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Abstract: -Managing diabetes requires a personalized treatment plan based on the patient's health records and drug usage
effectively. In this paper, we have proposed accurate prediction of insulin dosage for diabetic patients daily by using
ontology mapping with deep learning recurrent neural network models such as long short-term memory (LSTM), Gated
recurrent unit( GRU), and Bidirectional long short-term memory(BiLSTM). The patient's information is arranged in a
structured format. The structured ontology data provides a meaningful connection between patients' personal information,
physical activity, insulin intake, carbohydrate intake and glucose level. The structured data is beneficial to take decisions
effectively to recommend the insulin dosage level daily to avoid a sudden decrease in sugar level. The proposed LSTM
model outperforms well on insulin prediction compared to GRU and BiLSTM models. The proposed model is very
effective for diabetic personal care and improves patient outcomes and quality of life.
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|. INTRODUCTION

Diabetes has direct and indirect adverse effects on vascular complications. Major vascular complications are
microvascular and macrovascular complications. Macrovascular complications occur due to large blood vessel
damage. Microvascular complications occur due to small blood vessel damage. Macrovascular complications
usually occur in Type 2 diabetes mellitus(T2DM). T2DM patients are affected by cardiovascular diseases such
as heart attack, cardiomyopathy, arrhythmia, cerebra vascular disease, peripheral artery disease [1], myocardial
infarction, stroke, and renal failure [2]. Microvascular [3] complications are diabetic retinopathy [4], diabetic
neuropathy [4], and diabetic nephropathy [5]. Micro and macrovascular complications are prevented by
maintaining good glycaemic control, controlling blood pressure, managing lipid profiles, and lifestyle
modifications. High blood glucose levels for over 10 years cause micro and macrovascularcomplications[6].
Controlling high blood glucose levels by monitoring glucose levels regularly, following a healthy diet,
exercising regularly, and taking medications as prescribed, such as insulin and oral hyperglycaemic agents [7].
Insulin plays an important role in controlling high blood glucose levels. There are different types of insulin, such
as needle-free insulin injector (NFII), continuous insulin infusion (CSII), multiple subcutaneous insulin (MSI),
and visfatin gene variation. NFII injects basal insulin to improve fasting glucose variation in T2DM patients [8].
CSII treatment reduces glucose levels faster with a lower dosage of insulin [9]. The vistagin gene modifies
insulin creation, and conventional insulin reduces microvascular complications such as retinopathy, neuropathy,
and dermopathy in insulin-dependent diabetes miletus(IDDM) [10]. Basal insulin dosage with conventional
injection is 181U, and NFII insulin dosage is 161U. Adverse effects of insulin include insulinogenic edema,
allergic reactions, lipo hypertrophy and lipoatrophy[12], ecchymosis[13], and hypoglycemia [14].

Ontology plays an important role in managing diabetes. An ontology represents the patient's records in the
structured document, integrates the data, and supports integral decision-making. The researcher developed
diabetes management pathway control (DPC)[15] to manage diabetes in China. The model contains 119 classes,
28 objects,58 data properties, and 81 individuals. The author designed a biocultural ontology for managing
diabetes personally in American Indians [16]. American researchers constructed ontology for Native American
Indians Nato [17] to manage diabetes individually for Americans. Data quality ontology is constructed for
T2DM patients to acquire knowledge from electronic health records (EHR) [18]. The researcher developed an
ontology-based support vector classifier model in India to manage diabetes [19]. Overall, ontology provides
advantages such as knowledge representation of data in a common way, integration of different data, efficient
decision-making, integration of natural languages effectively, and support of personalized diabetic care.

!Associate Professor, Department of Computer Science, School of Arts and Science, Vinayaka Mission’s Chennai Campus,
Vinayaka Mission’s Research Foundation (DU), Paiyanoor, Tamil Nadu, India, Email: spushpavathi@rediffmail.com.
2Director (Academic) & Professor-CSE dept., Jaya Engineering College, Thiruninravur, Chennai, Email: director@jec.ac.in

1801



J. Electrical Systems 20-5s (2024): 1801-1813

Ontology-based dataset (OBD) combines data from multiple heterogeneous data. OBD integrates data between
existing global schema and produces vocabulary for user needs [20]. OBD enables external database
accessibility through a conceptual domain based on ontology. Conceptual domain-based database accessibility
integrates the semantics of data [21]. Ontology-based semantic annotation enhances interoperability and
understanding of data[22]. Ontology-based datasets organize the data and labels in a hierarchically structured
data format. The data are arranged for specific domains. Creating an ontology-based dataset needs manual
annotation for specific classes and attributes because of the variation of domains. The advantages of ontology-
based datasets are (i) structured data arranges the data more precisely, complex analysis, and inference. (ii)
Capture semantic information from classes, subclasses, and attributes easily. (iii). Easily represents unique
characteristics of a specific domain. (iv). Bridges the gap between large datasets of specific domains such as
audio, video, and image.

