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Abstract 
Diabetes management in children requires continuous monitoring and accurate 
insulin dosage adjustments based on multiple physiological and dietary factors. 
Incorrect insulin administration can lead to serious health complications, 
particularly when caregivers lack the necessary medical expertise to make informed 
decisions. This study presents GLUCOTWIN, an AI-driven healthcare 
application that assists with insulin dosage prediction for children aged 3–12 
years by integrating machine learning into a user-friendly mobile platform. The 
proposed system utilizes health-related parameters, including blood glucose level, 
blood pressure, body temperature, Body Mass Index (BMI), meal timing, and 
carbohydrate intake, to predict personalized insulin dosage recommendations. A 
role-based architecture was developed comprising Admin, Guardian, and Doctor 
modules, enabling secure data management, medical supervision, and real-time 
decision support. The mobile application was developed using Flutter, while 
Firebase was employed as the backend database for storing patient records, 
prediction history, and user information. Multiple machine learning regression 
algorithms were trained and evaluated using Mean Absolute Error (MAE), Root 
Mean Square Error (RMSE), and R² Score. Among the evaluated models, the 
Gradient Boosting Regressor achieved the highest predictive performance with an 
MAE of 0.2921, RMSE of 0.3736, and R² score of 0.9570, demonstrating high 
accuracy and reliability in insulin prediction. The trained model was successfully 
deployed and integrated into the application to provide real-time insulin dosage 
recommendations, which can be reviewed and validated by healthcare 
professionals. The results indicate that GLUCOTWIN has the potential to 
enhance diabetes management, support caregivers in making informed decisions, 
and contribute to improved healthcare outcomes for paediatric diabetes patients. 
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1. Introduction: 
GLUCOTWIN was developed because diabetes 
management in children aged 3 to 12 years is a 

serious and sensitive healthcare problem that 
needs careful daily attention. Diabetes can cause 
high blood sugar and, if it is not managed 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030
mailto:sanam.nayab@numl.edu.pk
mailto:sadia.zahra@numl.edu.pk
mailto:hina.mahjabeen@numl.edu.pk
mailto:4Babarmajeed120@gmail.com
mailto:*5sajid.maqbool@nfciet.edu.pk
https://doi.org/10.5281/zenodo.21125455


SPECTRUM OF ENGINEERING SCIENCES   
ISSN (E) 3007-3138 (P) 3007-312X   
 

https://thesesjournal.com               | Nayab et al., 2026 | Page 3266 

properly, it can lead to harmful effects on different 
parts of the body, including the eyes, kidneys, 
nerves, heart, and blood vessels, which shows why 
proper care is necessary from an early stage. For 
children, this challenge becomes even more 
important because daily care usually depends on 
guardians, and those guardians may not always 
have enough medical knowledge to decide the 
correct insulin amount in changing conditions [1], 
[2]. In real situations, insulin requirement is not 
fixed, because it can be affected by several health 
and lifestyle factors such as blood sugar condition, 
blood pressure, body temperature, BMI, and 
carbohydrate intake. This makes manual decision-
making difficult, and a wrong insulin dose can 
place a child at risk. Because of this, there was a 
strong need for a system that could support 
guardians with a more accurate, fast, and 
organized method for handling child diabetes 
care. GLUCOTWIN was created to answer this 
need by providing a smart application that collects 
child health details, sends them to a trained 
machine learning model, and returns an insulin 
prediction based on learned patterns from the 
training dataset. The use of machine learning in 
diabetes care has been widely studied for 
prediction, decision support, and better treatment 
planning, which shows that intelligent systems can 
play an important role in improving diabetes 
management [3], [4]. This made the development 
of GLUCOTWIN highly relevant, because it 
applies that same idea to a practical child-focused 
system where prediction is connected with real 
application use. The application was built in 
Flutter, which supports the development of 
mobile applications from a single codebase, and it 
was linked with Firebase Realtime Database, 
which allows data to be stored and synchronized 
in real time across connected clients [5], [6]. This 
technical structure made it possible to create a 
role-based healthcare application with three main 
actors: admin, guardian, and doctor. In this 
system, doctors register and receive approval 
before getting access, guardians add children and 
enter complete details, and all important testing 
values are processed through the integrated 
prediction workflow. The system also supports 
carbohydrate estimation from food details, which 

