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Abstract: This study investigates how missing data samples in continuous blood glucose data affect
the prediction of postprandial hypoglycemia, which is crucial for diabetes management. We analyzed
the impact of missing samples at different times before meals using two datasets: virtual patient data
and real patient data. The study uses six commonly used machine learning models under varying
conditions of missing samples, including custom and random patterns reflective of device failures
and arbitrary data loss, with different levels of data removal before mealtimes. Additionally, the
study explored different interpolation techniques to counter the effects of missing data samples.
The research shows that missing samples generally reduce the model performance, but random forest
is more robust to missing samples. The study concludes that the adverse effects of missing samples
can be mitigated by leveraging complementary and informative non-point features. Consequently,
our research highlights the importance of strategically handling missing data, selecting appropriate
machine learning models, and considering feature types to enhance the performance of postprandial
hypoglycemia predictions, thereby improving diabetes management.

Keywords: classification; data quality; hypoglycemia prediction; machine learning; postprandial
hypoglycemia; type 1 diabetes; missing data
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1. Introduction

Diabetes is a group of metabolic disorders distinguished by high blood glucose (BG)
levels [1]. Long-term complications of diabetes can include heart disease, renal failure,
circulatory disorders, and nerve damage [2,3]. By 2040, an estimated 642 million people
worldwide will have diabetes [4]. Diabetes is mainly classified into three types: (i) type I
(T1D), (ii) type II, and (iii) gestational diabetes [5]. T1D is most commonly found in young
adults under the age of 30, the symptoms of which include polyuria, thirst, constant hunger,
weight loss, vision changes, and fatigue [6]. Commonly, type 2 diabetes affects adults
over the age of 45 and is frequently associated with obesity, hypertension, dyslipidemia,
arteriosclerosis, and other diseases [7]. Gestational diabetes, the third type of diabetes,
affects pregnant women.

Despite large fluctuations in BG due to meals, exercise, stress, etc., BG concentra-
tions should be maintained within a healthy range of 70–180 mg/dL throughout the day.
To maintain normal BG levels, the body must sustain stable glucose levels and insulin
production. An imbalance between BG and insulin could lead to hypoglycemic or hyper-
glycemic events. Hypoglycemia occurs when blood sugar levels fall below 70 mg/dL, while
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hyperglycemia occurs when they rise above 180 mg/dL. Hypoglycemia is further catego-
rized into two levels: level 1 hypoglycemia occurs when BG levels drop below 70 mg/dL,
and level 2 hypoglycemia occurs when they drop below 54 mg/dL [8]. This is one of
the most dangerous conditions of diabetes; in severe cases, hypoglycemia can result in
unconsciousness, confusion, muscle spasms, and even death [9]. Long-term complications
of untreated hyperglycemia include cardiovascular disease, nerve damage (neuropathy),
ketoacidosis, diabetic retinopathy, damaged nerves, or poor blood flow, which can result in
serious skin infections, ulcerations, and, in severe cases, amputation [10].

The severity of hypoglycemia and hyperglycemia highlights the importance of man-
aging diabetes properly. Therefore, diabetic patients, especially patients with T1D, use
glucose monitoring devices for effective diabetes management [11]. Continuous blood
glucose monitors (CGMs) read BG levels every few minutes, making them one of the best
ways to keep track of BG levels. Numerous devices are available on the market, such as the
Medtronic CGM, Abbott FreeStyle Libre, Dexcom CGM systems, and many others [12,13].
CGM sensors typically read the BG level every 5 min. However, these sensors may miss
BG readings for several reasons. For example, missing data might occur due to a lost
connection between the sensor and the recipient, such as a mobile phone or another device,
due to a low battery or during a battery replacement, and, in rare cases, an interrupt
signal generated by the system updating or hardware-related issues, etc. Because of these
causes, BG samples are sometimes unavailable, which can significantly affect diabetes
management [14].

Missing values are a common problem in all data-related fields, causing a variety of
problems such as data analysis issues, performance degradation, and biased outcomes [15].
Furthermore, the pattern of missing data, the amount of missing data, and the mechanism
underlying the missingness of the data all contribute to the severity of the missing values.
The lack of data lowers statistical power, and lost data may result in bias estimation.
Moreover, it has the potential to reduce sample representation in the dataset, which leads
to imbalanced classes. Furthermore, this could complicate a study’s analysis; one might not
be sure whether the missing data have influenced the outcome or not. Each one of these
distortions can jeopardize the significance of the trials and lead to incorrect conclusions.
Researchers frequently concentrate on handling missing data, issues related to missing
data, and ways to prevent or try to reduce it in clinical research [16–18]. Most researchers,
however, have relied on the presumption of a complete dataset when coming to their
conclusions until recently. Little attention has been paid to the general subject of missing
data in the context of diabetes care.

Machine learning (ML)-based systems have significantly advanced early diagnosis
and support mechanisms for diseases such as cancer, coronary artery disease, and stroke,
enabling predictive, detection, and preventive measures [19]. This advancement has also
benefited diabetes management [20]. However, analyzing diabetes-related data presents
challenges due to their non-linear, non-normal, and complex nature [21–26]. The literature
reveals a variety of ML models deployed for diabetes prediction, with artificial neural
networks (ANNs) being most common [27]. ANNs are favored for their ability to learn
from data autonomously, extracting features based on hidden parameters. Various ANN
variants have been employed for prediction or classification tasks [28–41]. Additionally,
decision trees (DTs) and random forest (RF) are widely used for their effectiveness in general
classification and regression, offering simplicity, ease of implementation, and accuracy,
making them attractive for diabetes management applications [29,38,42–48]. Naive Bayes
(NB) models are also utilized to effectively handle unbalanced classes, operating on the
principle that all features are independent [45,49,50]. Support vector machines (SVMs)
with a kernel-based approach are preferred for predicting or detecting hypoglycemia
for minimal data scenarios. SVMs, binary classifiers that employ the kernel function to
optimally separate outputs, rely on complex data transformations to categorize input
data in a multi-dimensional space, with the kernel function influencing the hyperplane’s
shape and decision boundaries [28,34,38,44,49,51–53]. Logistic regression (LR) is another
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technique for predicting outcomes with discrete labels. LR models apply a logistic function
to correlate the input with the probability of one or more classes, adjusting their algorithms
and solvers to suit the dataset’s type and size [44,46,47,49,51]. A total of six ML models,
i.e., naive Bayes (NB), random forest (RF), logistic regression (LR), artificial neural network
(ANN), decision tree (DT), and support vector machine (SVM), were shortlisted for the
study, based on the families of the ML models discussed by Mujahid et al. [27].