The insulin prediction system is an important factor in controlling hyperglycemia. The author designed a deep
neural network model to predict blood glucose concentration after short-acting insulin injection instead of long-
term blood glucose monitoring records [23]. The author developed an ensemble machine learning model to
predict the inpatient insulin total daily dosage from electronic health records [24]. The author predicted insulin
dosage for gestational diabetes women through a logistic regression model [25]. The author designed automated
insulin delivery (AID) system to predict glucose variability in individuals using long short-term memory
(LSTM) and an autoregressive model [26]. Using the Kalman filter, the author developed an onboard insulin
model to predict insulin in real-time [27]. The proposed model is applicable under a variation of different
conditions, such as stress and exercise. The author developed a 3D insulin model to predict patient-specific
hyperglycaemic control [28]. The machine learning and deep learning automated insulin prediction system
predicts insulin based on age, sex, BMI, and other glucose levels.

However, the insulin dosage does not predict accurately. To solve the above problem, in this paper, we have
proposed ontology-based insulin predicted system to predict accurate insulin dosage levels daily. Ontology-
based insulin prediction gives knowledge about insulin, including insulin type, administration, dosage, and
blood glucose level. The type of insulin includes rapid, short, intermediate, and long-acting insulin. Insulin
administration is done through subcutaneous injection, insulin pumps, and inhalation. Insulin dosage depends on
weight, age, physical activity, carbohydrate intake, and insulin sensitivity. The author designed a diabetes
prediction system using semantic web rule and decision tree algorithm to predict diabetes and insulin dosage
level based on weight, age, BMI, carbohydrate intake, and glucose level [29]. The author constructed network
ontology for diabetic patients in Mexico to derive new knowledge by applying semantic web rules. The
ontology network contained several classes such as control plan, clinical Entity, Education level, clinical
information and administration, geographic location, and persons [30].

Obijective

1. Develop an ontology-based mapping structure to map the diabetic patients’ personal details, daily
activity, carbohydrate intake, insulin intake and glucose level.

2. Create an ontology-based dataset by extracting datas from ontology.

3. Develop on RNN models such as LSTM, GRU and BiLSTM model to predict insulin dosage of
individual patient.

4, Compare prediction accuracy using mean square error(MSE), Root mean square error(RMSE), and

mean absolute error(MAE) to predict insulin dosage on real time.

II.METHODOLOGY
Predict insulin Dosage
level for individual
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Fig. 1.Architecture of Ontology based insulin prediction System (OIPS)
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Figure 1 depicts an ontology-based daily insulin dosage prediction system. The architecture captures each
patient's health records and everyday activities, such as glucose levels, carbohydrate intake, and physical
activity. The domain-based diabetes ontology is then built using personal health records and daily activities. The
ontology is then used to extract training data. Finally, individual insulin dosage is learned using recurrent neural
network models such as long short-term memory (Istm), bidirectional Istm, and gated recurrent unit (GRU). The
best model is then chosen based on its performance metric for predicting insulin dosage level.

2.1 Creation of Ontology
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Fig. 2. Sample Ontology of Diabetic Patients Daily Activity and Patients Personal History

Diabetic patients’ daily activity includes carbohydrate intake, physical activity such as yoga, walking, running,
cycling and other exercises, medication, glucose level and their sleep patterns. We have created an ontology
with patient’s personal record and their daily activities. Figure 2 shows the sample ontology of Diabetes
patients’ daily activity and their personal health record. The ontology contains patient meta data such as name,
age, date of birth, gender, contact information. Next, Medical History class includes allergies, surgery and
illness. Medication class includes medication name, dosage and frequency of dosage usage. Allergies class
includes any allergies or sensitive of patient. Lab results class stores various lab results of patient. Vital signs
class includes heart rate, blood pressure and temperature. Medical diagnoses class includes symptoms, treatment
plan. Daily activities class includes subclasses such as dietary intake, physical activity, sleep patterns and
medication adherence. Dietary class includes food consumed, portion sizes and meal time. Sleep pattern
includes information about sleep duration and quality. Physical activity class includes type of activity, duration
and intensity.
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2.2 Generation of ontology-based training samples

