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1 Abstract

This paper focuses on a statistical analysis performed
on data sets from diabetes prevention research, starting
with aspects on people's health and their correlation
with diabetes, continuing with a proposal to optimize a
continuous glucometer. Through examination of
various health factors such as age, gender, BMI,
hypertension, heart disease, and smoking history,
alongside key biomarkers like blood glucose and
hemoglobin Alc, the study uncovers correlations
crucial for early detection and prevention strategies.

The analysis utilizes hypothesis testing, correlation,
regression, and clustering methods to identify patterns
and relationships that aid in the classification and
diagnosis of diabetes. These insights are essential for
developing effective management strategies and
increasing awareness of diabetes risk factors.
Additionally, the paper explores a simplified and cost-
effective model for a Continuous Glucose Monitor
(CGM) featuring LEDs for immediate visual feedback
on glucose levels. This proposed design addresses the
financial barriers associated with current high-end
CGMs by incorporating economical materials such as
stainless steel or graphite for electrodes and a
replaceable lithium battery. The simplified CGM aims
to improve accessibility = while  maintaining
functionality for real-time glucose monitoring. By
combining statistical evidence with innovative design
considerations, this study emphasizes the importance of
affordable and reliable CGM technology in enhancing
diabetes management and prevention.

2 Pathological background

Diabetes is a chronic disease caused by either
insufficient insulin production by the pancreas or
ineffective insulin utilization by the body. Insulin is a
hormone that regulates blood glucose levels.
Hyperglycemia, commonly known as elevated blood
glucose or blood sugar, is a common complication of
untreated diabetes that causes catastrophic damage to
many of the body's systems, particularly to neurons and
blood vessels [1], [2].

There are two types of diabetes: type 1, characterized
by deficient insulin production and type 2, which stops

the body from using the insulin properly. Type 2
diabetes is much more prevalent than type 1 diabetes.
Approximately 90-95% of all diabetes cases
worldwide are type 2, while only about 5-10 % are type

1[3], [4].

Type 1 diabetes is an autoimmune disease. The
immune system mistakenly attacks and destroys the
insulin-producing cells in the pancreas, leading to a
lack of insulin. This type of diabetes often develops
early in life, usually during childhood or adolescence,
although it can occur at any age. It tends to have a
sudden onset, with symptoms appearing relatively
quickly [5], [6]. Type 2 diabetes, is primarily caused by
a combination of genetic factors and lifestyle choices
such as poor diet, sedentary lifestyle, and obesity. In
this type of diabetes, the body either doesn't produce
enough insulin or becomes resistant to the effects of
insulin. This one is more commonly diagnosed in
adulthood, although it is increasingly being seen in
children and adolescents. The onset of type 2 diabetes
is gradual, and symptoms may go unnoticed for years.
This pathology is closely linked to excess body weight
and obesity. Obesity contributes to insulin resistance,
which is a hallmark of type 2 diabetes. Type 2 diabetes,
however, is largely preventable or delayable through
lifestyle changes such as maintaining a healthy weight,
eating a balanced diet, engaging in regular physical
activity, and avoiding tobacco and excessive alcohol
consumption [7], [8].

Diabetes can eventually damage blood arteries in the
heart, eyes, kidneys, and nerves. People who suffer
from this disease are more likely to suffer from heart
attacks, strokes, and renal failure. This condition can
result in irreversible vision loss by destroying blood
vessels in the eyes. It may also cause nerve loss and
insufficient blood flow, which favors the onset of
necrosis and ultimately lead to the necessity of
amputation [9].

People with type 1 diabetes require lifelong insulin
therapy since their bodies do not produce insulin.
Insulin is necessary for regulating blood sugar levels
and allowing glucose to enter cells for energy. Type 2
diabetes, at least in the early stages, can often be
managed through lifestyle modifications, oral
medications, or non-insulin injectable drugs. Some
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individuals with type 2 diabetes may eventually require
insulin treatment as the disease progresses [10].

The diagnosis of diabetes is typically established
through a combination of medical history, physical
examination, and laboratory tests. The most common
symptoms are frequent urination, excessive thirst,
unexplained weight loss, lethargy, or blurred vision.
Doctors will also evaluate the patient’s risk factors,
such as family history, age, weight, and physical
inactivity. Advances in diagnostic techniques,
particularly during the COVID-19 pandemic, have
improved detection accuracy. Traditional methods like
fasting plasma glucose (FPG), oral glucose tolerance
tests (OGTT), and hemoglobin Alc measurements
remain fundamental[11].

3 Bioanalysis — Data analysis of a group of patients

In this project we will attempt to conduct an
exploratory data analysis and data visualization through
hypothesis  testing, correlation, regression and
clustering methods on the data sets obtained from the
diabetes prevention research. In the end we will lay out
several conclusions resulting from our calculations.