One of the most challenging issues for accurate hypoglycemia risk stratification in
T1D patients is developing a robust ML model. In ML models, missing samples are com-
monly addressed using imputation methods [54]. These methods involve replacing the
missing data points or samples with values obtained through different statistical tech-
niques. In practice, it may be challenging to ascertain whether the assumptions underlying
imputation methods (e.g., the majority of methods assume data are missing at random)
are satisfied, as this can significantly impact the performance of such methods [54–56].
Given these considerations, a comprehensive experimental analysis was undertaken to
investigate multiple questions related to hypoglycemia prediction in light of missing data.
The major question this analysis asks is how missing BG samples impact the performance
of the ML models in predicting postprandial hypoglycemia. This question can be further
categorized into four sub-questions. The first question asks how well ML models perform
when predicting postprandial hypoglycemia when BG samples are missing in the prepran-
dial window. Specifically, can these models handle missing samples sufficiently effectively
to make accurate predictions about hypoglycemia? The second question explores how the
performance of ML models deteriorates with the increase or decrease in the amount of
missing BG samples in the preprandial period. The third question focuses on determining
which ML model is most effective for predicting postprandial hypoglycemia when samples
are missing. The fourth question examines whether the feature impacts the performance
of ML models when data are missing in the preprandial window. Finally, seven classic
interpolation methods were selected, to analyze their impacts on the prediction models [57].
These questions aim to shed light on the challenges of using ML models in diabetes man-
agement and to help researchers in their decision when choosing the best ML model for
hypoglycemia prediction.

In light of the aforementioned issues, the following contributions are made:

• The effect of the quantity of missing BG samples on the ability of the ML model to
predict postprandial hypoglycemia.

• The impact of the position of occurrence of missing samples on the ML model for
postprandial hypoglycemia prediction.

• The role of missing samples in the relevance of features for predicting hypoglycemia events.

The paper is structured in the following manner: Section 2 presents the methodology
used, which includes various scenarios involving missing samples, different interpolation
techniques, machine learning models, and evaluation metrics. The results of the study
are briefly presented in Section 3, wherein we evaluate the performance of each model.
The discussion in Section 4 not only explores the results of these findings but also discusses
the challenges and limitations that were faced during our analysis, providing a clear
overview of the study’s scope and constraints. The concluding remarks in Section 5
concisely summarize the contributions of our study and suggest possible directions for
future research.

2. Methodology
2.1. Experimental Datasets and Preprocessing

A simulator based on the Hovorka model [58] was presented with challenging and
realistic scenarios for T1D patients, including a library of mixed meals, a model of circadian
variability of insulin sensitivity, and also virtual patient (VP) generation. We used this
simulator to generate 249 VPs for in silico testing. First, a 30-day scenario was defined
with three meals: breakfast, lunch, and dinner, served at 08:00 ± 50 min, 13:00 ± 50 min,
and 20:00 ± 50 min, respectively. After simulation, treatment decisions were made based
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on simulated self-monitoring BG measurements by a CGM sensor; with a sample time of
5 min, we obtained 288 samples per day, for a total of 8640 samples per patient. The data
were preprocessed to collect all the necessary information, and patients with fewer than
15 cases of hypoglycemia events in 30 days were excluded, resulting in 210 VPs for the
final analysis.

To validate the analysis, a cohort of 10 real patients with T1D was also included.
The study was limited to adults, with no patients under 18. The average (±SD) mon-
itoring period for each patient was 124 ± 26 days. To monitor glucose concentration,
each patient used the CGM FreeStyle Libre system (Abbott Diabetes Care, Alameda, CA,
USA) [28]. For each pump model, we customized a routine to extract the critical data into
a comma-separated value (csv) file, including the dates, timestamps, insulin delivered,
meals consumed, and CGM signal for each patient. After extracting the data into a CSV
file, the next step was to clean and organize the data in a frame, with the relevant features
as columns, to ensure data integrity.

2.2. Missing Data Scenarios

An exhaustive literature review was performed to represent real-world missing sce-
narios in CGM data; however, no information about the pattern of CGM missing data
due to different causes was reported, and thus, we considered two distinct strategies.
The selection of these specific strategies was inspired by the comprehensive findings from
a study [59] which evaluated the effects of various degrees and patterns of data loss on
CGM metrics’ accuracy. This foundational work provided a scientific basis for our choices,
aiming to simulate a broad spectrum of real-life disruptions in CGM data, from minimal
to significant data loss. The chosen percentages and durations reflect common real-world
challenges CGM users face, ensuring that our simulated scenarios are relevant and based
on practical experiences. The first strategy produces custom scenarios, all of which are
based on the presumption that the absolute worst case that could happen takes place.
The second strategy is based on the assumption that real-world missing data scenarios do
not follow any particular pattern; these are referred to as random scenarios. For custom
scenarios, time-series data leaks were simulated just before meal ingestion. These missed
values may represent network failures, hardware damage, or battery depletion of devices
or sensors. On the other hand, point-in-time data losses were simulated. This may reflect
intermittent device connection problems, short signal losses, or hardware errors. In this
case, BG samples were deliberately removed at random time steps. In total, four different
time window lengths of data loss were simulated:

1. Five minutes of missing data (removal of a single sample).
2. Half an hour of missing data (removal of six samples).
3. One hour of missing data (removal of twelve samples).
4. Two hours of missing data (removal of twenty four samples).

Based on these time window lengths of data loss, scenarios with an incremental
percentage of missing data (10%, 30%, 50%, 70%, and 90%) were also included in the study.
Before the feature engineering process, these scenarios were simulated by eliminating
values six hours before each meal. The samples were removed so that no overlapping of
missed data occurred during the procedure of removing samples, as shown in Algorithm 1.
Aside from the values of BG, all other features, such as insulin on board (IOB), and rate
of carbs appearance in blood glucose (RA), remained unchanged, and there were no
missing data.