is important because food intake directly affects 
diabetes control and insulin-related decisions [2], 
[4]. Another major reason this application became 
necessary is that prediction alone is not always 
enough in healthcare. For this reason, 
GLUCOTWIN also includes doctor review, so 
that predicted insulin values can be checked by a 
medical professional before final suggestions are 
trusted for decision support. This combination of 
intelligent prediction, doctor verification, 
guardian support, and admin monitoring makes 
the system safer and more reliable than a basic 
calculator or simple record-keeping app. 
GLUCOTWIN is therefore important not only as 
a software project, but as a healthcare support 
solution that addresses a real problem faced by 
families of diabetic children. It helps reduce 
confusion, supports more informed insulin-
related decisions, improves data organization, and 
creates a structured connection between 
guardians, doctors, and child health records. For 
these reasons, the development of GLUCOTWIN 
was necessary, practical, and meaningful in both 
healthcare and technology contexts [1], [3], [5], [6]. 
The problem addressed in this project is the lack 
of an intelligent and structured system for 
supporting insulin dosage decisions in diabetic 
children aged 3 to 12 years. Determining the 
correct insulin requirement is a complex task 
because it depends on several changing factors, 
including blood pressure, body temperature, BMI, 
blood sugar-related condition, and carbohydrate 
intake. Guardians often face difficulty in 
understanding these factors and making correct 
decisions without medical guidance, which 
increases the risk of improper insulin 
administration and possible harm to the child’s 
health. Furthermore, the absence of a unified 
platform for prediction, medical review, child 
record management, and administrative 
monitoring reduces the efficiency and reliability of 
diabetes care. Therefore, there is a need for a smart 
application that can process child health data, 
predict insulin dosage through machine learning, 
and provide doctor-supported recommendations 
in a structured environment. GLUCOTWIN was 
developed to address this need by offering an 
integrated system that improves decision-making, 
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reduces confusion, and supports safer diabetes 
management for children. 
The main aim of GLUCOTWIN is to develop a 
smart and easy-to-use healthcare application that 
helps manage diabetes in children aged 3 to 12 
years by predicting the required insulin dose based 
on important health factors and supporting 
guardians with doctor-reviewed guidance. The first 
objective is to create a mobile application that can 
be used easily by admin, guardians, and doctors 
through a role-based system. The second objective 
is to collect important child health information, 
such as blood pressure, temperature, BMI, and 
carbohydrate intake, and use this data for insulin 
prediction. The third objective is to train a 
machine learning model on a proper dataset and 
select the model with the best accuracy for 
prediction. The fourth objective is to deploy the 
trained model through Python and connect it with 
the application for real-time prediction. The fifth 
objective is to integrate Firebase database with the 
application so that user data, test records, and 
history can be stored and managed properly. The 
sixth objective is to allow guardians to add 
children, enter details, and get insulin prediction 
in a simple and organized way. The seventh 
objective is to involve doctors in the system so that 
predicted results can be reviewed and proper 
medical suggestions can be given. The eighth 
objective is to provide admin control for 
approving doctors, monitoring system activity, and 
managing overall records. The final objective is to 
reduce confusion for guardians and improve safe 
diabetes management for children through a 
reliable and intelligent digital system. The 
proposed solution is to develop GLUCOTWIN as 
a smart healthcare application that helps manage 
diabetes in children aged 3 to 12 years in a more 
safe, accurate, and organized way. This system 
solves the problem by combining a mobile 
application, machine learning model, real-time 
database, and doctor support in one platform. In 
this solution, guardians can create an account, add 
children, and enter important health details such 
as blood pressure, temperature, BMI, blood sugar 
condition, and food-related information. An 
intelligent agent is used to estimate carbohydrate 
values from food details, and all these values are 

then sent to the trained machine learning model. 
The model, which was trained on a proper dataset 
and selected based on best accuracy, predicts the 
required insulin dose for the child. To make the 
system more reliable, the predicted result is also 
reviewed by a doctor, who can provide medical 
suggestions after checking the values. The admin 
manages the overall system by approving doctor 
accounts, monitoring test activities, and 
maintaining records and history. The application 
is developed in Flutter for a user-friendly interface, 
while Firebase is used for storing and managing 
data in real time, and the trained model is 
deployed through Python on a local machine. In 
this way, the proposed solution provides a 
complete and practical system that reduces 
confusion for guardians, supports doctors in 
reviewing cases, improves decision-making, and 
helps provide better diabetes care for children. 
 