Hypothesis testing is a very important part of
statistical inference. It is about deciding whether the
value we have found, or some other value is the true
value. To do this, two or more hypotheses are
formulated and, by means of various statistical tests,
with the information that comes from the population
sample, it is decided which of the hypotheses is
accepted. The hypotheses discussed and used in this
analysis will be the null hypothesis, HO, which tries to
reflect that the observed phenomenon is the result of
chance and that “there is nothing interesting to study.”
and the alternative hypothesis, H1, which is the
hypothesis that is put forward and that we want to prove
[12].

The most common approach is to focus on the null
hypothesis and decide whether to accept or reject it.
This is done by examining the evidence provided by the
observed data against the null hypothesis, if the
evidence is large, HO is rejected. To find the evidence
first we apply a statistical test on the sample. Then we
evaluate the possible values obtained from the test to
determine which values lead to accepting the null
hypothesis and which to rejecting it. If we think of the
distribution of the sample statistic, the calculated
statistic (mean or variance, respectively) will be located
somewhere on the graph. If its location is at some
extreme of the graph, where the probability states it is
very unlikely to occur, the null hypothesis will be
rejected. But it is necessary to establish the criterion
that indicates up to where the value of the statistic
validates the null hypothesis and from there, it rejects
it. The criterion is a, the level of error, which usually
takes the value of 0.05, a practical standard introduced
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in the 1920s by Ronald A. Fisher, statistician and
biologist [13].

There are two types of errors when assessing with a
statistical test whether we accept or reject the null
hypothesis. Type I error appears when the null
hypothesis is rejected when it is true, while type II error
is happening if the null hypothesis is accepted when in
fact it should have been rejected. The probability of
committing the type I error is a and the probability of
committing the type II error is S. Although it is desired
that § be as small as possible and o be as small as
possible, these two errors are complementary, so that
what is prioritized is that a be small and 1-f, the
statistical power [14], should be large.

The p-value is the conditional probability of the
extreme values of a statistical test assuming that the
null hypothesis is true. As the p-value becomes larger
it means that the value of the mean of the alternative
hypothesis (8), seen in Eq.(1), is not so far away from
the null hypothesis (6), but closer to it, fitting the
generated distribution. For the p-value to help decide
whether to accept or reject the null hypothesis, it is
necessary to establish a threshold probability value at
which the null hypothesis no longer agrees with the
observed data. This threshold is called the significance
level or test size and corresponds to a; if values smaller
than this are obtained, the data are said to provide
statistically significant evidence against HO. Typical
significance levels are: 0.01, 0.05 or 0.1.

H1:9¢90 (1)

When significant differences are found between the
value of the analyzed sample statistic and that of the
population, it is assumed that this difference is very
unlikely to be due to chance alone, and that the sample
is different from the proposed null hypothesis. In the
case of small sample sizes, it may be the case that we
reject HO but it is true, leading to an inconclusive result,
as it is not really known which of the two scenarios, we
may be in. For a binary random variable X, the possible
values are 0 and 1. In hypothesis testing one is often
interested in assessing the proportion of the population
that has had the outcome of interest, i.e. X=1. The
hypothesis testing of two population proportions is
equivalent to the comparison of means of a population
with a normal distribution, with known variance or
large population size. Consequently, the statistical test
to be applied is z-test. The null hypothesis will
therefore follow a normal distribution. When
comparing two mean values in the hypothesis, the tests
to be performed are called two-sample tests. The two
samples from which the test is carried out to compare
the means can be either independent (where samples
come from distinct populations) or dependent (where
samples come from the same population and suppose
observations in different time points). Non-
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parametrical tests: In the study situation where a
hypothesis test has to be performed and the populations
do not follow a normal distribution, the tests studied in
the previous unit may not yield conclusive results when
applied to the samples. In this case, it will be necessary
to apply the corresponding non-parametric test to
perform the test. These tests assume little or nothing
about the probability density obtained from the data.
Therefore, they are often used in cases where the
samples are not normally distributed, or it is not known
which distribution they follow, or their sample sizes are
very small. The analysis of non-numerical data would
also fit here [15], [16][15], [16].

Chi-square test is used to analyze categorical data.
The organization of data for this analysis uses cross
tables. Cross tables are a simple and powerful method
for aggregating count data into different categories.
These tables consist of f rows and ¢ columns. The
simplest case would be a 2x2 table. The rows represent
different categories of one categorical variable and the
columns represent different categories of another
categorical variable [17].

What the contingency tables show is a “summary” of
the categorical data. In situations where the
assumptions of the Chi-square test are not met, Fisher’s
exact test must be performed [17], [18]. It calculates
every possible combination of the N values in the table
(it performs a permutation of all values in all existing
categories, as long as the value of the sum of the rows
and columns remains the same). With the resulting
values it creates a distribution in which calculates how
extreme the results are for the resulting contingency
table. Fisher’s test is usually used in scenarios where
two variables with two categories each are compared.
The assumption is the same as for %2 for independence.

