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Baggrund og formal: Diabetes mellitus (DM)
pavirker cirka 537 millioner mennesker globalt, og
antallet forventes at stige til 643 millioner 1 2030,
hvilket udger en betydelig klinisk og ekonomisk
byrde. Telemonitorering er pavist at kunne forbedre
glykemisk kontrol hos personer med type 2-diabetes
(T2DM), men effekten er variererende, og
implementeringen er omkostningstung, hvilket gor
malrettet patientudvelgelse afgerende.
Maskinleringsmodeller viser potentiale i
diabetesbehandling, men i @jeblikket findes ingen
modeller, til forudsigelsen af, hvem der har sterst
gavn af telemonitorering. Dette studie havde til
formal at udvikle en pradiktiv model til at
identificere personer med T2DM, der med storst
sandsynlighed vil opna effekt af telemonitorering.

Metoder: Denne post hoc-analyse anvendte data fra
interventionsgruppen (n=163) i det randomiserede
kontrollerede DiaMonT-studie. Et mal blev
defineret som en =15 % reduktion 1 HbAlc.
Manglende data blev imputeret, og datasattet blev
stratificeret og derefter opdelt i1 traenings- og
testdataset 1 et forhold pa 80:20. Variabler blev
udvalgt ved hjelp af fremadrettet sekventiel feature-
selektion med fem-fold krydsvalidering og AUC. En
logistisk regressionsmodel blev trenet pa de
udvalgte features og valideret pa testdatasattet.

Results: Baseret pa forward selection blev der 1 alt
udvalgt seks variable: HbA Ic_baseline,
Betablokkere, opioider, DPP-4-h&@mmere, GLP-1-
receptoragonister og hypoglykemi. Modellen
opnéaede en AUC pa 0,72, en sensitivitet pa 0,80 og
en specificitet pa 0,56.

Konklusion: En maskinleringsmodel baseret pa data
fra DiaMonT-studiet viste moderat evne til at
forudsige, hvilke personer med type 2-diabetes der
opndede >15 % reduktion i HbAlc som folge af
telemonitorering. understotter
modellens potentiale for individuel
behandlingsallokering, men yderligere forskning er
nedvendig, for modellen kan anvendes selvstendigt i
klinisk praksis.
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Background and aim: Diabetes mellitus affects
approximately 537 million people globally, with an
expected rise to 643 million by 2030, posing a
significant  clinical and economic  burden.
Telemonitoring can improve glycemic control in
individuals with type 2 diabetes mellitus (T2DM),
but its effectiveness varies and implementation is
costly, making targeted patient selection crucial.
While machine learning shows promise in diabetes
care, no existing models predict who benefits most
from telemonitoring. This study aimed to develop a
predictive model to identify individuals with T2DM
most likely to respond positively to telemonitoring

Methods: This post hoc analysis used data from the
intervention group (n=163) of the DiaMonT
randomized controlled trial. A binary outcome of
>15% HbAIc reduction was defined. Missing data
were imputed, and data stratified before being split
into training and test sets using a 80:20 ratio.
Features were selected using forward sequential
feature selection with five-fold cross-validation and
AUC. A logistic regression model was trained on the
selected features and validated on the test set.

Results: Based on the forward selection a total of six
features were included: HbAIc_baseline, Beta
blockers, Opioids, DPP-4, GLP-1 receptor agonist
and Hypoglycemia. The model achieved an AUC of
0.72, sensitivity of 0.80 and specificity of 0.56.

Conclusion: A machine learning model based on
DiaMonT trial data moderately predicted which
individuals with T2DM achieved >15% HbAlc
reduction from telemonitoring. The results support
its potential for personalized treatment allocation,
though further research is needed before independent
clinical application.
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Readers guide

This thesis has been prepared in the form of a scientific article accompanied by two supplementary
worksheets, as illustrated in Figure 1. These appendices provide an in-depth theoretical understanding
of the thesis background, structured literature search, methodology, and perspectives. The scientific

article is intended for submission to the Journal of Diabetes Science and Technology.

