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Abstract

Diabetes mellitus, a chronic disease affecting millions of people worldwide, requires monitoring and
management of glucose levels to reduce the risks of hyperglycemia and hypoglycemia. Technological
advancements have enabled the development of various digital tools, including continuous glucose monitors
(CGMs) for effective management of this disease. However, these tools only provide alerts after glucose
levels exceed critical thresholds, which causes delays in taking necessary precautions. To address this issue,
various artificial intelligence (Al)-based models have been developed to predict glucose levels in advance.
Traditional Al approaches, however, often rely on standardized datasets, limiting their ability to achieve the
accuracy required for individualized treatment. Therefore, it is crucial to develop personalized prediction
models that can be trained using the individual data of patients. Here, this paper introduces a personalized
glucose prediction approach that employs a three-parameter unscented Kalman filter (UKF) to predict future
glucose levels using CGM data, as well as basal and bolus insulin values. Experiments on OhioT1DM
dataset show the advantage of our proposed approach over the baseline KF and UKF for glucose prediction
in terms of Root Mean Square Error. Furthermore, the proposed approach is embedded into a custom-
designed cross-platform smartphone application, GlucoThinker Advance, capable of providing offline access
to the proposed personalized glucose prediction approach to ensure continuous support without requiring an
internet connection.

Keywords: Glucose Prediction; Multi-Parameter; Personalized; Smartphone Application; Unscented
Kalman Filter.

1. Introduction

Diabetes mellitus is a chronic disease characterized by the inability of the body to regulate blood glucose
levels effectively. This disease causes inefficient use of proteins, fats, and carbohydrates due to a lack of insulin
production or ineffective insulin utilization. Additionally, diabetes increases the risk of long-term complications
such as vision loss, kidney failure, heart disease, disability, and death [1]. According to the International
Diabetes Federation, there are an estimated 537 million diabetes patients, which is expected to reach 643 million
by 2030, and 783 million by 2045 [2]. Moreover, the World Health Organization reported in 2017 that diabetes
will be the seventh cause of death by 2030 [3]. Thus, the development of tools that support self-management is
crucial for mitigating complications and reducing the risk of premature mortality associated with the rising
prevalence of diabetes [4]. Continuous Glucose Monitoring (CGM) systems have emerged as a key tool,
providing real-time glucose data that enables patients to implement more precise and timely intervention
strategies for effective diabetes self-management [5]. CGM systems provide alerts at critical glucose levels, but
the time delay between receiving these alerts and implementing the necessary actions can negatively impact
metabolic processes [6]. These limitations have shifted attention toward advancements in artificial intelligence
(Al) and stochastic filtering, with the goal of developing innovative methods for predicting future glucose
levels, thereby enabling timely interventions and enhancing diabetes management [7].

Daniels et al. proposed a multi-task network that integrates a shared convolutional neural network with long
short-term memory (LSTM) components [8]. This network is designed to capture both inter-subject features and
patient-specific feedforward layers. However, a limitation of this model is the requirement for retraining to
include new patients, which increases the computational complexity of the network. Zhu et al. introduced a
model-agnostic meta-learning technique for the prediction of future glucose levels in type 1 diabetes patients
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[9]. However, this approach requires an extra personalized fine-tuning phase for each individual patient. This
requirement adds to the data collection workload due to the need for manual labeling by medical professionals.
Kim et al. conducted an evaluation of the efficiency of a smartphone-based application for glucose management
[10]. The results demonstrated the importance of providing well-designed, high-quality tools, such as
smartphone applications, for diabetes management. Perez et al. introduced an Al-based network to predict CGM
values [11]. The dependence of this network on a single parameter, CGM readings, constrains its capacity to
capture the comprehensive range of glucose fluctuations.