Linear regression models are based on how two
quantitative variables, one explanatory and one
response, are related to each other. They are an
alternative study to try to create a model of how two
variables are involved in a biological phenomenon. The
idea of a model is to predict unknown values of the
response variable as a function of the values of the
explanatory variable, henceforth referred to as
prediction. However, before calculating the regression
model, it is essential to prove that two variables are
related, which can be assessed though the value of
covariance [15].

The slope establishes the linear relationship that
exists between the response variable and the predictor,
and is interpreted as the estimator of change in the
response variable associated with a one-unit increase in
the predictor variable, which would be expected to
increase on average as we move from unit to unit in the
predictor variable. If it is decided to make a linear fit by
minimizing the value of the Sum of Squares of
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Residues (RSS) as much as possible, the least-squares
method is being used to make the fit, and the line
obtained is called Least-squares regression line.

Goodness-of-fit refers to how well the regression
model fits the observed data, and is represented by the
R-squared value, R2. The RSS (the sum of squared
residuals) quantifies the discrepancy between the
observed data and the regression line that represents
them; the greater the RSS obtained, the greater the
difference between what is expected by the model and
what is observed. This value could be identified as the
random variation that the response variable has to the
model, which would be nothing more than the lack of
fit to the model. In contrast to this value would be the
R2: how well our regression model represents the
observed data and explains the variation in the response
variable. Its value is between 0 and 1, the larger the
better the model fits the data. R2 is calculated as 1
minus the ratio between the total variation of the
response variable and the random variation of the
response variable [19], [20].

3.1 Clustering methods

In bioinformatics we can find a series of explanatory
variables that can predict the values of a response
variable, which are unknown. This is a model. If the
model uses the available data to predict new values,
then it is a supervised learning method, such as linear
regression. Unsupervised learning methods attempt to
identify the underlying data structure of a given set,
without focusing on a specific variable [21].

Clustering is a very important class of unsupervised
methods, used to identify subgroups within a
population. For example, if we had a quantitative
variable and we had to find out into how many
categories it could be classified according to the
variable’s data, clustering would help us to do this
classification. Classification is based on the notion of
the degree of similarity or dissimilarity of the data,
which is quantifiable with a measure of distance [22],
[23].

The K-Means algorithm is the simplest algorithm that
uses the Euclidean distance squared to quantify how
different the data is. It is an iterative algorithm, in
which we must first indicate the number of groups into
which we believe the population is divided, which
corresponds to the value of K. The objective will be to
try to group the n observations from the data set into
one of the K clusters, based on their dissimilarity. Once
the observations are assigned to a cluster, they are
treated as similar within that group and are no longer
distinguished from one another. This algorithm does
not take into consideration the slight differences
between the elements from each cluster, which could
have a substantial impact on the results [21], [24].
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4 Assessment

This analysis investigates a range of factors that refer
to the individuals’ health and their interconnection to
this pathology. Insights and patterns can be created to
classify diabetes and facilitate its diagnosis.
Furthermore, the connections found between variables
can also be used in order to prevent diabetes and make
people more aware of their chances of being diagnosed
with this disease. The parameters considered in this
analysis represent different characteristics, behaviors
and conditions of the subject being studied. In this case,
when referring to diabetes, the most important [7], [11]
are the following:

Age plays a crucial role in predicting diabetes risk. As
people age, the likelihood of developing diabetes rises.
This can be attributed to several factors, including
decreased physical activity, alterations in hormone
levels, and an increased risk of developing additional
health issues that may lead to diabetes. The influence
of gender on diabetes risk is notable, though the extent
of this effect can differ. Women who have experienced
gestational diabetes, which occurs during pregnancy,
are at an increased risk of developing type 2 diabetes in
the future. Furthermore, certain research indicates that
men might possess a marginally elevated risk of
developing diabetes in comparison to women. Body
Mass Index (BMI) serves as an indicator of body fat,
calculated using an individual's height and weight. This
measure is frequently utilized to assess general weight
status and may assist in forecasting the risk of diabetes.
A higher body mass index correlates with an increased
risk of developing type 2 diabetes. Excess body fat,
especially in the abdominal area, may contribute to
insulin resistance and hinder the body's capacity to
manage blood sugar levels effectively. Hypertension,
commonly referred to as high blood pressure, is a
condition that frequently occurs alongside diabetes.
Both conditions exhibit overlapping risk factors and
may influence the progression of one another. The
presence of hypertension elevates the likelihood of
developing type 2 diabetes, and this relationship is
reciprocal. Both conditions may negatively impact
cardiovascular  health. Heart disease, which
encompasses conditions like coronary artery disease
and heart failure, is linked to a heightened risk of
developing diabetes. The connection between heart
disease and diabetes is reciprocal, indicating that the
presence of one condition heightens the likelihood of
acquiring the other. This occurs due to the presence of
several shared risk factors, including obesity, elevated
blood pressure, and high cholesterol levels. Smoking
history represents a changeable risk factor for diabetes.
Research indicates that cigarette smoking elevates the
likelihood of developing type 2 diabetes [25]. Smoking
has the potential to lead to insulin resistance and
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negatively affect glucose metabolism. Ceasing
smoking can greatly lower the likelihood of
experiencing diabetes and its associated complications.