2. Literature Review 
Diabetes management in children is a very 
sensitive and difficult healthcare issue because 
children need regular monitoring, proper food 
control, correct insulin support, and continuous 
care from guardians and healthcare professionals. 
In recent years, researchers have given more 
attention to digital healthcare systems because 
these systems can support monitoring, prediction, 
and decision-making in a more structured way. 
Current literature shows that machine learning, 
mobile health applications, and digital support 
tools are becoming more useful in diabetes care, 
especially for children and adolescents [7]–[20]. 
This literature is important for GLUCOTWIN 
because the project is based on the same idea of 
using intelligent technology and mobile 
application support to improve diabetes 
management for young children. Machine 
learning has become an important area in diabetes 
research because it can identify patterns in medical 
data and support prediction-based decision-
making. In recent years 2023, 2024, 2025 
systematic review and research on machine 
learning studies in pediatric diabetes reported that 
machine learning has strong potential in child 
diabetes care, but many published studies still have 
weak reporting quality and limited transparency, 
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which can make clinical use more difficult [7] 
[11][12][13][14] . This finding is important because 
it shows that machine learning is useful, but it 
must be applied in a careful and practical way. For 
a system like GLUCOTWIN, this means that 
prediction should not only be accurate, but also 
understandable and connected to real healthcare 
use. Another recent review published in 2025 
focused on prediction models for diabetes in 
children and adolescents [15]. This review 
explained that machine learning and deep 
learning models are becoming more useful for 
identifying risk factors, improving early detection, 
and supporting disease prediction in younger age 
groups [8]. The same study also highlighted that 
stronger datasets and better data repositories are 
still needed for wider use in real healthcare 
environments [8]. This is directly related to 
GLUCOTWIN because the application also 
depends on trained data and health-related 
variables to support insulin-related decisions. The 
literature therefore supports the idea that child-
focused prediction systems are necessary, 
especially when they are built around real clinical 
needs. 
Recent research also shows that mobile health 
applications are playing a major role in diabetes 
care. A 2024 systematic review on mHealth 
coaching technologies for children and 
adolescents with type 1 diabetes found that digital 
tools are increasingly being used to support 
diabetes management in younger populations, and 
these tools often involve not only patients, but also 
parents and healthcare professionals [9][16] [17]. 
This point is very important because effective 
diabetes care for children usually requires shared 
responsibility. GLUCOTWIN also follows this 
direction by involving guardians, doctors, and 
admin in one connected system. The same review 
also showed that digital diabetes technologies are 
most useful when they support real management 
needs instead of only working as simple data 
storage tools [9][17]. This is highly relevant 
because GLUCOTWIN is not designed only to 
save records. It is designed to collect child health 
values, support carbohydrate-related input, and 
provide insulin prediction in a practical way. This 
makes the application more useful in daily life, 