In the six hours before the meal, the real patient dataset displayed a baseline of 3.01%
missing data on average. In addition to meal instances with missing data percentages
of 10%, 30%, 50%, 70%, and 90%, meal instances with missing data that were previously
present but had a higher quantity than the embedded missing data were also considered.
Thus, the overall missing data per meal instance combined the embedded and already
present missing data, as shown in Table 1. However, in some instances, the already-present
missing data were more than the embedded missing data, so those instances remained
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unchanged. From the table, it can be seen that by adding 10% more data before the meal,
the average percentage of missing data in an instance across the dataset increased to 12.08%;
similarly, by adding 30%, 50%, 70%, and 90% more data, the average percentage of missing
data per instance increased to 31.27%, 50.72%, 71.49%, and 90.21%, respectively. This was
because of the instances where the already-missing data were higher than the added ones.
The random process of removing data was performed 20 times for both cohorts, to achieve
unbiased and accurate results. Thus, we obtained a total of 400 configurations for each of
the databases described above.

Algorithm 1 Ensure no overlapping of missed data

1: Define τ, the time window for potential data removal
2: Calculate n, the required number of samples to remove
3: Initialize count← 0
4: for i← 1 to length(τ) do
5: if status(i) ̸= ’removed’ then
6: Remove sample i and set status(i)← ’removed’
7: count← count + 1
8: if count = n then
9: break from the loop

10: end if
11: end if
12: end for
13: Ensure status(i) ̸= ’overlap’ for all i
14: Perform data integrity check

Table 1. Overall missing continuous blood glucose samples in real patient dataset.

Instance Type Missing per Type Cumulative Missing Samples Overall Percentage Missing

Original data 17,928 17,928 3.01%

Embedded missing 10% 20,148 26,577 12.08%Original > 10% 6429

Embedded missing 30% 63,182 68,786 31.27%Original > 30% 5604

Embedded missing 50% 107,446 111,554 50.72%Original > 50% 4108

Embedded missing 70% 155,529 157,250 71.49%Original > 70% 1721

Embedded missing 90% 198,075 198,423 90.21%Original > 90% 348

Six scenarios were considered for custom scenarios or time-series data leaks; each
scheme is shown in Table 2. Custom scenarios were only considered for virtual patients
because the real patient dataset already contains missing data, making it impossible to
analyze the anticipated scenarios’ importance to calculate accurate results. Figure 1 shows
the diagrammatic representation of the process used to embed missing data scenarios.

Table 2. Custom scenarios’ details.

Scenario Available BG Samples Description

S1 72 No data removed before meal
S2 60 1 h (12 samples) removed before meal
S3 48 2 h (24 samples) removed before meal
S4 36 3 h (36 samples) removed before meal
S5 24 4 h (48 samples) removed before meal
S6 12 5 h (60 samples) removed before meal
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Figure 1. General methodology for embedding missing data scenarios.

2.3. Interpolation Techniques for Handling Missing Data

Several interpolation methods were explored to simulate scenarios involving missing
data, each using a distinct methodology. To prevent any biased results, the root-mean-
square error (RMSE) was calculated for each interpolated scenario against all the missing
data samples, as shown in Table 3. The scenario with the lowest RMSE values was consid-
ered, meaning only the scenario where one sample was randomly missed was considered.

• For linear interpolation, the missing value was calculated based on the proportionate
distance between the two known samples along the line. Given two known samples
(x1, y1) and (x2, y2), the formula reads as follows:

y = y1 +
(y2 − y1)

(x2 − x1)
(x− x1)

• The nearest-neighbor interpolation method is simple to implement but may only
sometimes provide accurate estimates, especially if the nearest data samples represent
the missing value.

y = ynearest

• The next and previous interpolation technique is intuitive and quick to apply but may
introduce bias if the data samples are not evenly distributed.

ymissing = ynext or previous

• The Pchip interpolation technique is particularly useful for preserving trends in the
data and avoiding overshooting.

y(x) =
n−1

∑
i=1

(
ai(x− xi)

3 + bi(x− xi)
2 + ci(x− xi) + di

)
where (xi, yi) are the known data samples, and n is the number of data samples.
The coefficients ai, bi, ci, and di are determined such that the slope at each data sample
matches the slope of the cubic spline interpolating the data.

• The Makima interpolation method effectively reduces oscillations and improves accu-
racy in highly fluctuating datasets.

y(x) =
n−1

∑
i=1

(
w3

i (x− xi)
3 + w2

i (x− xi)
2 + wi(x− xi) + 1

)
yi
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where (xi, yi) are the known data samples, and n is the number of data samples.
The weights wi are calculated based on the slopes of the data samples, with a weighted
average used to determine the interpolation polynomial at each data sample.

• Splines are beneficial for their smoothness and accuracy, making them suitable for
complex datasets with irregularities.

S(x) = ax3 + bx2 + cx + d

where the coefficients a, b, c, and d vary from segment to segment.

Table 3. Root-mean-square error metrics under different interpolation methods and random missing
scenarios for virtual patients.

Interpolation
Window Length Missing Data

Linear Makima Nearest Next Pchip Previous Spline

1

10% 0.39 0.40 0.96 2.10 0.41 2.15 0.45
30% 0.43 0.43 2.26 3.02 0.44 3.09 0.51
50% 0.52 0.47 2.84 4.40 0.50 4.48 0.60
70% 0.96 0.65 4.25 7.19 0.70 7.39 0.93
90% 2.05 5.03 7.04 12.34 5.01 12.89 7.24

6

10% 0.56 0.53 3.01 5.15 0.57 5.23 0.70
30% 1.14 0.78 5.24 8.99 0.84 9.25 1.06
50% 1.82 1.16 6.73 11.65 1.24 12.02 1.56
70% 3.16 2.05 9.34 15.95 2.12 16.72 2.46
90% 10.29 8.28 21.10 34.28 8.60 35.72 14.08

12

10% 1.22 0.90 5.78 9.90 0.98 10.44 1.24
30% 2.17 1.35 7.87 13.36 1.40 14.03 1.64
50% 3.39 2.18 10.28 17.42 2.26 18.20 2.47
70% 5.39 3.63 13.40 22.69 3.74 23.64 4.14
90% 9.10 6.75 19.60 31.98 7.08 33.65 9.01