HbAlc Level serves as an indicator of the average
blood glucose concentration over the preceding 2-3
months. [25] also discusses aspects related to the
management of blood sugar levels over an extended
period. Elevated HbAlc levels suggest inadequate
glycemic management and correlate with a heightened
likelihood of developing diabetes along with its
associated complications.

The blood glucose level indicates the concentration of
glucose in the bloodstream at a specific moment. High
blood sugar levels, especially when fasting or after
eating carbohydrates, may suggest issues with glucose
regulation and raise the likelihood of diabetes
development, thus, its management is important [4].

4.1 Datasets and analysis

The diabetes prediction datasetis a collection of
medical and demographic data from patients, along
with their diabetes status (positive or negative). The
data includes features supposedly collected from
patients such as age, gender, BMI, hypertension, heart
disease, smoking history, HbAlc level, and blood
glucose level [26]. Though the exact origin of the
dataset is not specified, it is structured to support
machine learning models and predictive analysis tasks
related to diabetes diagnosis. The dataset is well-suited
for training classification models to predict diabetes
risk and for learning basic data science techniques and
is accredited by Kaggle [27] with 100 % usability
score. The dataset used the medical history of 100.000
patients. The frequency, when used later in this chapter,
refers to the number of patients out of the total number
of 100.000which have presented the characteristic
analyzed in the respective figure.

Analyzing this dataset about diabetes by using
RStudio [28], [29], we could establish an overview of
the parameters and the correlations between them.

The age at which patients from the dataset are most
likely to get diagnosed with diabetes can be observed
in the figure below. The histogram in Fig. 1 shows us
the existence of this pathology among individuals of
different ages. Frequency refers to the incidence of
diabetes out of the 100.000individuals from the dataset
utilized, while age refers to the age of the individuals at
which they have been diagnosed with diabetes. It is to
be observed that the maximum global frequency of
diabetes is at the age between 75 and 80 years old.
Furthermore, a local maximum frequency of diabetes is
found between the ages of 45 and 50 years old.
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Fig. 1: Histogram showing the frequency, also known as the incidence of diabetes in 100.000 patients at different ages.
Figure created by the authors, using RStudio. Data source: Kaggle, [26].

Furthermore, the impact of blood glucose and
hemoglobin Alc of each patient is analyzed in the
dataset. The histogram in Fig. 2 depicts the frequency,
which refers to the incidence of diabetes out of the
100.000individuals from the dataset utilized, of the
blood glucose level both in diabetes diagnosed people
(depicted in the legend with the color cyan and number
1) and in the non-diabetes group (depicted in the legend
with the color red and number 0). A significant
difference in frequency is observed because the
diabetic sample is much smaller than the non-diabetic
one in the dataset that has been used. The sample with
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the value 1 represents the diabetic group, shown in Fig.
2 with the color cyan, while the value 0 is used to
represent the non-diabetic group, represented through
the color red, which has lower blood glucose levels. It
can be observed that the diabetic group (value 1) is
distributed at higher levels of blood glucose.
Nonetheless, a mixed area can be observed around the
125-160 blood glucose level, where the plot bars are
intercalating which can possibly indicate a future
prediabetes diagnosis for the non-diabetic group
present in this segment.
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Fig.2: Blood glucose level in diabetes group versus non-diabetes group. Figure created by the authors, using RStudio. Data
source: Kaggle, [26].
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The histogram in Fig. 3 shows the frequency of the
blood sugar found in hemoglobin by using the Alc test
both in the diabetes, and in the non-diabetes
group.Frequency refers to the incidence of diabetes out
of the 100.000individuals from the dataset utilized. The
unit of measure used for the HbAlc level is the
percentage of hemoglobin that is glycated, meaning
bound with glucose. According to current clinical
guidelines, an HbAlc level below 5.7 % (39
mmol/mol) is considered normal, values between 5.7 %
and 6.4 % (39—46 mmol/mol) indicate prediabetes, and
levels equal to or above 6.5 % (48 mmol/mol) are
diagnostic for diabetes. Similarly to Fig. 2, a significant
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difference in frequency is observed because the
diabetic sample is much smaller than the non-diabetic
one in the dataset that has been used. With the color
cyan we can observe that the diabetic group has higher
blood sugar found in hemoglobin level, while color red
is used to represent the non-diabetic group which has
lower blood glucose levels. Nevertheless, a mixed area
can be observed around the 5.6 %-6.6 % blood sugar
level in the hemoglobin, where the plot bars are
intercalating which can possibly indicate a future
prediabetes diagnosis for the non-diabetic group
present in this segment.

diabetes

|I,II'IIII 1 .1 11
G 7

3 9

HbA1c level [%]

Fig.3: Glycated hemoglobin Alc levels in healthy vs. diabetic people. Figure created by the authors, using RStudio. Data
source: Kaggle, [26].