Zecchin et al. presented a neural network-based approach that focused on CGM values, which has been
demonstrated to have limited effectiveness in reflecting complex changes in glucose levels [12]. Mohebbi et al.
explored short-term glucose prediction with LSTM-based recurrent neural network [13]. Alfian et al. proposed
multi-layer perceptron approach for CGM values [14]. This approach uses sliding window technique to make
paired inputs and outputs. Rabby et al. presented a deep recurrent neural network using stacked LSTMs
combined with Kalman smoothing. This approach demonstrated improved accuracy in glucose level predictions
compared to approaches that excluded Kalman filtering [15]. McShinsky et al. conducted a comparative
analysis of the Kalman filter (KF) and unscented Kalman filter (UKF) for glucose prediction over 30-minute
and 60-minute intervals. It was reported that the KF was more effective for 60-minute predictions, whereas the
UKF demonstrated superior performance for 30-minute predictions [16]. KF is designed to predict unknown
variables by integrating observed measurements. The effectiveness of the KF relies on its ability to update the
state of the system and generate predictions at each time step recursively by employing both past measurements
and previous predictions. This recursive framework enables the KF to progressively improve its precision over
time. The Kalman Filter has limitations in nonlinear systems due to its mathematical framework, which relies on
assumptions of linear state transitions and measurement models.

This assumption fails to capture the complex and non-linear dynamics found in real-world scenarios, which
can negatively impact the accuracy of predictions [17]. Therefore, the KF has limitations in non-linear systems.
To address this limitation, the UKF was developed, specifically designed to handle nonlinear systems more
effectively than the standard KF. The recursive nature of these filters allows them to continuously refine their
predictions based on new data, making them particularly effective for tracking and predicting glucose levels,
which often exhibit complex, non-linear fluctuations [18]. Despite the advances in these Al and filtering-based
glucose prediction approaches, their reliance on a single CGM parameter limits their ability to fully capture the
complexity of glucose fluctuations. To overcome these limitations, it is essential to incorporate additional
parameters, such as basal and bolus insulin, into the prediction approaches [19], [20].

The integration of basal and bolus insulin data with CGM readings offers a more comprehensive
understanding of glucose dynamics by considering the correlation between these parameters and glucose levels,
resulting in more accurate and reliable predictions. Although multiparametric data integration enhances the
understanding of glucose dynamics, the inherent variability among patients presents a significant challenge in
glucose prediction approaches [21]. Personalization of these approaches is essential as each patient exhibits
unique glycemic patterns, insulin sensitivities, and responses to various physiological and behavioral factors.
Standard, non-personalized approaches may fail to capture these individual variations, resulting in insufficient
predictions [22]. Moreover, the dynamic nature of glucose fluctuations in patients requires adaptive approaches
that can continuously respond to evolving metabolic patterns [23]. Therefore, this study presents a comparative
analysis of the KF-based approaches and proposes a multi-parametric personalized glucose prediction approach.
This comparative analysis includes the comparison of one, two, three, and four-parameter KF and UKF
approaches in predicting glucose levels. The findings indicate that the three-parameter UKF exhibits superior
performance, providing predictions 5, 15, 30, 45, 60, 90, and 120 minutes ahead, while dynamically adapting
with real-time data to offer personalized diabetes management. This approach effectively captures the unique
patterns of each patient, enabling more precise and responsive care. Additionally, proposed three-parameter
UKF approach is embedded in a custom-designed cross-platform smartphone application for type 1 diabetes
patients, ensuring accessibility even without an internet connection.

The rest of this paper is organized as follows: Section 2 presents the theoretical background of the KF, UKF,
data preprocessing, our smartphone application: GlucoThinker Advance. Section 3 introduces the dataset, and
performance analyses of approaches. Additionally, Section 3.3 shows the comparative results of the approaches,
our smartphone application interface. Closing remarks are given in Section 4.