24

10% 1.56 1.38 7.87 12.20 1.47 12.60 1.77
30% 4.03 2.67 12.14 20.13 2.74 21.91 2.76
50% 8.39 5.97 18.78 30.42 6.18 32.20 6.65
70% 8.38 6.01 18.94 30.47 6.19 32.26 6.71
90% 14.25 10.89 30.15 49.12 11.39 51.51 16.05

2.4. Data Features

Data preparation steps were carried out to provide data to ML algorithms. Time stamps,
CGM values, meal intake details, rate of carbohydrate appearance in blood glucose (RA),
and basal insulin data were all included in the raw data, which were saved in a CSV format.
A total of 27 time-domain features were derived from the raw data after the data integration
was completed. The input comprised six hours of BG levels before the meal, and for the
output, hypoglycemia was considered in the four hours after the meal, i.e., the postprandial
period. The final datasets contained imbalanced classes, so the stratified k-fold function was
used to ensure an equal proportion of output classes in the training and testing datasets.

The approach used in this study had a prediction horizon (PH) of 4 h after each meal.
An illustration of the meals and PHs of the virtual patient cohort is provided in Figure 2.
For real patients, meals that did not respect the 4 h of the postprandial period without
consuming carbohydrates were not taken into account.
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Figure 2. Pre- and postprandial time windows for virtual patients in a dataset.

In addition to features derived from BG values, features based on the insulin on board
(IOB) and the rate of glucose appearance (RA) at meal intake times were also used. Class
labeling was carried out four hours after the start of the meal (m0). Three consecutive
BG level readings less than or equal to 70 mg/dL were classified as class 1 (meal with
hypoglycemia). Otherwise, class 0 (meal without hypoglycemia) was assigned. Below are
the details of the features derived:

• CGM at meal: actual BG value observed at the start of meal (m0).
• Mean CGM meal: mean BG levels for each hour in the last six hours before a meal,

i.e., mean(BG(m0−1), BG(m0−2),..., BG(m0−6))
• Area under the curve (AUC): area under the curve for a BG threshold of 70 mg/dL

for each hour in the last six hours before meal.
• Rate of change (ROC): BG rate of change over the last 30 min with five min intervals,

i.e., (BG(m0) − BG(m0 − 1))/5.
• Low blood glucose index (LBGI): low blood glucose index in the last four hours and

six hours
• High blood glucose index (HBGI): high blood glucose index in the last four hours

and six hours.
• Difference ∆ in CGM values: the difference between the current CGM observation

and the ones observed 30 min and 60 min earlier.
• Insulin on board (IOB): Insulin on board at start of meal (m0).
• Rate of carbohydrate appearance in blood glucose (RA): rate of carbohydrate appear-

ance in the blood glucose at the start of the meal (m0).

2.5. Machine Learning Models

In this study, we aimed to predict postprandial hypoglycemia using ML-based systems,
particularly examining the impact of missing CGM data on the predictive performance
of these models. Considering the binary classification challenge and the importance of
handling missing data effectively, we explored various ML models, as detailed in Section 1.
The array of models analyzed in our research included the following:

• A multilayer perceptron-based artificial neural network (ANN) with a configuration of
three layers, each consisting of 13 nodes, employing the Adam optimization algorithm.
This neural network model was designed to capture complex patterns in the dataset.

• A support vector machine (SVM) utilizing a radial basis function (RBF) kernel to
adeptly address non-linear patterns within the dataset.
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• Logistic regression (LR) with a Newton-CG solver, which provides probability esti-
mates in a binary classification context.

• Random forest (RF), an ensemble method combining multiple decision trees to bolster
prediction accuracy and mitigate overfitting.

• Decision trees (DTs) are highly beneficial for healthcare applications, as they provide
clear and interpretable information in the decision-making process.

The Supplementary Materials present detailed mathematical equations and hyper-
parameter tuning for each model, providing an in-depth technical reference for our
modeling approach.

Our study utilized a k-fold cross-validation methodology for both the training and
testing phases. This method, applied across 20 iterations, ensures a thorough and unbiased
evaluation by systematically rotating the dataset through training and validation roles,
thus maximizing the use of available data for a comprehensive assessment. The results are
reported as mean values obtained from these iterations, presenting a thorough and detailed
perspective of each model’s performance in predicting postprandial hypoglycemia with
missing CGM samples. For the analysis of the ML model under interpolation techniques,
RF, ANN, and LR were considered for the study.

2.6. Technical Specifications and Performance Metrics

A Matlab script was used for all data-related operations, such as raw data preprocess-
ing, missing data scenarios, and data features. A Python-based program with libraries
such as Scikit-learn, Numpy, Pandas, and Matplotlib was developed to program prediction
models and compute performance metrics [60].

As discussed in Section 2.4, the final datasets had uneven classifications, necessitating
the use of the stratified k-fold function to guarantee that the same proportion of classes
appeared in both the training and testing datasets. Although the accuracy produced by
this train–test split was high, it was not the ideal metric to judge a model’s efficacy, due
to the implicit bias in the dataset. Therefore, the Matthews correlation coefficient (MCC),
which determines the correlation between the true classes and the predicted labels, was
used to evaluate the performance of the implemented models. The MCC accepts values
between −1 and 1. A classification value of −1 shows that the model predicts the positive
and negative of the target variable oppositely. If the MCC is set to 0, the model predicts
positive and negative classes at random. The model is ideal when the value is 1. The MCC
is calculated using Equation (1), as follows:

MCC =
TP ∗ TN − FP ∗ FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(1)

where TP denotes a true positive (a positive class is predicted as a positive class); TN
denotes a true negative (a positive class is predicted as a negative class); FP denotes a false
positive (a negative class is predicted as a positive class); and FN denotes a false negative
(a positive class is predicted as a negative class).

Furthermore, a dataset contains numerous potential variables and features; thus,
feature selection becomes crucial. By analyzing irrelevant or less significant features that
contribute little to the target variable, classification performance and accuracy would be
improved [61,62]. This study evaluates the significance of features in light of the missing
data. After embedding each missing data scenario, a statistical analysis was conducted
to select the best features [63]. In datasets with missing data, the F-score for each feature
against the target variable was calculated using an analysis of variance (ANOVA) to
determine the top features based on their relationship with the target variable.