especially for guardians who may feel confused 
when they need to decide insulin requirements 
under changing health conditions. A healthcare 
application becomes more useful when its design 
is practical, connected, and easy to use. A 2025 
systematic review and meta-analysis on mobile 
health interventions for diabetes management 
reported that applications with effective 
technological functionality and proper system 
architecture can significantly improve diabetes 
self-management and reduce HbA1c levels in 
many cases [10] [18] [19]. The study explained that 
app functions, intervention models, and technical 
structure all play an important role in the success 
of digital diabetes systems [10]. This finding 
strongly supports the design of GLUCOTWIN 
because the project combines machine learning 
prediction, role-based access, real-time data 
handling, and mobile user interaction in one 
platform. This literature also shows that good 
healthcare systems need more than one strong 
feature. A useful system should combine 
prediction, structured data flow, and easy 
interaction for users. In GLUCOTWIN, this 
appears through the use of a machine learning 
model for insulin prediction, Flutter for mobile 
development, and Firebase for data management. 
The reviewed literature supports this kind of 
integrated approach because it shows that strong 
technical design is necessary for a healthcare 
application to be practically useful [10]. The 
literature clearly shows that machine learning has 
strong potential in paediatric diabetes care, and 
mobile health systems are becoming more 
important in supporting daily diabetes 
management [7]–[10]. However, the literature also 
shows several gaps. Many machine learning studies 
in paediatric diabetes still have weak reporting 
quality and limited transparency, which reduces 
trust and makes practical implementation more 
difficult [7][18][19]. In addition, recent reviews 
show that better datasets and stronger data 
repositories are still needed for wider use of 
prediction models in children and adolescents [8]. 
Mobile health studies also show that applications 
are most effective when they provide practical 
support and strong technical functionality, but 
many systems still focus on limited features instead 
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of offering a complete solution [9], 
[10][17][18][19][20]. This creates a need for a more 
integrated system that can combine multiple 
important functions in one platform. A major gap 
in the current literature is the limited availability 
of child-focused systems that bring together health 
data input, insulin-related prediction, guardian 
support, doctor review, and organized record 
management in one mobile application [7]–[20]. 
GLUCOTWIN was developed to address this gap 
by providing a structured and intelligent solution 
for diabetic children aged 3 to 12 years. It 
combines data collection, machine learning 
prediction, guardian use, doctor supervision, and 
admin monitoring in a single system, which makes 
it more practical and complete than many isolated 
tools discussed in the literature. 
 
3. Proposed System 
GLUCOTWIN is a role-based healthcare 
application designed to help manage diabetes in 
children by using machine learning, mobile 
technology, and real-time data management in one 
connected system. The overall system includes 

three main actors: Admin, Guardian, and Doctor. 
Each actor has a separate role and specific access 
in the application. The system is developed using 
Flutter for the mobile front end, Firebase for 
storing and managing data, and a machine 
learning model deployed through Python for 
insulin prediction. The guardian enters child 
details and health-related values such as blood 
pressure, temperature, BMI, and food 
information. The system also estimates 
carbohydrate values from food details and sends 
all required inputs to the machine learning model. 
After processing the data, the model returns the 
predicted insulin value. This result is then 
available for doctor review, and the doctor can 
provide suggestions based on the prediction and 
child condition. The admin monitors the whole 
system, approves doctor accounts, and manages 
records and activities. In this way, the system 
works as a complete and structured healthcare 
platform that connects users, health data, 
intelligent prediction, and medical supervision in 
one application. Figure 1 shows system 
architecture of our proposed system. 
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Figure 1: System Architecture  

4. Results 
The results of our proposed system are mentioned 
below: 
4.1 Dataset and Model Training 
The dataset file named Glocotwin.xlsx was first 
uploaded to Google Drive. After that, Google 
Drive was mounted in Google Colab so that the 
file could be accessed directly from the notebook. 
Once the connection was established, the dataset 
was loaded using the Pandas library. This step 
allowed the data to be read into a dataframe for 
further analysis and training. According to the 
notebook output, the dataset contained 3000 rows 
and 11 columns, which means it had 3000 records 
and 11 attributes. These attributes were 
PatientID, Gender, Age, SystolicBP_mmHg, 
DiastolicBP_mmHg, BodyTemp_C, 
Sugar_mg_dL, BMI, MealTiming, 
Carbohydrates_g, and InsulinUnits_Simulated. 
This shows that the dataset included both health-
related input features and the insulin output value 
that the model needed to learn. 

 
4.2 Understanding the Dataset 
After loading the dataset, the next step was to 
understand its structure and identify which 
columns should be used for training. The target 
variable in this project was 
InsulinUnits_Simulated, because this is the value 
the model needed to predict. The PatientID 
column was not useful for prediction, so it was 
removed from the training process. This is a 
correct step because patient ID only identifies the 
record and does not help the model learn medical 
patterns. The remaining input features included 
both numeric and categorical data. The categorical 
columns were Gender and MealTiming, while the 
numeric columns were Age, SystolicBP_mmHg, 
DiastolicBP_mmHg, BodyTemp_C, 
Sugar_mg_dL, BMI, and Carbohydrates_g. This 
separation was important because machine 
learning models cannot directly work with text 
values, so categorical data needed special 
preprocessing. 
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Based on the dataset file, the age values ranged up 
to 15 years, while the application focus is on 
children aged 3 to 12 years. The data also included 
realistic health-related ranges such as body 
temperature, blood pressure, sugar level, BMI, 
carbohydrate intake, and simulated insulin units. 