Ontology Visualization
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Fig. 3.0ntology based training data generation

The training data based on ontologies is shown in Figure 3. The semantic relationships of domain-specific
ontologies are part of the training data based on ontologies; these relationships help to represent the complex
and hierarchical nature of the domain knowledge. Machine learning models can more accurately and
intelligently make decisions by incorporating ontology-based training data because it helps them understand the
context and meaning of the data. Integrating training data from various sources yields thorough training data.
The data can perform domain-specific tasks like predicting an individual patient's insulin dosage based on their
daily activities and monitoring their blood sugar levels. With the help of this extensive training data, machine
learning models can analyse a variety of variables and patterns to produce accurate predictions and suggestions
for adjusting insulin dosage.

Additionally, by factoring in factors like lifestyle decisions, medication histories, and genetic predispositions,
the integration of training data from various sources improves the accuracy and reliability of the predictions.
Food intake, exercise, and patient data are shown in the graph above. The ontology graph stores the following
information: patient 1D, patient name, carbohydrate intake in grammes, minutes of physical activity, and insulin
dosage level. Healthcare professionals can develop a thorough understanding of each patient's particular needs
and recommend insulin dosages that are more specifically tailored by analysing data from various sources.
Additionally, the ontology graph's inclusion of the patient ID and name ensures that the information is securely
linked to each individual, making quick access and updates possible as needed. Interoperability, explicit
knowledge, improved findability, accessibility, and reusability are all features of ontology-based training data
that use controlled vocabularies.

2.3 Deep learning based Recurrent Neural Network Model
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Long short-term memory is a type of recurrent neural network model to predict the value of long-term
sequences. The LSTM model stores long term memory in sequence in the cell state. The cell state is placed at
the top of the LSTM model. The LSTM Model contains an input gate, an output gate, and a forgotten gate. The
input gate takes the previous output and current input as input and produces an output between 0 and 1. The
input gate decides whether the information from the input should be stored in the cell state. The output gate
takes the previous output and current input as inputs and produces an output between 0 and 1. It determines
whether the information in the cell state should be used to compute the final output. The forgotten gate takes the
previous output and current input as inputs and produces an output between 0 and 1. It controls how much of the
previous cell state should be forgotten or retained in the current cell state. The forgotten gate selects the
information that should be forgotten. The output gate selects the output from the cell state. The output gate takes
the current input and previous output as inputs and produces an output between 0 and 1. It determines how much
of the current cell state should be used to compute the final output. The output gate selects the relevant
information to be passed on as the final output. The output is the final state; it selects the output from the cell
state and output gate. Figure 4 shows the individual insulin prediction model using LSTM architecture.

The mathematical equations of LSTM Model is shown in equation (1),(2),(3),(4),(5),(6).

Input Gate (1G) = ¢ (Weight of input [Previous Hidden State, input Sequence] + bias of input (D)
Forget Gate (FG) = 6 [Weight of forget [Previous Hidden State, input Sequence] + bias of forget (2)
Output Gate (OG) = ¢ [Weight of output gate [Hidden State, input Sequence] + bias of output 3)

Candidate Coll State (CCS)
= tanh (Weight of Candidate [Hidden State, Input Sequence] + bias of Candidate Cell state (4)

Updated Cell State (UPS) = FG+CCS+IP+~CCS (5)
Hidden State (HS)=(6+tanh(S) (6)

Fig. 4. Insulin Dosage Prediction Using LSTM Model

2.4 Gated Recurrent neural Network

Gated Recurrent neural network (GRU) is another RNN network. The GRU updates the network's hidden state
selectively at each time and controls the information flow of the network. GRU-RNN contains a reset gate and
an update gate. The reset gate measures the forgotten information of the previous hidden state, and the update
gate updates the number of new input sequences. GRU consists of three states: Update Gate (z), Reset Gate and
Current memory gate. Update Gate regulates the amount of past information passed into the future. Reset Gate
fixes the amount of past information that needs to be forgotten. The current memory gate (CMG) introduces
non-linearity in the input and the input to zero. CMG also acts as a subpart of the reset gate to reduce the effect
on the current information passed into the future.GRU contains fewer parameters, is designed to capture relevant
longer sequence information and removes past information because of its update and reset gate. GRU network is
applicable to predict insulin dosage of Typel and Type2 diabetes. Figure 5 shows the insulin dosage prediction
system using GRU. The mathematical equations of GRU are shown in equations (7), (8),(9), and (10).