Scientific research paper

Worksheet 1

Introduction & Systematic litterature search

Worksheet 2

Methods

Figur 1: Readers guide

The research paper and its accompanying worksheets use the Vancouver reference, where references
are numbered. All references are listed in the article and the corresponding appendices with the
respective number. In both the research paper and worksheets, references to studies and other
literature in the text are cited by stating the surname of the first author, followed by et al. if there are
multiple authors. Each worksheet and its subsections are numbered. Supplementary material related to
the worksheets is included as appendices at the end. Appendices are labeled with “Appendix”
followed by a sequential number. The written work is supplemented throughout with figures and
tables, which are numbered after chronological sequence and have all been prepared by the group

members. Abbreviations are written out in full the first time they appear and shown in parentheses.



Intended for Journal of Diabetes Science and Technology

Predicting individuals diagnosed with Type 2 Diabetes achieving HbAlc

reduction from telemonitoring - A post hoc analysis using machine learning

T. Fromreide® and L.J.R Nielsen®

* Aalborg University, Department of Health Science and Technology, Selma Lagerloefvej 249 9260 Gistrup Denmark

Abstract

Background and aim: Diabetes mellitus affects approximately 537 million people globally, with an expected
rise to 643 million by 2030, posing a significant clinical and economic burden. Telemonitoring can improve
glycemic control in individuals with type 2 diabetes mellitus (T2DM), but its effectiveness varies and
implementation is costly, making targeted patient selection crucial. While machine learning shows promise in
DM care, no existing models predict who benefits most from telemonitoring. This study aimed to develop a

predictive model to identify individuals with T2DM most likely to respond positively to telemonitoring

Methods: This post hoc analysis used data from the intervention group (n=163) of the DiaMonT randomized
controlled trial. A binary outcome of >15% HbAlc reduction was defined. Missing data were imputed, and
data stratified before being split into training and test sets using a 80:20 ratio. Features were selected using
forward sequential feature selection with five-fold cross-validation and area under the curve (AUC) as the
performance metric. A logistic regression model was trained on the selected features and validated on the test

set.

Results: Based on the forward selection a total of six features were included: HbAlc baseline, Beta blockers,
Opioids, DPP-4, GLP-1 receptor agonist and Hypoglycemia. The model achieved an AUC of 0.72, sensitivity
of 0.80 and specificity of 0.56.

Conclusions: A machine learning model based on DiaMonT trial data moderately predicted which individuals
with T2DM achieved >15% HbAIc reduction from telemonitoring. The results support its potential for

personalized treatment allocation, though further research is needed before independent clinical application.

Keywords: Type 2 diabetes - Telemonitoring - Prediction - Machine Learning - HbAlc



Intended for Journal of Diabetes Science and Technology

Introduction

The prevalence of individuals living with diabetes
mellitus (DM) worldwide was in 2021 estimated to be
537 million with an expected growth to 643 million in
2030 and 800 million by 2045 (1). The condition is a
leading cause of mortality and is responsible for an
estimated 6.7 million deaths worldwide per year (1).
The condition is highly costly with an estimated
amount in 2021 of 966000 USD million pr. year
globally (1,2). DM is a group of metabolic disorders
characterized by hyperglycemia, which is caused by
defects in insulin action, insulin secretion or both (3).
The most common form is Type 2 diabetes mellitus
(T2DM), accounting for 90-95% of all individuals
living with DM. In T2DM the elevated blood glucose
levels are due to a combination of insulin resistance
and dysfunction of insulin producing B-cells, which
over time becomes less effective, leading to
inadequate insulin production and hyperglycemia (4).
In healthy individuals, blood glucose levels are
maintained within a small range, typically between
3.9 and 7.8 mmol/L (5). Blood glucose levels are also
measured as glycated hemoglobin (HbAlc), which
reflects the average blood glucose levels over a period
of two to three months (6). Hyperglycemia can have
significant long-term consequences leading to further
expenses and mortality (6,7). The International
Diabetes Federation recommends a general target of
HbAlc levels <53 mmol/mol for individuals
diagnosed with T2DM (8). However, research shows
that only approximately 50% achieve a level of <53
mmol/mol, showing a significant gap between

guideline targets and clinical reality (9,10). A modern

approach to glycemic control is telemonitoring, which
enables individuals to continuously track their blood
glucose levels using Continuous Glucose Monitoring
(CGM) systems, with real-time data accessible via
(11).