3. Results
3.1. Random Missing Scenario

The original datasets were used to calculate the baseline MCC values for the virtual
and real patients; in other words, the real patient data and the virtual patient data had their
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original datasets with no missing or additional data added. This made it possible for us to
analyze and compare the performance of ML models and the impact of missing data on the
models used. For example, with no alterations in the original datasets, the implemented
random forest (RF) model outperformed other implemented ML models in terms of MCC,
whereas the naive Bayes (NB) model and the decision tree (DT) model underperformed in
the cases of datasets from virtual and real patients, respectively.

The original datasets were introduced to missing data scenarios, i.e., different window
lengths and missing data percentages, and the results of each iteration for simulated data
and real data are summarized in Tables 4 and 5, respectively. As the BG values were missed
randomly from the preprandial samples, the features calculated from them were heavily
influenced, and the RA and IOB features contributed to the learning process, which was insuf-
ficient, as seen in the tables. The tables show that the MCC values decreased as the amount of
missing data increased, indicating that the performance of the ML model deteriorated.

Table 4. Matthews correlation coefficient (MCC) values under random missing scenarios for virtual
patients (NB: naive Bayes, RF: random forest, LR: logistic regression, ANN: artificial neural network,
DT: decision tree, SVM: support vector machine).

Algorithms
Window Length Missing Data

NB RF LR ANN DT SVM

Baseline Results 0.59 0.74 0.63 0.66 0.66 0.63

1

10% 0.59 0.73 0.62 0.63 0.64 0.62
30% 0.57 0.71 0.60 0.61 0.60 0.61
50% 0.54 0.68 0.56 0.58 0.57 0.57
70% 0.51 0.67 0.54 0.56 0.56 0.54
90% 0.52 0.66 0.52 0.53 0.55 0.52

6

10% 0.51 0.68 0.55 0.58 0.58 0.56
30% 0.51 0.67 0.54 0.56 0.57 0.55
50% 0.51 0.67 0.52 0.55 0.57 0.53
70% 0.50 0.67 0.51 0.53 0.56 0.52
90% 0.50 0.65 0.50 0.52 0.54 0.50

12

10% 0.51 0.68 0.54 0.57 0.58 0.55
30% 0.51 0.67 0.52 0.55 0.57 0.54
50% 0.50 0.67 0.51 0.54 0.57 0.52
70% 0.50 0.66 0.50 0.53 0.56 0.51
90% 0.49 0.65 0.49 0.52 0.55 0.50

24

10% 0.52 0.68 0.57 0.59 0.59 0.57
30% 0.51 0.67 0.54 0.55 0.57 0.54
50% 0.51 0.66 0.52 0.54 0.56 0.52
70% 0.50 0.66 0.51 0.54 0.56 0.52
90% 0.50 0.65 0.50 0.54 0.56 0.52

From the tables, it can be deduced that the implemented RF model performed better
than the other models, in terms of MCC. For both datasets, i.e., virtual and real, the MCC
values of the RF model showed better results, despite the increment in missing data,
compared to other implemented models. While analyzing the data, it is essential to
remember that the ML model was most affected by missing data in the real patient dataset
when it occurred randomly across the preprandial with the window length of a single
sample. Due to the low correlation within the dataset, the ML model could not effectively
detect the missing samples when the missing data were spread out across the time period.
This contrasts with the virtual patient dataset, which has a high correlation between
the variables.
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Table 5. Matthews correlation coefficient (MCC) values under random missing scenarios for real
patients (NB: naive Bayes, RF: random forest, LR: logistic regression, ANN: artificial neural network,
DT: decision tree, SVM: support vector machine).

Algorithms
Window Length Missing Data

NB RF LR ANN DT SVM

Baseline Results 0.40 0.49 0.46 0.44 0.31 0.49

1

10% 0.32 0.47 0.41 0.36 0.30 0.41
30% 0.30 0.43 0.39 0.33 0.26 0.38
50% 0.29 0.42 0.37 0.33 0.25 0.38
70% 0.28 0.39 0.35 0.31 0.22 0.35
90% 0.23 0.33 0.25 0.22 0.19 0.27

6

10% 0.32 0.48 0.41 0.40 0.30 0.43
30% 0.30 0.47 0.40 0.37 0.30 0.41
50% 0.30 0.46 0.39 0.36 0.29 0.40
70% 0.29 0.45 0.39 0.34 0.27 0.39
90% 0.29 0.45 0.38 0.34 0.27 0.39

12

10% 0.34 0.48 0.43 0.42 0.30 0.44
30% 0.32 0.48 0.42 0.40 0.30 0.43
50% 0.31 0.47 0.41 0.38 0.30 0.42
70% 0.30 0.46 0.40 0.37 0.29 0.41
90% 0.29 0.46 0.39 0.36 0.28 0.40

24

10% 0.34 0.48 0.42 0.41 0.30 0.44
30% 0.34 0.48 0.42 0.41 0.30 0.44
50% 0.32 0.48 0.41 0.40 0.30 0.42
70% 0.31 0.47 0.41 0.39 0.29 0.42
90% 0.23 0.33 0.25 0.21 0.18 0.27

To make it simple to assess the performance trend of each ML model and to test its
robustness against missing data, a percentage decrease for each scenario was calculated.
Figure 3 displays the percentage decrease for the random missing scenarios with various
window lengths embedded in the virtual patient dataset. The most and least affected
ML models by the missing data in the case of virtual patient data are listed in Table 6.
With the percentage decrease analysis, it was concluded that, when predicting postprandial
hypoglycemia with random missing data, overall, the implemented RF performed better
than other ML models regarding missing data. On the other hand, in only two scenarios,
when increasing the missing data from 0% to 10% and 30% with a window length of
1 sample, NB had the smallest percentage reduction compared to the other five ML models.

RF performed better than other models, followed by NB (only in two scenarios).
Contrary to the least affected model, it was also noted that LR was generally inappropriate
for usage, since a rise in missing data resulted in model degeneration. During the analysis,
it was interesting to note that a small percentage of missing data points, i.e., 10%, that
occurred in consecutive samples over the six hours before the meal had a more significant
impact on the ML models than a random missing single sample. The ML models could
detect the pattern easily when a single sample at random was removed over the preprandial
window, due to the strong correlations within variables in the simulated data.