The median insulin value in the dataset was 
around 3.2, while the maximum value reached 
9.8. These values gave a useful range for the model 
to learn how insulin changes according to health 
conditions. 

 

 
Figure 2: Dataset Upload 

4.
3 Data Preprocessing 
Before training the models, preprocessing was 
applied to prepare the data properly. First, the 
input data X and target data y were separated. The 
input data contained all the feature columns, 
while the target data contained only 
InsulinUnits_Simulated. After this, the dataset 
was split into two parts: 80% for training and 20% 
for testing using train_test_split with 
random_state=42. This means the model was 
trained on most of the data and tested on unseen 
data to check how well it performs in real 
prediction situations. 

A preprocessing pipeline was then prepared using 
ColumnTransformer. For numeric columns, 
StandardScaler was used. This step standardizes 
numeric values so that all features remain on a 
similar scale, which helps some machine learning 
models perform better. For categorical columns, 
OneHotEncoder was used. This converted text 
values such as Male, Female, BeforeMeal, and 
AfterMeal into numeric format so that the models 
could use them correctly. This preprocessing step 
was very important because the dataset contained 
mixed types of data and the models required a 
consistent numeric format. 
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Figure 3: Data Preprocessing 

 
4.3.1 Model Training 
After preprocessing, multiple machine learning 
regression models were trained and compared. 
The notebook used the following models: 
• Linear Regression  
• Ridge Regression  
• Random Forest Regressor  
• Gradient Boosting Regressor  
• Support Vector Regressor (SVR)  
Each model was trained using the same training 
data and preprocessing pipeline. Some models 

also used GridSearchCV for hyperparameter 
tuning, which means different parameter 
combinations were tested to find the best settings 
for performance. This is a good training practice 
because it improves the chances of selecting the 
most accurate and stable model. 
The purpose of trying different models was to 
compare their results and choose the one that 
predicts insulin values most accurately. Since the 
problem is numerical prediction, regression 
models were the correct choice. 
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Figure 4: Model Training  

4.3.2 Training Results 
According to the notebook results, the 
performance of the trained models was as follows: 
These results show that all models performed well, 
because every R² score was above 0.94, which 
means each model explained most of the variation 

in insulin values. However, the best performance 
came from Gradient Boosting, because it had the 
lowest MAE, the lowest RMSE, and the highest 
R² score among all tested models. This means 
Gradient Boosting produced the most accurate 
predictions with the smallest average error. 

 
Model MAE RMSE R² Score 

Gradient Boosting 0.292139 0.373556 0.956989 
SVR 0.294526 0.380667 0.955336 
Linear Regression 0.305494 0.390387 0.953026 
Ridge Regression 0.305595 0.390320 0.953042 
Random Forest 0.320295 0.407090 0.948920 
 
4.3.3 Best Model Selection 
After comparing all models, Gradient Boosting 
Regressor was selected as the final model. This was 
the correct choice because it performed better 

than all other models in all three evaluation 
metrics. The notebook clearly showed: 
BEST MODEL = GradientBoosting 
This means the final insulin prediction system in 
GLUCOTWIN is based on the Gradient Boosting 
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model. The result also suggests that the 
relationship between health variables and insulin 
value is not purely linear, and a boosting-based 

model was better able to learn the patterns from 
the data. 