2. Method
This section presents the fundamentals of KF, UKF, data preprocessing, and our smartphone application:
GlucoThinker Advance.
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2.1. Kalman Filter

The KF is designed to predict unknown variables by integrating observed measurements. It estimates the
state of a dynamic system over time continuously improves its estimates through recursive updates based on
new data. The KF starts with an initial prediction, X0, and Pyo Where X is a state vector, with the dimension of
n, X 1, P is an estimate covariance matrix with the dimension of n, x n,, and n, is the number of states in a
state vector.

First, the KF predicts the future state of the system, using the state extrapolation equation X;,,;, and
covariance extrapolation equation Py, as follows:

ﬁt+1|t = Fﬁt|t + GU, (1)

Pt+1|t = FPt|tFT +Q (2)

where t represents the time index, F is a state transition matrix with the dimension of n, X n,, G is a control
matrix with the dimension of n, X n,, U, is an input variable with the dimension of n, X 1, Q is a process
noise covariance matrix with the dimension of n, X n,,, T is the transpose, and n,, is the number of elements in
the input variable.

The update step is calculated by Kalman gain K; with the dimension of n, X n,, and n, is the number of
measured states. Additionally, state update X;.—, and covariance update P, equations are in part of the update
step. These equations represent the core of the update step in the KF, where the predicted state, and covariance
are corrected based on the measurement information to obtain the Kalman gain, updated state estimate, and
covariance update matrix:

K= Pt|t—1HT(HPt|t—1HT + Kt)_l 3)
Xtje = Xpje-1 + Kie(Z2e — HXyjpoq) (4)
Py =U—-KH)Py_(I— KH" +K.RK," (5)

where H is an observation matrix with the dimension of n, x n,, R; is a measurement covariance matrix with
the dimension of n, X n,, Z; is the measurement vector with the dimension of n, x 1, and | is an identity
matrix.

Lastly, covariances are updated by the following equations:

2, = HR, (6)
R, = E®.9,") (7)
Q. = E(w.w,") (8)
P, = E(E.E;") )

where E is an expected value, ¥, is a measurement noise vector with the dimension of n, x 1, W, is a process
noise vector with the dimension of n, x 1, and E; is the estimation error matrix.

KF predicts future states in a recursive process, and adjusts them using new measurements to enable efficient
tracking of system states in real-time applications despite the presence of noise [24]. The Kalman Filter has
been further advanced into the Extended Kalman Filter (EKF) and the UKF to overcome the challenges
associated with nonlinear systems [25].

2.2.Unscented Kalman Filter

The UKF provides a solution for handling nonlinear systems, effectively addressing the limitations of the
standard KF [26]. Firstly, the UKF generates sigma points from the distribution of the system as follows:

Xo=x (10)



Ayfer et al. / JAIDA vol (2025) 1-11

X = x+ (/L +DP); (1)
Xi=x—-(HL+DHP);, (12)

where X represents the sigma points matrix, X, is the initial system matrix, X is the mean of state vector x, i is
the index of each sigma point generated during UKF operation, L is the dimension of the system, and A is the
scaling parameter that used in the generation of sigma points as follows:

A=a?(L+ k)—L (13)

where «a is a positive scaling parameter between 10~* to 1 that determines the spread of the sigma points around
the mean, k is the secondary scaling parameter between 0 to 3, and it is used for further adjusting of the sigma
points. The choice of the parameters «, and k is crucial for the filter performance.

After selecting the sigma points, UKF propagates the sigma points through the non-linear process model and
updates the sigma points with the new parameters. This feature is called unscented transform, and it enables the
UKF to maintain updated information, and make accurate predictions by following equations:

L
¥ = Z wnx! (14)
i=0
L

P= ) WiY - DY - D" +0 (15)
i=0

where W™ is the weight of the state mean matrix, W is the weight of the state covariance matrix, and U; is the
predicted sigma points.