The boxplot in Fig. 4 shows that blood glucose
levels are proportional to chances of having diabetes
and can be used in order to establish a diagnosis for the
patient. However, there is an interval of glucose levels
that underline the need for other data to reach an
accurate diagnosis. The blood glucose concentration,
denoted as [Glucose level], is commonly expressed in
milligrams per deciliter (mg/dL) in clinical practice.
According to established clinical thresholds, fasting
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glucose levels below 100mg/dL are considered
normal, values between 100 and 125 mg/dL indicate
prediabetes, and levels equal to or greater than
126 mg/dL are diagnostic for diabetes. Violet color is
used to represent the non-diabetic group, while cyan is
used to represent the diabetic group, but there is the
possibility of the prediabetes diagnostic being present
in the non-diabetic group, but undiagnosed.
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Fig. 4: Boxplot of blood glucose levels for diabetic people and undiagnosed people. Figure created by the authors, using
RStudio. Data source: Kaggle, [26].

Moreover, a similar impact can be seen in Fig. 5 for
the blood sugar found in hemoglobin by using the Alc

test. The higher the sugar levels are, the higher become
the chances of a diagnosis of diabetes.
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Fig. 5: Boxplot of glycated hemoglobin levels measured with the Hb_Alc test for diabetics and undiagnosed people. Figure
created by the authors, using RStudio. Data source: Kaggle, [26].

With the relation of the blood sugar and the
hemoglobin Alc levels in mind, the next logical step is
to wonder if they follow a linear regression. Linear
regression is the mathematical model used to describe
the relation between a dependent and independent
factor. Using RStudio, a plot was computed in Fig. 6 to
show the blood sugar level found in hemoglobin in
respect to the blood glucose level. Even though it is
clearly not a linear regression, we can still see the two
diabetic and non-diabetic groups naturally formed and
the intercalating area corresponding to the prediabetic
diagnosis. The healthy and non-diagnosed individuals
are represented with the color cyan and value 0, while
the diabetes diagnosed group is represented through the
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color red and attributed the value 1, as shown in the
legend. Also shown in the legend, are the dots of
different sizes, meaning that the bigger dots are used to
represent a higher count of individuals on the plot,
while the smaller dots are used to represent fewer
individuals. There is a significant difference in sample
size between the two states, with a notably smaller
number of patients represented in the diabetic category.
This can be observed in the illustration by the size of
the dots in the graph. The radius of the dot grows
proportionally to the numbers of individuals that are
represented through it, as is shown in the legend, on the
right side of the figure.
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Fig. 6: Level of glycated hemoglobin in relation to blood glucose level. Figure created by the authors, using RStudio. Data

source: Kaggle, [26].

The next factor we analyzed is the BMI. The first can be seen in Fig. 7. Moreover, a Kolmogorov-
questions asked are how does the BMI influence the = Smirnov test was conducted. Following the test, the p-
diabetes diagnosis and whether it is following a normal  value resulted to be smaller than 0.05 which means that
distribution along our population. In order to answer the null hypothesis is rejected, and the alternative one
this question, a normal Q-Q graph comparing the is accepted — the BMI distribution is not normal.
sample and the theoretical quantiles was plotted, which

80
|

60

20

Sample Quantiles

Theoretical Quantiles

-2

I | |
0 2 4

Fig. 7: Normal Q-Q plot to test the distribution of body mass index (BMI). Figure created by the authors, using RStudio.

Data source: Kaggle, [26].

Even though the BMI does not follow a normal and the non-diabetes groups. To check if this difference
distribution, the boxplot diagram in Fig. 8 depicts a  has any real statistical relevance, a Wilcoxon rank test
significant difference between the BMI in the diabetes  for unpaired samples was conducted. The p-value

Page 8



StuFoTech — Conference on student research in the field of electrical engineering — CAU Kiel, 2025

obtained within the Wilcoxon signed rank test was
smaller than 0.05 concluding that the null hypothesis is
rejected and the alternative hypothesis is accepted — the

BMI means of the two groups are indeed different. BMI
is measured in kilograms per meter squared (kg/m?)
when using the metric system.
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Fig. 8: Boxplot with BMI in diabetic vs. undiagnosed people. Figure created by the authors, using RStudio. Data source:
Kaggle, [18].

Principal Component Analysis (PCA) is a
statistical method used to simplify complex datasets by
transforming a large set of variables into a smaller
number of "components". A component is a new,
synthetic variable that combines the original data points
into a single axis of variation, allowing us to see
patterns that are otherwise hidden. To see what kind of
role each variable, that represents a factor for diabetes,
has in the analysis of this dataset, a scree plot diagram
is produced. As seen in Fig. 9, it was performed for age,
hypertension, heart disease, BMI, hemoglobin Alc
level, blood glucose level and diabetes diagnosis.
Although it is the outcome variable, we kept the
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diabetes diagnosis in our analysis to visually
demonstrate how it aligns and correlates with the
clinical risk factors. The scree plot is used to determine
the number of factors to retain in the principal
component analysis. While the cumulative proportion
indicates that the first six components explain nearly all
of the total variance, the first component, which is
primarily influenced by age, has the most significant
impact on the analysis. This implies that almost all
variation of the data in the set of variables can be
represented by the first six principal components, the
first one, age, having the biggest impact on the analysis.
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Fig. 9: Scree-plot for all numeric columns (age, hypertension, heart disease, BMI, glycated hemoglobin level, diabetes
diagnosis, blood glucose). Figure created by the authors, using RStudio. Data source: Kaggle, [26].