 
Figure 5: Model Testing  

 
4.3.4 Actual vs Predicated  
The graph shows the comparison between the 
actual insulin values and the predicted insulin 
values using the Gradient Boosting model. In this 
plot, the x-axis represents the actual values, while 
the y-axis represents the predicted values generated 
by the model. Most of the data points are very 
close to the straight diagonal line, which means 
that the predicted values are very close to the 
actual values. This indicates that the model is 

performing very well and making accurate 
predictions. The points are evenly distributed 
along the line, showing that the model is 
consistent across different value ranges. There are 
only a few points that are slightly away from the 
line, which means the prediction error is small and 
acceptable. Overall, this graph clearly shows that 
the Gradient Boosting model has high accuracy 
and is reliable for predicting insulin values in the 
system. 
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Figure 6: Actual vs Predicated 

 
4.3.5 Cross-validated predictions of the Gradient 
Boosting model 
The graph shows the cross-validated predictions of 
the Gradient Boosting model on the training data. 
In this plot, the x-axis represents the actual insulin 
values from the training dataset, while the y-axis 
represents the predicted values generated by the 
model during cross-validation. Most of the data 
points are closely aligned along the diagonal line, 
which means that the predicted values are very 
similar to the actual values. This indicates that the 

model has learned the patterns in the training data 
very well. The points are evenly distributed across 
the entire range, showing that the model performs 
consistently for both low and high insulin values. 
There are only a few small deviations from the 
line, which means the prediction error is low. 
Overall, this graph shows that the Gradient 
Boosting model is stable, accurate, and reliable, 
even when evaluated using cross-validation, which 
strengthens confidence in its performance for real-
world predictions. 

 

 
Figure 7: Cross-Validated predictions 

4.4 
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Model Saving and Deployment 
After selecting Gradient Boosting as the best 
model, it was saved to Google Drive as 
best_insulin_model.pkl using the joblib library. A 
metadata file was also created to save the best 
model name and evaluation metrics. This was an 
important step because it allowed the trained 
model to be reused later without retraining it 
again. 
The saved model was then used in a Python script 
that loads the file, accepts new input values, and 
returns an insulin prediction. This shows that the 
training phase was completed successfully and the 
model was ready to be connected with the 
GLUCOTWIN application for real-time use. 
Dataset training process was completed 
successfully. The dataset was first loaded from 
Google Drive, then cleaned and prepared for 
training. The target variable was selected as 
InsulinUnits_Simulated, while unnecessary 
identification data was removed. The data was 
split into training and testing sets, and both 
numeric and categorical columns were 
preprocessed properly. Multiple regression models 
were trained and evaluated using MAE, RMSE, 
and R² score. Among all tested models, Gradient 
Boosting Regressor gave the best results with 
MAE = 0.292139, RMSE = 0.373556, and R² = 
0.956989. These results show that the model was 
highly accurate and suitable for insulin prediction. 
After evaluation, the model was saved and 
successfully used for new predictions, which made 
it ready for integration into the GLUCOTWIN 
healthcare application. 
 
4.5 User Interface  
The user interface of the application is designed to 
be simple, clear, and easy to use for all users, 

especially guardians who may not have technical 
knowledge. The interface includes different 
screens for admin, guardian, and doctor, each with 
specific functions and access. The goal of the user 
interface design is to make the system user-friendly 
so that users can easily navigate, enter data, view 
results, and understand the information without 
confusion. 
The meal details and testing screens in the 
GLUCOTWIN application are designed to guide 
the guardian step by step in entering health and 
food-related information in a simple way. In the 
meal details screen, the guardian can add food 
items by selecting categories and specifying 
quantity, which helps in calculating total 
carbohydrates. After adding items, the system 
calculates the total carbohydrate value 
automatically, as shown in the screen where white 
rice results in 45.0 grams of carbohydrates. This 
value is important because it is used as input for 
insulin prediction. Once the meal information is 
complete, the guardian proceeds to the sugar test 
screen, where important health values such as 
glucose level, body temperature, blood pressure, 
and meal timing are entered. These inputs are 
then submitted to the system for analysis. After 
submission, a confirmation message appears 
showing that the AI analysis has been completed 
successfully, and the user is informed to wait for 
the doctor’s review before taking any action. 
Finally, the test results screen displays the 
predicted insulin level along with all entered 
health details in a clear and organized format. This 
complete flow shows how the system collects data, 
processes it using the machine learning model, 
and presents results in a user-friendly way, helping 
guardians make better decisions for child health 
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Figure 8: Meal and Insulin Results 