Figure 4 displays a percentage decrease graph for the real patients. The implemented
RF, on average, was least affected by the percentage of missing data, followed by DT in
some scenarios, as shown in Table 7. At the same time, the implemented NB was the most
affected by missing data. It is important to remember that even though these percentage
decreases for algorithms were modest compared to other models, their MCC values were
notably low, making it unwise to use them in missing data situations. One must consider
the percentage decrease and MCC values when determining a robust classifier model.
Hence, it is evident from the analysis that the implemented RF model performed well in
the case of missing data.



Mathematics 2024, 12, 1567 12 of 23

Figure 3. Percentage decrease in Matthews correlation coefficient (MCC) values with different
window lengths for virtual patients.

Table 6. Virtual patients: summary of ML models affected by missing data in a random missing data
scenario (NB: naive Bayes, RF: random forest, LR: logistic regression, ANN: artificial neural network,
DT: decision tree).

Model Detail Missing Data Range

ML Models Window Length 0–10% 0–30% 0–50% 0–70% 0–90%

Least affected

1 sample NB NB RF RF RF

6 consecutive samples RF RF RF RF RF

12 consecutive samples RF RF RF RF RF

24 consecutive samples RF RF RF RF RF

Most affected

1 sample ANN DT DT DT ANN

6 consecutive samples NB LR LR LR LR

12 consecutive samples LR LR LR LR LR

24 consecutive samples NB ANN ANN LR ANN
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Figure 4. Percentage decrease in Matthews correlation coefficient (MCC) values with different
window lengths for real patients.

Table 7. Real patients: summary of ML models affected by missing data in a random missing data
scenario (NB: naive Bayes, RF: random forest, ANN: artificial neural network, DT: decision tree).

Model Detail Missing Data Range

ML Models Window Length 0–10% 0–30% 0–50% 0–70% 0–90%

Least affected

1 sample RF RF RF RF RF

6 consecutive samples RF DT DT RF RF

12 consecutive samples RF RF DT RF RF

24 consecutive samples RF RF RF RF RF

Most affected

1 sample NB NB NB NB ANN

6 consecutive samples NB NB NB NB NB

12 consecutive samples NB NB NB NB NB

24 consecutive samples NB NB NB NB ANN
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3.2. Custom Missing Scenario

Figure 5 compares the MCC of various implemented ML models to custom missing
scenario case studies. The y-axis displays the mean MCC values obtained from the k-fold
iterations, and the x-axis displays the number of BG samples available before the meal.
The graphs demonstrate that the ML model degraded as the amount of missing data rose
and the quantity of BG samples fell. It should be noted that in addition to features derived
from BG values there were also features derived from RA and IOB values. However,
as illustrated in the figure, these had no significant impact on ML model learning.

Figure 5. Mean Matthews correlation coefficient (MCC) values against custom missing scenarios.

The graph demonstrates that the results from the 60 and 48 available data samples
were still acceptable, compared to other scenarios. The high MCC values resulted from the
feature chosen for analysis, which involved calculating the hourly mean and smoothing
out the missing data. This led to the conclusion that choosing the appropriate features can
mitigate the position of missing data. However, the results of 12 data samples show that
the ML models’ performance was still negatively impacted by the rise in the number of
missing data points.

During the percentage decrease analysis for the custom scenarios, each hourly missed
data point was compared to a baseline with no missing data. The same trend was observed;
ML model performance dropped significantly as the missing data increased. Overall,
despite the increase in missing data in each case, the performance of the RF model im-
plemented in this study tended to be better than that of other ML models. For example,
when only one hour was missed before the meal, the implemented ANN showed better
results, with a 6.46% decrease in MCC values from baseline, followed by RF with a 7.85%
drop. The implemented models, i.e., NB and SVM, were the most affected ML models,
with average decreases of 52.39% and 50.81%, respectively, as shown in Figure 6.
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Figure 6. Percentage decrease in Matthews correlation coefficient (MCC) values in custom missing scenario.

3.3. Impact of Interpolation Techniques

In this study, three ML algorithms, RF, LR, and ANN, were subjected to a series of
interpolation techniques to address missing data scenarios. Table 8 shows the resultant
performance metrics of these models under varying data samples’ missing percentages.

Table 8. Matthews correlation coefficient (MCC) values under random missing scenarios for virtual
patients after interpolation (RF: random forest, ANN: artificial neural network).

Missing Data 10% 30% 50% 70% 90%

ML Models RF ANN LR RF ANN LR RF ANN LR RF ANN LR RF ANN LR

Baseline results 0.73 0.63 0.62 0.71 0.61 0.60 0.68 0.58 0.56 0.67 0.56 0.54 0.66 0.53 0.52

Interpolation

Linear 0.68 0.58 0.57 0.68 0.58 0.57 0.67 0.58 0.57 0.67 0.59 * 0.56 0.66 0.56 0.55

Makima 0.68 0.58 0.57 0.68 0.58 0.57 0.68 0.57 0.57 0.68 0.58 0.56 0.67 0.55 0.55

Nearest 0.67 0.58 0.57 0.67 0.58 0.57 0.67 0.57 0.57 0.67 0.57 0.56 0.67 0.56 0.55

Next 0.67 0.58 0.57 0.67 0.58 0.57 0.68 0.58 0.57 0.67 0.59 * 0.56 0.66 0.57 0.56

Pchip 0.67 0.58 0.57 0.67 0.58 0.57 0.68 0.58 0.57 0.68 0.58 0.56 0.67 0.55 0.55

Previous 0.67 0.58 0.57 0.67 0.58 0.56 0.67 0.57 0.56 0.67 0.57 0.55 0.63 0.52 0.50

Spline 0.67 0.58 0.57 * 0.67 0.58 0.57 0.68 0.59 * 0.56 0.68 0.58 0.56 0.69 * 0.56 0.53

* Indicates the highest MCC value achieved in each category.

As shown in Table 4, the baseline results for MCC values for RF, ANN, and LR in the
absence of missing data were established as 0.74, 0.66, and 0.63, respectively. Even though
different interpolation approaches were used, these standards have still not been surpassed
or met. Notably, in an extreme case where 90% of the data samples were missing, the spline
interpolation technique marginally elevated the RF model’s performance to 0.69, a figure
modestly higher than the 0.66 observed without interpolation in Table 4. The ANN model,
however, attained a maximum MCC of 0.59, even with 50% of the data missing, facilitated
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by the linear and next interpolations—yet, this remains below its initial baseline results.
For LR, the highest achieved MCC with spline interpolation was 0.571.