After that, the UKF updates itself through the sigma points, measurement mean matrix, measurement
covariance matrix, state mean matrix, and state covariance matrix. The sigma points are propagated through the
measurement model in following the equations:

L
7= Z Wz, (16)
i=0
L
s= Z We(Z; —2)(Z,— 2T + R @
i=0
where S is the updated measurement covariance matrix, and Z; is the updated sigma points from the model.
L
€= D Wiy - D)z~ (18)
i=0
K=cs1 (19)

where C is the cross-covariance matrix.
Finally, the state mean and covariance matrices are updated as defined by the following equations:

X=x+K(Z;—2) (20)

P =P — KSK™ (21)

2.3.Data Preprocessing

Time series data preprocessing is an essential step in transforming raw data into a refined format suitable for
advanced analysis, modeling and pattern recognition. This preprocessing addresses several challenges inherent
in raw time series data, such as missing values, and parameter selection, using various techniques to ensure data
integrity and analytical reliability. Missing values are a common issue in time series data, and effective handling
is crucial for maintaining the quality of subsequent analysis. A technique for dealing with missing values is
linear interpolation, which involves predicting the value of a missing data point based on nearby known data
points. This technique creates a smooth transition between the known data points, ensuring a consistent dataset
that supports accurate predictions, and analysis.
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Parameter selection represents a critical component in modeling, enhancing performance, and reducing
complexity by focusing on the most relevant features. A correlation heatmap is a common technique used to
visualize the relationships between different variables, enabling the identification of significant patterns, and
associations. A correlation heatmap is a color-coded matrix that displays the correlation coefficients between
pairs of variables, ranging from -1 (perfect negative correlation) to 1 (perfect positive correlation). The strength,
and direction of these relationships are represented with different colors, and intensities, allowing identification
of patterns and dependencies within complex multivariate time series data.

2.4. Smartphone Application: GlucoThinker Advance

The proposed approach is embedded in a custom-designed mobile application named GlucoThinker
Advance. The application is developed in pure Python code, which allows users to make glucose predictions
without the need for an internet connection. GlucoThinker Advance is developed for both iOS and Android
devices using the Python-based Flet library to address the needs of the user, providing a user-friendly interface.
This cross-platform compatibility extends the functionality of the application and makes it accessible to a wide
range of users. This application incorporates the proposed three-parameter CGM-basal-bolus UKF approach to
predict, and update itself to the new glucose values at future intervals of 5, 30, 60, and 120 minutes. The
application screen opens with the login screen, allowing users to have different accounts to separate their
personalized predictions from the same smartphone device. In GlucoThinker Advance, users input their CGM,
basal, and bolus insulin values, specify the prediction horizon, and receive predictions generated by the trained
UKF for the selected time interval. Additionally, GlucoThinker Advance stores data locally, allowing users to
input and track CGM value, basal insulin, bolus insulin, result, selected option, and the time period. The
application records this information and subsequently uses it to generate real-time graphs of CGM, based on the
historical entries. Furthermore, in the occurrence of an incorrect entry, the application allows users to delete
previous data. The deleted data is removed from the prediction approach, and updates itself without using the
deleted value, ensuring that future predictions remain accurate and uncompromised.

3. Experimental Evaluations

3.1. Dataset

The open-access OhioT1DM dataset is used for the development and evaluation of the proposed approach
[27]. This dataset consists of glucose monitoring, insulin, physiological sensor, patient-reported life history
glucose level, fingertip blood sampling, basal rate, temporal basal rate, bolus, meal, sleep, work, stress,
hypoglycemic event, illness, exercise, heart rate, galvanic skin response, skin temperature, air temperature,
number of steps, baseline sleep and acceleration parameters for eight weeks in each of twelve type 1 diabetes
patients: 540, 544, 552, 559, 563, 567, 570, 575, 584, 588, 591, and 596. The patients used insulin pumps with
CGM sensors throughout the study period. Each patient in the dataset is associated with approximately 14,000
data. Patients used a smartphone application to record daily life events, while a wearable fitness band
simultaneously collected physiological measurements to provide a comprehensive view of diabetes
management, and lifestyle factors.