Telemonitoring has shown potential in improving

mobile devices or eHealth platforms
glycemic control in people with T2DM (11-13).
However, the clinical benefits vary across individuals
and evidence suggests that the effect is more
pronounced in studies with short duration and smaller
samples (11,14). Telemonitoring comes with a high
cost, whereas efficient patient selection is crucial for
implementation (15-17). A systematic literature
search across multiple scientific databases revealed
that recent advances in machine learning (ML) have

enabled various

predictive  modelling in
diabetes-related aspects, such as hyperglycemia risk
and retinopathy screening (18-22). However, to the
best of the authors knowledge, no earlier evidence
exists for predicting which individuals diagnosed with
T2DM derive the greatest from telemonitoring. The
aim of this study was to develop a predictive model
capable of identifying individuals most likely to

achieve an effect of telemonitoring.

Methods

Data collection

This study is a post hoc analysis based on data from
the DiaMonT trial, a randomized controlled study
(NCT04981808)
adults with insulin-treated T2D (23). Participants

investigating telemonitoring in

were recruited from Steno Diabetes Center North

Denmark (Aalborg University Hospital) and Steno
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Diabetes Center Zealand (Nykebing Falster Hospital)
(23). Individuals were included if they had a
confirmed insulin-treated T2DM for at least 12
months, were able to use a smartphone and
trial-related devices, could read and wunderstand
Danish and were the age of minimum 18 years (23).
The participants were randomized into either the
intervention group or control group. The intervention
group (n=200) were provided with a CGM, connected
pen (NovoPen) for long-acting insulin (and an
additional pen for short-acting insulin if applicable),
activity tracker (Fitbit Charge 4), and a smart-phone
(unless they prefer using their own) (23). Participants
received training at inclusion and used the devices
continuously to collect data on glucose levels, insulin
management, physical activity and sleep (23). The
participants received calls after one week, one month
and two months, and additionally as needed (23).
The control group (n=200) received standard care
according to Danish guidelines, along with blinded
smart insulin pens (for long-acting insulin, and
short-acting if applicable) and a blinded CGM, worn
during the first and last 20 days of the trial (23). The
data were collected for later analysis (23). Both the

intervention and control group were monitored for a

total of three months (23).

Data preprocessing

Only data from the intervention group were used for
model development. All variables were converted to
numerical format, and repeated observations were
aggregated making each patient represented by a

single row. The outcome was defined as a binary

variable indicating >15% reduction in HbAlc from
baseline to follow-up. Missing values were estimated
using a multivariate imputation method (Python:
Iterativelmputer, Library: scikit-learn) (24). To
preserve class distribution between training and test
data, stratification was applied prior to data splitting
(25). The data was stratified into the following
groups: >20% decrease, 10-20% decrease, 0-10%
decrease, 0-10% increase and 10-20% increase.
Afterwards, the dataset was split into training and test
sets using an 80:20 ratio. The training data were
standardized (Python: StandardScaler, Library:
scikit-learn) to improve numerical stability during

logistic regression (26) .

Feature selection

Sequential feature addition was performed (Python:
SequentialFeatureSelection, Library: mlixtend) prior
to training the model. Logistic regression was used as
the classifier and the scoring of features was done by
the area under the curve (AUC) using five-fold-cross
validation. Floating was enabled to allow the
algorithm to both add and remove features
dynamically. Features were sequentially added if they
improved the mean cross-validated AUC score by >

0.005.