Update Gate (UG) = ¢ (Weight of update Gate * [Hidden State, input Sequence] + bias of input gate @)

Reset Gate (RG)= o (Weight of Reset Gate* [Hidden State, Input Sequence] + bias of Reset Gate (8)

Candidate Hidden State (CHS)
=tanh (Weight of hidden State * [Reset Gate * Hidden State, Input Sequence] +bias of hidden State (9)

Updated Hidden State (UNS) = (1- UG) * Hidden State + UG *~ (Hidden State) (10)
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Fig. 5. Insulin dosage prediction Using Gated Recurrent Unit

2.5 Bidirectional LSTM

Bidirectional RNNs contain two independent RNNs. The network accepts both forward and backward
information about the input sequence. BiLSTM handles the input in two ways: past to future and future to past.
Hence, we can preserve the input information from past and future directions. The inputs depend on the amount
of food consumed, physical activity done by the patient, either slow or fast, glucose level measured before and
after the food and insulin taken before and after the food. Hence, the BiLSTM model considers past and future
data to predict insulin dosage levels. BiLSTM model increases the amount of information in the network and
improves the context of the input sequence to predict the output accurately. Figure 6 shows the insulin dosage
prediction of the BiLSTM Model. The mathematical equations of the BiLSTM Model is shown in equation
(11),(12),(13),(14),(15),(16),(17),(18),(19),(20),(21),(22),(23),(24).

Forward LSTM
Input Gate Forward (IGF)
= o (Weight of input Forward = [Hidden State Forward, Input Sequence] + bias of input forward
(11)
Forget Gate Forward (FGF)
= (Weight of forget forward *[Hidden State Forward, Input Sequence] +bias of forget forward
(12)

Output Forward

= o (Weight of output forward *[Hidden State Forward, Input Sequence] +bias of output gate forward
(13)
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~Candidate Forward

=tanh (Weight of Candidate Forward *[Hidden State forward, input Sequence] + bias of Candidate Forward

Candidate Forward
= tanh (Weight of Candidate Forward *[Hidden State Forward, Input Sequence] + bias of Candidate

(14)

(15)

Candidate Forward = forget gate Forward * Candidate Forward + input Gate Foreword + ~ (Candidate Forward)

Hidden State Forward (HSF) = Output Forward * tanh (Candidate forward)

Backward LSTM

Input Gate Backward (IGB)
=o (Weight of input Backward * [Hidden State Backward, Input Sequence] +bias of input Backward

Forget Gate Backward (FGB)
= (Weight of forget backward *[Hidden State Backward Input Sequence] + bias of forget Backward

Output Backward

= o (Weight of output Backward *[Hidden State Backward, Input Sequence] +
bias of Output gate Backward

~Candidate Backward

= tanh (Weight of Candidate Backward *[Hidden State Backward, input Sequence]
+bias of Candidate Backward

Candidate Backward
= tanh (Weight of Candidate Backward *[Hidden State Backward, Input Sequence] + bias of Candidate

Candidate Backward
= forget gate Backward * Candidate Backward + input Gate Backward ~ (Candidate Backward)

Hidden State Backward (HSR) = Output Backward * tanh (Candidate backward)
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Fig. 6. Insulin dosage prediction system using BiLSTM Model
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I1l. RESULTS AND DISCUSSIONS