3.2. Evaluation Metrics

The developed prediction approach was evaluated, using three statistical metrics: Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE).

RMSE, MAE, and MAPE are statistical metrics frequently used to measure the difference between predicted
and actual values. RMSE computes the root mean square of the squared differences. MAE measures the mean of
the absolute differences. MAPE calculates the average percentage difference between predicted and actual
values.

The formulas for RMSE, MAE, and MAPE can be represented as follows:

N
1
RMSE= | (0 = 9))? (22)
b=1
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N
1
MAE == [y, = 9| (23)
b=1
I y,—9
MAPE=—Z|yb | % 100 (24)
N L Vb

b=1
where N is the number of the data points, y,, is the b-th measurement and y,, is the corresponding prediction in
all of the three equations.

3.3. Results and Discussion

This paper presents a comprehensive evaluation of KF, and UKF for their ability to predict glucose levels in
real-time with one, two, three, and four parameters. Using the open-access OhioT1DM dataset, our analysis
focused on prediction accuracy over different time frames: 5, 15, 30, 45, 60, 90, and 120 minutes.

Figure 1 shows the relationships between the parameters, and CGM values. The results indicate a positive
correlation between CGM values, both basal, and bolus insulin values. One of the negative correlations is
observed between CGM, and carbohydrate (CHO) values. Therefore, CHO is also included as parameter to
assess CHO potential impact on the approach.

Correlation Heatmap (Combined Train Data)
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Figure 1. Correlation Heatmap of Combined Train Data

Table 1, and Table 2 present a comparative analysis of the performance across one, two, three, and four
parameters of KF, and UKF. These parameters include combinations of CGM data, basal insulin, bolus insulin,
and CHO data. Table 1 and Table 2 illustrate that the three-parameter UKF, which incorporates CGM, basal,
and bolus insulin data, consistently outperforms alternative configurations across all measured intervals in terms
of RMSE, MAE, and MAPE. Notably, its capacity to manage nonlinear systems allows for highly accurate and
reliable glucose level predictions, achieving an RMSE of 12.76 mg/dL for the 30-minute prediction interval.
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Table 1. Comparison of KF-based approaches across 5, 15, and 30-minute time intervals.

Method 5-MIN 15-MIN 30-MIN
Parameter Approach RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE

One (CGM) KF 2.92 1.75 1.16 7.96 541 3.62 14.14 10.28 6.90

UKF 2.70 1.61 1.07 7.34 4.98 3.32 13.01 9.45 6.33

Two (CGM-Basal) KF 3.52 2.22 147 8.82 6.08 4.01 14.89 10.82 7.20

UKF 2.66 1.59 1.06 7.20 4.90 3.27 12.79 9.27 6.22

Two (CGM-Bolus) KF 3.53 2.23 1.48 8.84 6.08 4.02 14.88 10.83 7.21

UKF 2.67 1.60 1.07 7.21 491 3.28 12.80 9.28 6.23

Two (CGM-CHO) KF 3.56 2.25 1.50 8.81 6.10 4.03 14.87 10.84 7.22

UKF 2.68 1.61 1.08 7.22 4.92 3.29 12.81 9.29 6.24

Three (CGM- KF 3.23 2.07 1.40 7.74 5.36 3.55 12.89 9.34 6.28

Basal-Bolus) UKF 2.65 1.58 1.05 7.19 4.88 3.26 12.76 9.26 6.20

Three (CGM- KF 3.24 2.09 141 7.73 5.37 3.56 12.90 9.35 6.29

Basal-CHO) UKF 2.69 1.62 1.09 7.23 4.93 3.30 12.82 9.30 6.25

Three (CGM- KF 3.22 2.08 1.38 7.72 5.35 3.54 12.88 9.33 6.21

Bolus-CHO) UKF 2.70 1.62 1.10 7.24 4.94 3.31 12.78 9.31 6.26

Four (CGM- KF 3.26 2.08 1.39 7.83 5.43 3.60 13.09 9.50 6.34

Basal-Bolus-CHO) UKF 271 1.63 111 7.25 4.89 3.32 12.77 9.32 6.27

Table 2. Comparison of KF-based approaches across 45, 60, 90, and 120-minute time intervals.
Method 45-MIN 60-MIN 90-MIN 120-MIN