Model training and validation

The training and test data were reduced including
only the selected features. Subsequently, the training
data were standardized (Python: StandardScaler,
Library: scikit-learn) and the same transformation

was applied to the test data ensuring consistent
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scaling without risking data leakage. A logistic
regression model was then trained with the final
features, and finally evaluated on the test data using

AUC as the performance metric.

Software

All data preprocessing and modeling were conducted
in Python. The Anaconda distribution was used to
manage the programming environment and Jupyter
Notebook as the development interface for code,

analysis and data visualisation.

Results

The preprocessing resulted in the total of 163
participants in the final dataset leaving 168 excluded
due to being in the control group or not completing
the study. In the final dataset a total of 331 missing
values were imputed. The baseline characteristics for
the included participants can be found in Table 1. A
Kernel Density Plot illustrating the change in density
distribution of HbAlc values from baseline to
follow-up was made (Figure 1). As a result from the
sequential feature selection a total of six features out
of 75 potential features were selected for model
training as their inclusion resulted in an mean
increase of >0.005 in AUC (Figure 2). The six
HbAlc baseline,
blockers, Opioids, DPP-4, GLP-1 receptor agonists

selected features were Beta
and Hypoglycemia. The best performing logistic
regression model was able to differentiate between
the participants having a 15% reduction in HbAlc
from baseline to follow-up and those who did not,

with an average AUC of 0.87 across five-fold

cross-validation on the training data (Figure 3). When
evaluated on the independent test data, the final
model achieved an AUC of 0.72 (Figure 4). In total
the model performs with a sensitivity of 0.8,
specificity of 0.56, positive predictive value (PPV) of
0.6, negative predictive value (NPV) of 0.77 and an

accuracy of 0.67.

Table 1. Baseline Characteristics for included patients

Characteristic Value

Age, years 61.18+11.33
HbAlc, mmol 62.09 £+ 12.94
BMI 33.06 + 6.63
Years with diabetes 19.43 + 14.43
Smoking 2.25+0.65
Alcohol 1.25+0.67
Exercise 1.42+0.70

Continuous variables are presented by mean + standard
deviation.

0.05 Distribution of HbAlc Values at Baseline and Follow-up

—— Baseline
—— Follow-up

0.04

0.03

Density

0.02

0.01

0.00

20 40 60 80 100 120
HbAlc (mmol/mol)

Figure 1: Kernel density plot showing the distribution of HbAlc values

at baseline and at the end of follow-up.
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Sequential Forward Selection - AUC by Feature

Figure. 2: Forward selection showing the number of features included

against the averaged increase in AUC with standard deviation from

five-fold cross-validation.

Cross-Validated ROC Curve (5-fold)
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Figure 3: Receiver operating characteristics for each of the five-fold

cross-validation along with the mean curve and standard deviation.
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Figure 4: Receiver operating characteristics curve for the test set.

Discussion

The aim of this study was to develop a predictive
model capable of identifying individuals with T2DM
most likely to benefit from telemonitoring, defined
with an outcome of achieving >15% reduction in
HbAlc. The final logistic regression model achieved
an AUC of 0.87 on the training set, 0.72 on the test
set, with a sensitivity of 0.80 and a specificity of 0.56.
To the best of the authors knowledge, no previous
studies have attempted to predict which individuals
diagnosed with T2DM derive the greatest from
telemonitoring.

Literature highlights the importance of relevant
features in diabetic treatment. Lugner et al., identified
the top ten predictors of T2DM and found that using
only the top 10 features, including HbAlc as the most
predictive feature, achieved an AUC of 0,88 (27).
Similarly, Widiarti et al., showed that cardiovascular

medications such as beta blockers can significantly
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impact blood glucose levels in individuals diagnosed
with T2DM (28). Our sequential feature selection
process yielded six final features that each increased
the average AUC >0.005. These findings align with
the literature as the highest increase in AUC was seen
after adding HbAlc at baseline and individuals
treated with beta blockers,

suggesting  strong

predictive value from glycemic control and
comorbidity features. Additionally, all six features
represent clinically relevant markers known from the
literature supporting the validity of our results
(29,30).