The goal of the visualization of the Cos2 bar plotin  for example heart disease and BMI, on the other hand,
Fig. 10, is to determine how much each variable is means a good representation of the variable on that
represented in a given component. A low value, suchas  component. Including the diabetes diagnosis here
the hypertension value, means that the variable is not  allows us to verify the quality of its representation
perfectly represented by that component. A high value, relative to the predictors.
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Fig. 10: Chart for all numeric columns. Figure created by the authors, using RStudio. Data source: Kaggle, [26].
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In the PCA variable correlation circle in Fig. 11, all
the variables that are grouped together and have similar
colors are positively correlated to each other. It can be
observed that blood glucose, blood sugar found with
Alc test and diabetes are all pointing in the same
direction, meaning that they are strongly correlated to
each other. This clustering confirms that our principal
components successfully captured the clinical
relationship between high sugar levels and a positive
diagnosis. Additionally, age, BMI, hypertension and
heart disease are also variables that are connected.
Then, the higher the distance between the variable and
the origin, the better represented that variable is. Thus,

age

bmi heart_disease

“hy pei_'ter?&{gn \

Dim2 (19%)

g
diabetes [/
“ HbAjc_level

blood_glucose_level
' [
0.2 0.1 0.0

Dim1 (30.5%)

one variable that is poorly represented in a given
component is the gender of the patients. Finally,
variables that are negatively correlated are displayed to
the opposite sides of the biplot’s origin. It can be said
that the smoking history and gender do not play an
important role among the factors used to diagnose
diabetes in this specific projection. In this PCA, Dim 1
represents the first Principal Component 1, while Dim
2 represents the second Principal Component.. They are
not original variables like age or BMI. Instead, they are
new artificial variables created by PCA as linear
combinations of the original variables such as age,
BMI, HbA c, glucose level or hypertension.

cos2
0.08

R s 0.06
smoking_history™
0.04

0.02

Fig. 11: diagram. Figure created by the authors, using RStudio. Data source: Kaggle, [26].

Next, the correlations between the parameters are
analyzed. In Fig. 12, a correlation heatmap is shown,
where each variable is represented by a row and a
column, and the cells show the correlation between
them. The color of each cell represents the strength and
direction of the correlation, with darker colors (purple)
indicating stronger negative correlations, white
indicating no correlations and brighter colors (red)
indicating stronger positive correlations. Here, medium

DOI. 10.38071/2026-01078-3

correlations can be observed between age and BMI, age
and diabetes; weak correlations can be observed
between diabetes and blood sugar found in hemoglobin
levels respectively. The factors that are strongly related
to diabetes, can be observed having a slightly darker red
color than the rest at the intersection square, such as
age, hypertension, glycated hemoglobin (HbAlc) and
blood glucose level.
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Fig. 12: Heatmap-Correlation Map. Figure created by the authors, using RStudio. Data source: Kaggle, [26].

5 Glucometers

Glucometers are vital equipment for measuring blood
glucose levels, particularly for diabetics. They deliver
quick results, allowing consumers to better manage
their  health. These devices frequently use
electrochemical methods, such as the amperometric
approach, to determine glucose concentration [30].

The amperometric approach relies heavily on test
strips. Each strip contains three electrodes: a working,
areference, and a counting electrode, as seen in Fig. 13,

vref

which was made with Canva [31]. When a drop of
blood is added to the strip, glucose reacts, resulting in
an electrical current. An amplifier converts the current
into voltage. A microcontroller processes the signal and
displays the glucose level on the screen. This method
ensures that the reading is precise and quick. The signal
is filtered to reduce mistakes before being converted to
a digital value. Because of this approach, glucometers
can provide accurate real-time information, allowing
people to better check their blood sugar levels and
manage their health.

Rf

+VBIAS (mV) from CAD

V out
Amp. Op. > T

Current - Tension Converter

Fig. 13: Electrical schematic of glucometer. Figure created by the authors, using Canva, [31].
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5.1 Continuous glucose monitoring systems
Assessment

Continuous glucose monitoring (CGM) has become
an important advancement in diabetes management,
offering patients real-time insights into their glucose
levels. Traditional glucometers have long served as
essential tools for maintaining glycemic control, but
their utility is tempered by processes that can be
uncomfortable and often lead to reduced adherence
[32].

The glucose in the interstitial fluid flows through a
semi-permeable membrane, reaching the layer of the
sensor containing glucose oxidase. The two compounds
form a redox reaction, which releases electrons. The
needle electrode channels the formed electric current to

Battery
(exchangeable)

an amplifier, further electronic components facilitate
the transmission and reading of the glucose level.