3.1 Dataset Description

The proposed model's primary goal is to create a daily dosage insulin prediction system using RNN models such
as the LSTM, GRU, and BiLSTM models. These models are known for capturing long-term dependencies in
sequential data, making them suitable for predicting insulin dosage requirements. By training the model on
historical patient data, it can learn patterns and trends to forecast the insulin dosage required for a given day
accurately. Additionally, the proposed model will include features such as meal intake, exercise levels, and
glucose readings to improve prediction accuracy. The dataset contains the diabetic's personal health record,
physical activity, carbohydrate intake, glucose level, and insulin dosage. This extensive dataset enables the
model to capture a comprehensive view of insulin requirements influenced by a person's health and lifestyle
factors. By considering multiple variables, the model can provide personalised and precise insulin dosage
recommendations, improving diabetes management for each patient. The information is organised in an
ontological dataset format. The ontological dataset format structures the data, allowing for efficient analysis and
interpretation. This format ensures that all relevant information about the person's health is accurately captured,
including their health record, physical activity, carbohydrate intake, glucose level, and insulin dosage.
Furthermore, the ontological dataset format allows for seamless integration with other healthcare systems and
accessible information sharing between healthcare providers for collaborative decision-making. The ontological
dataset contains semantic relationships between diabetic patients, and the data is subject to the domain.
Ontology-based diabetic dataset enables healthcare providers to analyse data more effectively and make
informed decisions based on the unique needs of each diabetic patient. Furthermore, the ontological dataset
format ensures that the data is structured, making it easier to retrieve and interpret relevant information for
research or developing personalised treatment plans.

3.2 Architecture of RNN Models
3.2.1 Long and short-term memory

In this model, we used 100 cells for the encoder and decoder with one dense layer. The encoder and decoder are
crucial components in the model as they handle the task of encoding and decoding information. Using 100 cells
allows a sufficient capacity to store and process data efficiently. Additionally, including one dense layer helps
enhance the model's ability to learn complex patterns and relationships within the data. The proposed model was
trained for 100 epochs with a batch size of 32, and the Adam optimizer was used to optimize the model's
performance. The Adam optimizer is beneficial as it combines the advantages of both AdaGrad and RMSProp
algorithms, allowing for faster convergence and better generalization.

3.2.2GRU

In this model, we used 100 cells for the encoder and decoder, with one dense layer. The proposed model was
trained with 100 epochs with a batch size of 40, and the Adam optimizer was used to optimize the model's
performance. The Adam optimizer is beneficial as it combines the advantages of both AdaGrad and RMSProp
algorithms, allowing for faster convergence and better generalization. Additionally, a learning rate of 0.001 was
used with the loss function set as MSE to further enhance the model's training process. And the Adam optimizer
was used with a learning rate of 0.01 and a loss function of MSE.

3.2.3 Bi-LSTM Model

In this model, we used 100 cells for the encoder and decoder, with one dense layer. The Bi-LSTM model was
chosen for its ability to capture both forward and backward dependencies in the input sequence. It is beneficial
for tasks such as natural language processing. The use of 100 cells allows for a sufficient amount of memory
and complexity in the model while including a dense layer helps further refine the output predictions. The
proposed model was trained with 100 epochs with a batch size of 32, and the Adam optimizer was used with a
learning rate of 0.001 and a loss function of MSE.

3.3 Statistical Measure

The performance of RNN models such as LSTM, Bi-LSTM and GRU model is predicted with the following
parameters, they are shown in equation (25), (26) ,(27).

3.3.1 Mean Square Error (MSE)
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MSE is used to measure the accuracy of predicted model by measuring the average squared difference between
predicted and actual insulin dosage.MSE should be lower one.

MSE= (1/number of diabetic persons) pow (X (actual insulin dosage - predicted insulin dosage))
(25)

3.3.2 Root Mean Square Error (RMSE)
RMSE is measured by taking the square root of MSE.RMSE should be lower one.

RMSE=VMSE
(26)
3.3.3 Mean Absolute Error (MAE)

MAE is measured the difference between the actual insulin dosage with the predicted insulin dosage. The MAE
value should be lower, then only we can decide our model predicts insulin dosage accurately for diabetes patient
correctly.

