- Conclusion

Table 7. Diabetes prediction and control system

Aspect

Summary & Insights

Total Risks Identified

project management challenges.

Twelve significant risks were identified during the development phase, covering technical and

High Severity Risks

data, integration, and coordination.

9 out of 12 risks were rated High severity, showing the critical nature of development obstacles in

Top 3 Critical Risks

- Integration Headaches (R5)
- Deployment Woes (R12)
- Poor Data Quality (R1)

These had the highest combined impact and probability scores.

Recurring Themes

- Technical complexity (data, integration, auth, stack)
- Coordination issues (task ownership, unclear roles)

- Scope/timeline mismanagement

Common Mitigation
Actions

- Improving documentation and communication
- Using standard tools (e.g., Docker, CI/CD, Postman)
- Planning sprints better with buffers and test coverage

Progress Overview

- 9 risks are currently "In Progress", showing active attention
- 2 risks remain "Open", needing resolution
- 1 risk (Feature Creep) is Closed

Process - Adopted Agile methods (sprint planning, task tracking, standups)
Improvements - Scope freezing and MVP locking helped reduce distractions
Tool Adoption Use of tools like Docker, Trello, Firebase test suite, CI/CD pipelines, and Postman streamlined

debugging, testing, and deployment

Lessons Learned

Early technical decisions (e.g., Firebase complexity, tech stack mixing) should be validated more
thoroughly. Testing and documentation must be prioritized sooner.

Overall Maturity
Level

Despite early struggles, the project shows maturity in risk handling, especially in responding with
structured contingency plans and iterative improvements.

26




Sana Rizwan et al. / IJCSE, 12(5), 19-28, 2025

3. Implementation and Results

The system was designed to ensure modularity,
scalability, and continuous improvement. In the modular
architecture, prediction models will encapsulate machine
learning algorithms for diabetes risk assessment. User
Interface will be a user-friendly dashboard for data input
and results visualization. The database layer will be secure
and scalable for storing user records and system logs. Real-
time user feedback loops allow for ongoing system
enhancements, improving usability and model accuracy
based on real-world usage.

Regarding the machine learning model selection, the
system's core relies on random forest and logistic
Regression, two algorithms chosen for their robustness and
interpretability. Random Forest will be used for its
versatile, ensemble-based method capable of handling large
datasets with high-dimensional features. Logistic
Regression will be used for its simpler, interpretable model,
ideal for baseline comparisons and binary classification
tasks. Accuracy, precision, recall, and F1 score will be
evaluated as metrics to measure the overall correctness of
predictions, which are critical for evaluating false positives
and false negatives, respectively, and balance precision and
recall for a holistic performance assessment. Oversee
missing values using imputation methods (e.g., mean,
median, mode, or advanced techniques like k-Nearest
Neighbors imputation). Using techniques like Z-scores or
IQR (Interquartile Range), exclude outliers by finding data
points that differ from the rest of the dataset. By expanding
every numerical value to a standard range, for example, via
Min-Max Scaling or Standardization—you may normalize
characteristics such as Age, BMI, and Glucose levels so that
they are comparable and do not disproportionately
influence model performance. Select the most powerful
variables for predicting diabetes using Recursive Feature
Elimination (RFE) or feature importance scores from
models (e.g., Random Forest). This aids in decreasing
overfitting, increasing model efficiency, and lowering
dimensionality. Split the dataset into training (80%) and
testing (20%) subsets, then perform 10-fold cross-
validation to guarantee generalizability and confirm the
model training. The system displays the feature's
importance rankings and ROC (Receiver Operating
Characteristic) curves to highlight the most predictive
variables. This ensures transparency and usefulness by
showing trade-offs between sensitivity and specificity.
Clear, practical insights are given to end users—patients
and healthcare professionals. This approach stresses a
balance between technical accuracy, user-centred design,
and ethical concerns to guarantee a strong and trustworthy
diabetes prediction and control system.

3.1. Risk Management Features

Encrypt sensitive health data with AES-256 to protect
it both during transit and at rest. Security (SSL/TLS) should
be involved between the user and the web server for
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communication. This could mean adding multi-factor
authentication functionality such as biometric
authentication or one-time passwords for added security to
ensure only authorized persons have access to their health
data.

Combine anomaly detection techniques—such as
Isolation Forest One-Class SVM—to detect uncommon
user behavior and risk projection patterns. Create alert
systems to alert healthcare practitioners or users when
unusual prediction patterns are found, reducing the risk of
false positives and guaranteeing more consistent
predictions. Present risk forecasts visually clearly—risk
scores, graphs, etc. Based on the individual's risk profile,
they offer tailored health advice, including workout
schedules, food modifications, and reminders for doctor
checkups. Allow progress tracking so that users can see
how their health has changed over time and keep tabs on
any changes in risk elements.

3.2. Model Performance and Feedback

95% accuracy in predicting diabetes risk, the system is
particularly good at separating high and minimal-risk
individuals. 92% recall means the model is good at
identifying individuals at risk of diabetes, minimizing false
negatives. A low false positive rate means the predictions
for non-at-risk individuals are accurate, making the system
more dependable. User engagement was high due to the
simplicity and ease of use. Test users were incredibly happy
with the interface and said the dashboard and
personalization helped them take control of their health.
Post-test surveys showed that many users increased their
healthy habits, such as eating a better diet, exercising, and
following up with healthcare professionals. So, the system's
health recommendations impacted users' behavior and
health outcomes.

4. Conclusion

The Diabetes Prediction and Control System combines
advanced machine learning with practical healthcare to
tackle the growing problem of diabetes prediction and
management. It performed well in accuracy, recall and
precision and is an excellent tool for predicting diabetes risk
and giving personalized health advice. User feedback
shows that the system predicts health risks and gets users to
act towards better health management.

This research shows the potential of machine learning
in healthcare, especially in predictive analytics for chronic
disease management.

The system is a solution for real-world applications,
especially in preventive healthcare, by empowering
individuals to make informed decisions based on their
personalized risk assessment.
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