The advent of CGM has revolutionized glucose
monitoring by eliminating the need for repetitive
invasive tests. These devices use a small sensor inserted
under the skin to measure glucose levels in the
interstitial fluid continuously. Data is then transmitted
wirelessly to a receiver or smartphone, enabling users
to track glucose trends, receive alerts for hypo- or
hyperglycemic events, and make informed decisions
regarding their treatment plans. Devices such as the
Dexcom G6 have set a high standard in this field,
offering seamless integration with insulin pumps and
mobile applications for comprehensive diabetes care
[33]. While their benefits are evident, the relatively
high cost of such devices limits their accessibility,
particularly for patients in low-resource settings.

Fig. 14: Model for LED-CGM - top view.

Semi permeable membrane,
that lets glucose through.

Glucose oxidase with
mediator, that facilitates
electron transfer onto the
electrode.

Needle electrode =

stainless steel, gold,
graphite, etc.

Fig. 15: Model for LED-CGM - bottom view (sensor depiction).

To address these challenges, we propose a
simplified and affordable CGM design that maintains
essential functionalities while reducing manufacturing
costs. The device’s sensor system would utilize a semi-
permeable membrane that permits glucose molecules to
interact with a glucose oxidase enzyme layer [34],
[35][2], . This reaction generates electrons, which are
measured by needle electrodes crafted from economical
materials such as stainless steel or graphite, as depicted
in Fig. 17. Unlike high-end CGMs, which typically rely
on app-based interfaces[33], the proposed design,
according to Fig. 14, incorporates a straightforward
LED feedback system to display glucose levels.
Different colors (green and red) would indicate normal

DOI. 10.38071/2026-01078-3 |

and critical glucose ranges, respectively. This approach
not only simplifies data interpretation but also
eliminates the need for smartphones, enhancing
accessibility for users in diverse demographic groups.
The device would also feature a replaceable lithium
battery, like the Free Style Libre Reader [36], but
smaller, ensuring reliable operation and reducing
maintenance costs over its lifecycle.

Such a device would offer numerous advantages,
particularly in its affordability and ease of use. By
eliminating the reliance on complex app interfaces, it
caters to individuals with limited technical proficiency
or access to digital devices. The LED feedback system
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provides glucose readings, making it suitable as both a
primary monitoring device and a backup tool in case of
malfunctions. However, the simplified design also
comes with limitations. LED-based feedback lacks the
detailed data offered by devices like the Dexcom G6
[33], which integrate seamlessly with advanced
analytical tools. Because of this reason, it might be
challenging to set a precise healthy glycemic limit to
the LED-CGM, which would only indicate the presence
of a glucose level which is outside the nonpathogenic
interval. Furthermore, the reliance on visual signals
may pose challenges for individuals with color
blindness, while the continuous operation of LEDs
could marginally reduce battery life.

While the limitations to the LED-CGM are
inevitable, they can be resolved by exchanging the low-
cost LEDs with other reasonably priced electronic
components. For example, a battery powered thin film
transistor liquid-crystal display (TFT-LCD) could be
used instead of the LEDs. This replacement would be
only slightly more expensive, but still an affordable
option and would suit the needs of colorblind patients
as well. Similar to the traditional glucometer, the
display would show a glucose value proportional to the
electric signals propagated by the chemical reactions
between the glucose oxidase and the blood sugar in the
organism. For blind patients, two buzzers, which emit
dissimilar sounds, could be integrated instead of the

Table 1:

LEDs or TFT-LCD, emitting sounds to a different
frequency for inappropriate glucose values. Other
option could be utilizing one miniaturespeaker which
could generate different melodies or sounds depending
on the alarm and its gravity. The primary reason for
these alternatives to CGMs, such as the LED-CGM, is
the affordability, which would still be respected using
these inexpensive electronic components. The
precision of the glucose measurements could be
compromised, however it represents a valuable tool for
providing an overview of their glycemic status and a
warning to seek medical professional help. Thus,
making the expensive technology of the CGM more
accessible in low and middle-income countries could
improve the self-management and treatment adherence
in underserved communities.

5.2 Overview of CGM model assessment

These simplified devices are designed to provide a
more affordable and reliable option for glucose
monitoring, especially as primary devices or backups.
On one hand, they offer benefits like battery backup
and instant visual feedback to help users stay informed.
On the other hand, there are some limitations, such as
the challenges LED alerts pose for users with color
blindness and a slight impact on battery life. An
overview of these pros and cons is presented in Table
1.

Advantages and disadvantages of the LED-CGM approach.

Advantages

Disadvantages

* A more affordable option, especially
as primary device or a backup.

*  Battery backup.

* In case of malfunctions or hacking,
our device stay
informed about their glucose levels.

* Instant visual feedback.

ensures  users

* LED alerts may not provide the same
level of detail as a full app interface.

e Users with color blindness may face
challenges with interpreting LED
signals.