Parameter Approach RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE
One (CGM) KF 18.57 14.01 9.49 2193 16.82 1143 2660 2051 14.02 2949 2287 1558
UKF 17.11 12.87 8.70 20.26 1550 1052 24.68 19.00 1297 2746 2122 1444
Two (CGM-Basal) KF 19.14 14.34 9.70 2241 1709 1167 2697 20.69 1424 29.82 23.14 15.89
UKF 16.79 12.62 8.53 19.89 1523 1033 2425 1866 1275 27.01 20.85 14.19
Two (CGM-Bolus) KF 19.15 14.35 9.71 2242 1710 1168 2698 20.71 1425 29.83 2315 15091
UKF 16.82 12.65 8.54 19.92 1524 1034 2428 1869 1276 27.04 20.86 14.20
Two (CGM-CHO) KF 19.12 14.32 9.69 2238 1706 1169 2699 20.70 1426 29.84 23.13 15.90
UKF 16.83 12.66 8.55 19.93 1521 1035 2429 1870 1277 27.05 20.87 14.21
Three (CGM- KF 17.70 12.39 8.36 20.73 1491 1017 2425 1842 1266 27.03 20.88 14.25
Basal-Bolus) UKF 16.78 12.61 8.52 19.88 1520 10.31 2424 18.65 1273 27.00 20.84 14.18
Three (CGM- KF 1771 12.40 8.37 20.72 1492 1018 2426 1844 12,67 27.06 20.89 14.26
Basal-CHO) UKF 16.80 12.63 8.56 1990 1522 1036 2426 18.67 1278 27.02 20.90 14.22
Three (CGM- KF 16.69 12.38 8.35 20.71 1490 1016 2412 1843 1268 27.07 20.81 1427
Bolus-CHO) UKF 16.81 12.64 8.57 1991 1525 1037 2427 1868 1279 27.08 2092 14.23
Four (CGM- KF 16.91 12.57 8.48 1995 1510 1032 2433 1859 1279 27.18 20.95 14.36
Basal-Bolus-CHO) UKF 16.84 12.67 8.58 19.94 1526 10.38 2430 1871 1274 27.09 2093 14.24

Table 3. Three-parameter (CGM-basal-bolus) UKF results for twelve patients in terms of RMSE.

Patient 1D 5-MIN 15-MIN  30-MIN _ 45-MIN__ 60-MIN _ 90-MIN  120-MIN
540 2.57 8.42 14.78 19.73 23.91 28.62 31.33
544 1.87 6.00 11.74 15.05 17.37 21.25 22.50
552 1.79 5.53 9.76 12.11 14.76 16.81 18.25
559 2.77 7.09 11.66 16.07 19.96 25.62 28.20
563 2.02 5.82 10.64 13.66 16.29 19.02 23.04
567 3.19 8.89 15.98 21.30 25.01 30.01 35.06
570 2.30 5.91 10.89 14.77 18.28 22.46 2741
575 2.10 6.40 11.75 15.60 19.36 25.13 29.64
584 4.15 9.43 16.32 21.29 24.53 28.95 31.28
588 2.39 7.12 13.08 17.61 19.52 23.29 22.98
591 3.89 9.14 14.57 18.75 21.38 28.23 29.59
596 2.71 6.58 11.94 15.40 18.15 21.51 24.70

Average 2.65 7.19 12.76 16.78 19.88 24.24 27.00
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Although the RMSE values of all parameter combinations were similar to each other, the CGM-basal-bolus
combination of the UKF gives the lowest error. This demonstrates the importance of accurate health
measurements, as even small differences can significantly impact outcomes. The reduced margins of error in
short-term predictions are especially valuable for preventing acute glycaemic events. While achieving high
accuracy in long-term predictions remains challenging, the UKF shows promise for effective type 1 diabetes
management. Table 3 shows the three-parameter CGM, basal, and bolus UKF results for all patients. The results
show that patient 552 has the best result in all time intervals. These variations in individual responses
demonstrate the advantage of proposed personalized approach that is continuously updated with individual
patient data.