For the RF model, both linear and spline interpolations demonstrated respectable
usefulness, particularly as the proportion of missing data increased, with spline having a
slight edge in the 90% missing data scenario. It is crucial to acknowledge that the decrease
in RF’s performance as missing data increased was comparatively less prominent than that
of ANN and LR across all evaluated interpolation techniques.

The linear interpolation method conferred a degree of robustness to the ANN model,
maintaining an MCC level above 0.56 despite up to 70% missing data. Meanwhile, other
methods exhibited only marginal performance variations compared to linear and did not
provide any substantial enhancement.

For the LR model, performance remained consistent across different interpolation
methods and levels of missing data, typically achieving MCC values around 0.56 to 0.57.
This uniformity suggests that LR’s effectiveness was relatively stable, regardless of the
interpolation method used, indicating resilience to varying degrees of missing data. Unlike
the RF and ANN models, complex interpolation methods do not significantly enhance
LR’s performance.

3.4. Impact of Missing Data on Feature Importance

This study examined feature selection using the F-measure of ANOVA for a classi-
fication problem involving numerical inputs and categorical outputs, determining the
relationship between each feature and the outcome variable. Figure 7 illustrates the impact
of missing data on the features extracted from the dataset after each missing data scenario
was embedded and the F test score for each extracted feature against the output variable
was calculated.

According to the heat map analysis, increased missing data significantly impacted
features dependent on BG values. In addition, it is essential to note that in random missing
scenarios, the BG values recorded at the meal and the mean BG values recorded before
the meal were more important than other features. However, their significance decreased,
compared to other features, as the number of missing data increased for both datasets,
i.e., real and virtual patients. The heat map supports the findings of prior experiments
illustrating relationships between features and highlighting trends in missing data, which,
in this case, indicates a decline in the efficiency of postprandial hypoglycemia prediction.

Features such as the AUC in both datasets showed different trends, i.e., the real dataset
showed a higher correlation with the target variable; however, in the virtual dataset, there
was little to no correlation with the target variable. Furthermore, if we look at a particular
dataset, we observe that the trends in features in both datasets are coherent, decreasing from
left to right. Similarly, features based on the ROC showed similar trends: low correlation
in the virtual dataset and high correlation in the real dataset. After conducting an in-
depth feature analysis, it was determined that the difference in preprandial hypoglycemia
between the two datasets was the primary cause of this trend in both of the features; more
specifically, the real patients dataset had a greater number of instances of preprandial
hypoglycemia than the virtual patients dataset. Consequently, the effect of missing data
on the feature in the virtual dataset had a more significant bearing than in the dataset
containing information about real patients. Nevertheless, the importance of features in
both datasets degraded as the missing data increased. The same scenarios were observed in
LBGI, where the feature importance was lowered, compared to other data features, with the
increment in missing data within each dataset. The reason behind this was probably the
higher coefficient of variance (CV) of the real patient’s dataset (46.41), compared to the
virtual patient’s dataset (39.01).

Moreover, the IOB in the real patient’s dataset did not correlate with the target variable,
but with the increase in the missing data, meaning the significance was slightly elevated.
However, in virtual patients, the IOB showed a significant elevation in importance as the
missing data increased. Therefore, it is concluded that, based on the correlation between
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variables within the dataset, the significance of features may vary with the amount of
missing data. It was found that missing data played a similar role in significantly reducing
the importance of features in custom scenarios. However, the significance of IOB and
RA rose as the missing data increased. Despite this, the performance of the ML model
continued to deteriorate, as evident from earlier in Figure 5.

Figure 7. Heat map representing the impact of missing data on virtual and real patients under
different missing scenarios.
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4. Discussion

The present study conducted an exhaustive investigation into the relationship between
the absence of CGM samples and the performance of ML models in predicting postprandial
hypoglycemia. The results of our study demonstrate that the absence of CGM samples
consistently impaired the effectiveness of ML models, confirming the crucial significance of
having complete data for the precise prediction of postprandial hypoglycemia. Among the
six machine learning models assessed (NB, RF, LR, ANN, DT, and SVM), the RF model
exhibited better performance in the face of missing data scenarios, surpassing other models
in performance across different patterns and quantities of missing data.

In conventional research, researchers often use basic imputation techniques to address
missing data, assuming that the missing samples are random or without conducting a
comprehensive analysis of the pattern or magnitude of the missing data. Although this
approach is practical, it fails to consider the subtle influence that various missing data
scenarios can have on the performance of ML models, as demonstrated by the results of
our study.

The decline in model performance as the amount of missing CGM samples increased
highlights the complex difficulties in accurately predicting postprandial hypoglycemia
using CGM devices. The reliability of hypoglycemia predictions can be directly affected by
device-related issues, such as sensor failures or connectivity problems, which can result in
data loss. The findings of this study regarding the performance of models in the presence
of missing samples are crucial for clinicians and patients who depend on ML-based tools
for managing diabetes. These findings emphasize the importance of conducting thorough
data quality assessments and creating more robust machine learning models.

By eliminating values six hours before each meal, we introduced a method pivotal for
examining the impact of preprandial glucose levels on managing postprandial outcomes,
notably hypoglycemia. Our study delved into how the chosen six-hour window affected
the prediction outcomes of machine learning models, by simulating various extents of data
removal before meals, ranging from one to five hours. These simulations involved different
numbers of available BG samples post-data removal. Our findings indicated that while the
machine learning models could accommodate minor data loss (e.g., one hour before meals),
their performance significantly degraded with more extensive data loss (where four and
five hours of data were removed). This gradient effect substantiated the hypothesis that
the proximity of data loss to mealtime critically influences model performance.