MAE =1/number of Diabetic patient X | actual insulin dosage - predicted insulin dosage |

(27)
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Fig. 7: Insulin Dosage Prediction Using RNN Models

Figure 7 shows the training and validation loss curve and insulin dosage prediction curve using the RNN model.
The training and validation loss curve in Figure 7 demonstrates the performance of the RNN model during the
training process. It provides insights into how well the model learns from the data and whether it is overfitting
or underfitting. The insulin dosage prediction curve also showcases how accurately the RNN model can predict
insulin dosages based on the given input data. The training loss curve shows the value of the loss during
training. The training loss decreases continuously, indicating that the model correctly fits the data. In Figure 7,
all LSTM, GRU, and BiLSTM models provide the data accurately. There is no overfitting of diabetic patients'
data. The validation loss occurs due to the fitting of new or unknown data. The validation loss also decreases
continuously for each training epoch. We have trained our models for 100 generations with a batch size 32 and a
dropout of 0.5. The proposed model leaves a small gap between the training and validation curves. The curves
indicate that the model generalizes well to unseen data and is not overly reliant on the training data. The small
gap between the training and validation curves suggests that the model is balanced with the training data, as both
curves consistently decrease. Overall, these results demonstrate the effectiveness of our proposed model in
accurately predicting outcomes for diabetic patients. Hence, the model fits the data accurately.

Table 1:Performance of Insulin dosage prediction of RNN Models

Models MSE MAE RMSE
LSTM 86.35 7.8 9.3
GRU 91.79 8.102 9.6

BiLSTM 88.37 7.65 9.4

Table 1 shows the performance of the insulin dosage prediction system of the RNN Model. The MSE is the
average error between the actual and predicted values. The higher MSE value means a more significant error
between the true and predicted insulin dosage. Here, LSTM produces a lower error (86.35) than the other two
models. Hence LSTM expects insulin dosage correctly. Similarly, MAE and RMSE are also lower in LSTM
compared to the other two models. Hence, LSTM predicts the insulin dosage correctly compared to the other
two models. The GRU model performs slightly worse than the LSTM and BiLSTM models. However, it is
essential to note that the difference in performance between the LSTM, BIiLSTM, and GRU models is relatively
small. While the LSTM and BiLSTM models have lower error metrics, the GRU model still provides reasonably
accurate predictions for insulin dosage. Therefore, although more accurate than the LSTM and BiLSTM maodels,
the GRU model can still be considered a viable option for predicting insulin dosage. The BiLSTM model falls
between the LSTM and GRU models. Hence The BiLSTM model predicts the insulin dosage moderately. Table
2 shows the prediction of insulin dosage for various levels of basal insulin dosage predicted with high accuracy;
error values are comparatively low; the model [31] considers only glycaemic control of sensor data of Type 1
diabetes. The second model [32] considers only the data with 30 minutes interval period. The proposed model
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contains the daily dosage prediction based on their physical activity, carbohydrate intake and glucose level.
Hence, the error is increased compared to the other two models.

Table 2: Insulin Dosage prediction with other models

Type of Diabetes Method RMSE MAE MSE
Type 1 Diabetes Support Vector machine 0.033 0.001 0.0128
Age, Sex,weight, height, body mass index, basal | +glycaemic control with sensor
insulin dosage [31] data in between(6 to 8)
Typel Diabetes LSTM,BIiLSTM,Temporal 34.7 - -
Continuous Glucose monitoring data with 30 Convolutional Network
minutes interval [32]
Proposed Typel and Type2 Diabetes with Age, LSTM, BiLSTM , GRU 86.35 7.8 9.3
sex, Male, carbohydrate intake, Glucose Level
and physical activity

1VV. CONCLUSION

In this study, we proposed diabetic drug ontology mapping and insulin dosage prediction for diabetic
patients daily. The ontology mapping dataset analyses drug information based on patient data, physical
activity, glucose level, insulin intake, and carbohydrate level. Hence, the proposed methodology improves
treatment plans and drug management. By utilizing diabetic drug ontology mapping, healthcare professionals
can accurately identify the most suitable medications for patients based on their specific needs and conditions.
Additionally, the insulin dosage prediction feature assists in determining the optimal amount of insulin required
for each patient, ensuring precise and personalized treatment. Integrating drug ontology mapping with the
RNN model accurately predicts the insulin dosage level of individual patients. Among the RNN models,
the LSTM model outperforms well in daily insulin dosage predictions. Healthcare providers offer
personalized care to diabetic patients and timely insulin dosage recommendations by combining drug
ontology mapping and predictive modelling. In the future, we will include more patient data to improve
patient outcomes in insulin prediction and further enhance the accuracy of our predictive models.
Additionally, incorporating real-time monitoring devices and patient feedback will allow for more dynamic and
precise insulin dosage recommendations, ultimately leading to better management of diabetes and improved
patient quality of life.
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