Figure 2 illustrates the comparison between the actual, and predicted CGM values of the three-parameter
CGM-basal-bolus combination of UKF. The close alignment of these values demonstrates that the approach is
performing effectively, as the predicted values are consistently in close proximity to the actual data points.

Actual vs Predicted CGM Values
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Figure 2. Actual versus Predicted CGM Values of Patient 552 at 30-Minute

Furthermore, a personalized smartphone application called GlucoThinker Advance has been developed to
simplify diabetes management, and help monitor predicted glucose levels for diabetes patients. Figure 3 (a)
shows the login interface of the application. This feature allows multiple users to check their CGM values
separately on a single smartphone device. Figure 3 (b) presents the help button page, which provides step-by-
step instructions on how to use the application. Figure 3 (c) illustrates the user interface, enabling users to add
CGM, basal insulin, and bolus insulin values for prediction of the future result. Figure 3 (d) shows the predicted
result on the interface. The view history tab, shown in Figure 3 (e), allows users to review their past values in
detail. Figure 3 (f) displays a plot of the user entered CGM values, providing a visual representation of glucose
levels over time. In addition to the application features, deleting past values also removes those values from
proposed approach. Therefore, deleting a value triggers the approach to update itself. During the update process,
the user unable to input new values or logout until the update is completed. This feature prevents the errors in
the approach and it can be seen in Figure 3 (g). The logout screen interface can be seen in Figure 3 (h).
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Figure 3. GlucoThinker Advance login interface shown in (a), help page shown in (b), adding value screen shown in (c),
displays of the past inputs shown in add value tab (d), view history screen shown in (e), plot screen of CGM values shown
in (f), alert dialogue page when UKF is updating screen shown in (g), and logout page shown in (h).

4. Conclusion

This paper presents a personalized glucose prediction approach, using a three-parameter UKF to predict the
next glucose level based on the CGM value of the patient, along with basal and bolus insulin values. Validation
of this approach was performed using the OhioT1DM dataset and results showed improved accuracy and
reliability in glucose prediction levels at 5, 15, 30, 45, 60, 90, and 120 minutes. The proposed approach showed
an RMSE of 2.65 mg/dL for 5-minute predictions, increasing progressively to 7.19 mg/dL, 12.76 mg/dL, 16.78
mg/dL, 19.88 mg/dL, 24.24 mg/dL, and 27.00 mg/dL for 15, 30, 45, 60, 90, and 120-minute predictions,
respectively. These results demonstrate the superior performance of the proposed approach compared to KF,
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and other parametric UKF. Additionally, the personalized approach facilitates improved diabetes management
through increased relevance of predictions for each patient.

The proposed approach offers an advantage over traditional prediction approaches by continuously updating
itself with new data, leading to improved glycemic control, and reduced risk of diabetes-related complications.
Furthermore, this proposed approach is embedded in our smartphone application GlucoThinker Advance,
making it useful for type 1 diabetes patients. Our application provides personalized glucose prediction, and
enables diabetes to take necessary precautions by predicting glucose levels. The user-friendly interface of
GlucoThinker Advance ensures that patients can easily navigate the application, and access its features, making
glucose management a more accessible part of their daily routine.

In future work, the proposed approach will be focused on predicting potential health risks, taking
preventative action by providing timely alerts, and personalized recommendations to the user based on the
detection of abnormal changes in glucose levels.
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