Our study applied various interpolation techniques to address missing data in the
six-hour preprandial window to fill missing samples in the BG. The methods used included
linear interpolation, which is known for its efficiency in linearly related datasets but is
potentially misleading when significant data are missing. Nearest-neighbor interpolation,
which preserved local trends, led to inaccuracies in clustered or varied samples. Addi-
tionally, next and previous interpolations offered reasonable estimates but were prone
to bias in non-uniformly distributed or non-linear samples. The Pchip method, while
preserving shape and monotonicity, sometimes faltered when cubic polynomials did not
align well with the data relationships. Makima interpolation, designed to minimize os-
cillations, and spline interpolation, valued for its smoothness, can be misleading when
rapid changes or low-degree polynomials do not adequately represent underlying trends.
Upon interpolating the missing BG data, we computed features based on hourly mean
values of the BG signal. Despite the high RMSE observed in the interpolation process,
as shown in Table 3, the mean values of these hourly features remained consistent with
those computed before the interpolation. This consistency in the features indicates that
although not accurate at every interpolated point, the methods managed to preserve the
statistical properties crucial for feature generation. As a result, when these features were
used in machine learning models, both interpolated and non-interpolated datasets yielded
comparable predictive outcomes. This illustrates the resilience of mean-based features
in maintaining critical data characteristics, even in the presence of interpolation-induced
errors. In conclusion, while interpolation techniques are essential for handling missing
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data, they also present potential pitfalls. Researchers must recognize these risks and criti-
cally assess their assumptions and the characteristics of their specific datasets to prevent
potential biases and misinterpretations. This careful consideration is necessary to ensure
the reliability of data-driven insights in clinical research settings.

The study also demonstrated that the negative consequences of the missing samples
could be alleviated by utilizing complementary and informative non-point features, indi-
cating a potential approach to improve the robustness of the model. The varying influence
of missing samples on the significance of features underscores the necessity for deliberate
feature selection when creating ML models for hypoglycemia prediction. Furthermore,
the findings of the study prompt thought-provoking inquiries regarding the characteristics
of missing samples within the datasets. The present study examined custom and random
missing data scenarios that replicated real-world situations, including device malfunctions
or arbitrary data loss. These scenarios aimed to comprehensively comprehend the potential
impact of such incidents on ML predictions within clinical settings. The varying impacts of
custom and random missing data scenarios on the performance of models highlight the
necessity for more advanced data-handling approaches that consider the characteristics of
the missing information.

However, it is essential to acknowledge the limitations and challenges inherent in our
research methodology. One limitation is the unavailability of real patient datasets with no
missing data, which prompted the use of the VP dataset in our study. In real-life scenarios,
information about the specific faults or events that produce certain types of missing CGM
samples is also challenging to obtain. Therefore, our use of custom and random missing
data scenarios aimed to simulate real-world conditions as closely as possible. Furthermore,
our study primarily focused on CGM values due to their susceptibility to missing data,
as this aspect reflected real-world scenarios, where data loss occurs due to CGM device
faults or any other unforeseen circumstances. Nevertheless, we recognize that additional
physiological markers or lifestyle factors may substantially influence the prediction of
postprandial hypoglycemia. Although the current focus is on a specific aspect, including
more variables in the analysis could provide more comprehensive knowledge of how
missing data affect the performance of model predictions and the interaction between
different factors with postprandial hypoglycemia prediction.

Our study focused on varying CGM values while keeping other features unchanged,
to isolate the effects on model performance. However, this approach may have only partially
captured the complexity of real-world scenarios, where multiple factors affect model
performance simultaneously. To enhance the robustness and generalizability of our findings,
future research should consider simulations incorporating variations in environmental
conditions, patient activity levels, and other physiological variables, alongside CGM values.
This multi-factorial approach could provide deeper insights into the models’ sensitivity
and adaptability, which is crucial for developing more effective decision support systems.
Employing advanced machine learning techniques to handle high-dimensional data with
varied parameters could be an interesting study to see the models’ performances and
their real-world applicability. By expanding the scope of variable parameters, future
studies can aim to develop systems that are robust against the complexities of real-world
diabetes management.

The selection of six ML models in our study was based on prior research and their
established efficacy in predictive modeling tasks, which provided insights into their perfor-
mance in similar healthcare applications. While the models utilized in this study offered
a comprehensive representation of different ML approaches, other models or ensemble
techniques could yield different results and may warrant exploration in future studies. Ad-
ditionally, our study did not include an analysis of different imputation techniques due to
the extensive nature of such analysis. This limitation prevented us from exploring potential
methods of effectively handling missing data. Future research should incorporate various
imputation techniques to determine their impact on model performance and provide more
comprehensive insights into handling missing data in predictive modeling tasks.
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Future research should prioritize the development of sophisticated imputation tech-
niques to effectively mitigate the impact of missing samples on the performance of ML
models. Investigating methodologies such as multiple imputations or deep-learning-based
approaches may present more advanced strategies for addressing missing samples, thereby
enhancing the performance and dependability of models. Furthermore, researching the
influence of missing data on various medical predictions can enhance our comprehension
of its ramifications in healthcare contexts. Additional investigation could also cultivate ML
models specifically tailored to manage low-data-density datasets. These models have the
potential to provide more dependable forecasts in situations where data loss is unavoidable,
thereby improving the effectiveness of ML in clinical decision-making. Our study under-
scores the necessity for further investigation into feature engineering and model selection
strategies capable of enduring the difficulties posed by missing data. Identifying features
that maintain their predictive efficacy, even in datasets with incomplete information, can
enhance the robustness of ML models, enabling them to generate accurate predictions even
under suboptimal data conditions.

5. Conclusions

The impact of missing data on ML models and features is discussed in this study,
with impact depending on the amount, length, and occurrence of missing data. The study
uses virtual and real patients to examine the trends of missing data on six different ML
models. It is worth noting that the RF produces better MCC results despite missing data.
It should be noted that the position of the missing data in the dataset and the amount of
missing data contribute to the degradation of the ML model. Furthermore, this study uses
seven different interpolation techniques to address and evaluate the handling of missing
data. Although these methods may introduce biases at some point, the overall integrity of
the dataset is not compromised in any way. It was also observed that although individual
samples post-interpolation exhibited high RMSE values, the incorporation of features,
including mean values, negated this effect, allowing models to predict the output closely.
However, the performance of these models, while near, remained within baseline results.
Data scientists are advised to consider that even when there are missing data points in the
dataset, better results can still be obtained by selecting the right ML model and features that
smooth out the effect of missing data. Different interpolation and imputation techniques
can be explored for future work to overcome the missing data for better results.
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