*  The addition of LEDs may slightly
reduce battery life compared to
traditional CGMs.

5.3 Financial Considerations on CGM

The financial aspect of continuous glucose
monitoring (CGM) systems remains a significant
barrier to accessibility, especially for underserved
populations. The high prices, which may range from
160$ up to 5008, paid monthly [37], are attributed to
several factors: proprietary technologies, reliance on
expensive materials like platinum [38] for sensors, and
integration with advanced software systems.
Additionally, the costs of research, regulatory
approvals, and marketing further elevate the price of
these system. In contrast, a simplified CGM design can
significantly lower production costs without
compromising functionality. Utilizing materials such

DOI. 10.38071/2026-01078-3

as graphite (or cheaper types of stainless steel) for
electrodes instead of precious metals can reduce the
sensor cost. The graphite is not a widely used option
these days due to its stability in vivo and surface fouling
by proteins and molecules, which could interfere with
the interaction between glucose and the electrode [39].
Stainless steel presents biocompatibility issues due to
slow surface oxidation [40]. By focusing on essential
features, such as LED-based feedback instead of
smartphone-dependent apps, and incorporating
replaceable batteries instead of rechargeable systems,
manufacturing costs can be further minimized. The
integration of cost-efficient sensors and streamlined
functionalities not only makes these devices more
accessible but also aligns with efforts to democratize
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diabetes care globally. This financial strategy bridges
the gap between advanced CGM technologies and
affordability, offering an economically viable solution
for broader populations while maintaining the core
benefits of continuous glucose monitoring.

6 Conclusions

The statistical analysis performed in this study
reveals important links between health parameters and
diabetes risk. Blood glucose levels and hemoglobin
Alc levels have emerged as key indications for
predicting the presence of diabetes, namely type 2
diabetes. The data also show that, while older people
are more likely to develop diabetes, the condition can
occur at any age. Hypertension, heart disease, and a
high Body Mass Index (BMI) are all significantly
connected with diabetes, emphasizing the significance
of regular health screenings and lifestyle changes.
Furthermore, the statistical procedures used in this
work, such as hypothesis testing, correlation analysis,
regression and clustering, have broader applicability.
These methods can help hospitals and researchers
uncover trends, enhance diagnostic accuracy, and
create more effective treatment programs. The
importance of comprehensive statistical analysis in
healthcare cannot be understated because it enables
data-driven decision-making and breakthroughs in
medical research.

To enhance its utility, the proposed model of the
simplified Continuous Glucose Monitoring (CGM)
could integrate additional biomarker analysis,
combining glucose data with factors such as glycated
hemoglobin (HbAlc), body mass index (BMI), and
lifestyle habits, including smoking history. A
companion application could analyze these variables
using machine learning algorithms, such as Random
Forest or Support Vector Machines, to provide tailored
health recommendations. By leveraging such
predictive capabilities, the device could identify trends
in glycemic control, offering a proactive approach to
diabetes management.

Considering the increased diabetes prevalence
connected to modern food and lifestyle patterns, our
findings highlight the need for improved prevention
and management techniques. There is great potential to
improve diabetes management and promote improved
health outcomes by integrating rigorous statistical
analysis with low-cost CGM equipment.

DOI. 10.38071/2026-01078-3

Summary

This work presented a comprehensive statistical
analysis of an online found diabetes-related dataset in
order to identify relevant health parameters associated
with diabetes risk and diagnosis. The results confirmed
that blood glucose level and glycated hemoglobin
(HbAlc) are the most significant biomarkers for
diabetes detection, while age, body mass index,
hypertension, and heart disease show strong
associations with disease prevalence. The applied
statistical methods, including hypothesis testing, non-
parametric testing, correlation analysis, principal
component analysis, and clustering, proved effective in
uncovering meaningful patterns within heterogeneous
medical data. It serves as an example of a medical
dataset analysis and its benefits.

In addition to data-driven insights, the study
proposed a simplified and cost-effective Continuous
Glucose Monitoring (CGM) concept aimed at
improving accessibility to glucose monitoring
technologies. By combining statistical evidence with
practical design considerations, this work highlights the
importance of affordable monitoring solutions and
robust data analysis for improving diabetes prevention,
awareness, and management.

Outlook

Future work could extend the current analysis by
incorporating  additional  datasets,  including
longitudinal patient data, in order to evaluate temporal
trends and disease progression. Applying advanced
machine learning techniques, such as ensemble
methods or deep learning models, could further
improve predictive performance and enable more
personalized risk assessments.

From a technological perspective, the proposed low-
cost CGM model could be further refined through
experimental validation, sensor calibration, and clinical
testing to assess accuracy and reliability. Integrating
additional biomarkers and adaptive thresholding
methods may enhance diagnostic precision. Moreover,
exploring alternative feedback mechanisms and
accessibility-oriented design improvements could
broaden usability for diverse patient populations. These
steps would contribute to the development of scalable,
affordable solutions for diabetes monitoring and
prevention.
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