 
The doctor screens in the GLUCOTWIN 
application are designed to help medical 
professionals review patient data, provide 
recommendations, and manage treatment in a 
simple and organized way. The doctor dashboard 
shows an overview of total tests, pending cases, 
completed reviews, and total patients, which helps 
the doctor quickly understand their workload. 
The system also separates tests into categories such 
as pending review and completed cases, making it 
easy to manage patient records. Each patient card 
displays important information such as glucose 
level, insulin prediction, carbohydrate intake, and 
blood pressure, allowing the doctor to quickly 
assess the patient’s condition. 
The patient detail screen provides complete 
information including AI prediction results, 

patient details, and test measurements. The doctor 
can clearly see whether the condition is low risk 
and review all health values such as glucose, 
temperature, blood pressure, meal timing, and 
carbohydrate intake. Based on this information, 
the doctor can write a clinical recommendation, 
prescribe medication or insulin dose, and add 
additional notes if needed. The system also allows 
the doctor to mark when a dose has been given, 
which helps in tracking treatment progress. 
Overall, these screens are designed to support 
doctors in making informed decisions, reviewing 
AI-based predictions, and providing safe and 
proper medical guidance for child diabetes 
management. 
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Figure 9: Doctor Medical Recommendations 

 
5. Conclusion and Future Work: 
This project presented GLUCOTWIN as a smart 
healthcare application developed to support 
diabetes management for children aged 3 to 12 
years. The main purpose of this system was to help 
guardians who often face difficulty in deciding the 
correct insulin requirement when a child’s health 
condition changes. Since insulin dosage depends 
on several important factors such as glucose level, 
body temperature, blood pressure, BMI, meal 
timing, and carbohydrate intake, manual decision-
making can become confusing and risky. To solve 
this problem, GLUCOTWIN was designed as a 
complete system that combines mobile application 
development, machine learning, real-time 
database support, and doctor involvement in one 
platform. The project successfully showed how a 
trained machine learning model can be used in a 
practical healthcare application. A proper dataset 
was used for training different machine learning 
models, and after comparing their results, the best-
performing model was selected for insulin 
prediction. The selected model was then deployed 
using Python and connected with the mobile 
application so that real-time input values could be 
processed easily. This prediction process made the 
system intelligent and useful because it allowed 
health data to be converted into meaningful 
insulin-related results in a short time. The project 

also demonstrated the importance of role-based 
system design. GLUCOTWIN included three 
main users: admin, guardian, and doctor. Each 
role was designed with different responsibilities to 
make the system more secure, organized, and easy 
to manage. Guardians were able to add children, 
enter meal and health information, calculate 
carbohydrates, perform sugar tests, and view 
prediction results. Doctors were able to review 
patient tests, check AI-generated insulin values, 
and provide medical recommendations. Admin 
managed doctor approvals, patient assignments, 
and system monitoring. This structure helped 
ensure that the system was not only technically 
complete, but also practical for real use. Another 
important achievement of this project was the 
development of a simple and user-friendly 
interface. The screens were designed in a clean and 
understandable way so that users could interact 
with the application without confusion. From the 
splash screen and onboarding pages to login, 
patient management, sugar testing, doctor review, 
and admin monitoring, every part of the system 
was designed to support clear and smooth use. 
This is very important because healthcare 
applications must not only work properly, but 
must also be easy for real users to understand and 
use. Overall, GLUCOTWIN provides a 
meaningful solution for a real healthcare problem. 
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It helps reduce confusion for guardians, supports 
doctors with organized patient data and prediction 
results, and gives admin full control over system 
activities. The project shows that machine learning 
can be applied in a practical and helpful way when 
it is combined with proper application design and 
medical review. In conclusion, GLUCOTWIN is 
not only a technical project, but also a useful 
healthcare support system that can improve 
diabetes management for children in a safer, 
smarter, and more organized way. 
In future work, the model can be deployed on a 
cloud-based server or a web API so that the system 
can provide faster, more scalable, and more stable 
real-time predictions. Cloud deployment would 
also make the system more practical for larger 
numbers of users because the prediction service 
could be accessed from anywhere without 
depending on one local machine. This would 
improve system performance and make 
GLUCOTWIN more suitable for real-world 
deployment on a larger scale. 
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