The level of performance indicates a moderate
discriminative ability. The Receiver Operating
Characteristics (ROC) curve (figure 4) shows a
trade-off  between

reasonable sensitivity  and

specificity with a clear separation from the
discrimination line. A rise in the early stage indicates
that high sensitivity can be achieved while
maintaining a relatively low false positive rate. Given
our aim to identify individuals with T2DM with high
benefit from telemonitoring, a sensitivity of 0.8
indicates that the model is reasonably effective in
detecting the intended target group. Wild et al
supports this in a RCT study, highlighting that
telemonitoring improves glycemic control in
individuals with T2DM, underscoring the importance
of sensitivity in clinical support (31).

While the model does not reach high performance
(AUC>0.8), it shows consistent ability above chance
level to identify patients with a high benefit from
telemonitoring which supports its potential use as a

tool for clinical decision support in healthcare (32).

Our model performance is comparable to similar
models developed within the scientific field of DM.
Nagaraj et al. developed a ML model to predict short-
and long-term HbAlc response insulin initiation in
individuals with T2DM (30). The model achieved
AUCs of 0.8 and 0.81 for short- and long-term
prediction, demonstrating the feasibility of such
(30).

Furthermore, Fu et al. compared several ML models

models in long-term risk stratification
including logistic regression, to predict glycemic
control over a 52-week period in individuals with
T2DM (33). The logistic regression model achieved
an AUC-score of 0.68 which indicated that the model
could support individualized treatment planning and
improve care making in clinically relevant even with
a moderate AUC-score (33). These findings support
that predictive models with an AUC of 0.70-0.80 may
be wvaluable tools in clinical decision-making.
However, Zale et al. argue that despite a moderate
performance, such models may offer limited benefits
if not integrated into real-time clinical workflows

(34). Based on the ROC characteristics and an AUC
of 0.72, the model appears clinically useful as a
support tool for early
risk stratification, particularly in settings where
sensitivity is prioritized.

The drop in AUC-performance from training to test
indicates limited generalizability to new unseen data,
described in the literature as a possible result of
overfitting (35,36). Martin et al. recommends larger,
more  heterogeneous  datasets to  improve
generalizability and reduce the risk of overfitting

(37). However, the risk of overfitting is not solely
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dependent on sample size; factors such as model
complexity and the feature selection strategy also
(37). Subtle

population characteristics, including HbAlc outliers,

have substantial impact shifts in
may have influenced our results, as shown by the
Kernel Density plot with a few extreme values
(Figure 1). Moreover, a notable observation from the
plot is that a substantial proportion of patients exhibit
relatively low HbAlc levels at baseline, indicating no
need for telemonitoring to lower their HbAlc level
and are unlikely to achieve a 15% reduction (8). This
indicates a potential risk of distributional imbalance
between the training and test set, which may have
resulted in overfitting the model and contributed to
the drop in AUC performance. To potentially prevent
overfitting it could be relevant to modify the outcome
to a lower percentage in HbAlc reduction. A
meta-analysis by Giugliano et al. demonstrated that
even small reductions in HbAlc are clinically
relevant, particularly in individuals with lower
baseline levels (38). This supports the idea that
lowering the outcome, potentially could include more
individuals who still have a smaller, yet clinically
significant effect from a better glycemic control,
potentially enhancing both model sensitivity,
specificity and risk of overfitting (38). However,
maintaining an outcome of 15%, while reaching an
acceptable sensitivity of 0.8 it was considered
acceptable in order to identify those most likely to
benefit from telemonitoring.

In this study logistic regression was chosen as the

supervised learning algorithm. However, with our

classification problem it could also be interesting to

apply other ensemble models such as XGBoost or
Random Forest (39,40). These models can be more
difficult to interpret than logistic regression, but their
performance can be superior. Noticeably, a recent DM
prediction study demonstrated that ensemble models
outperformed the method used in this study in terms
of AUC, even when trained on a limited dataset (41).
Nevertheless, it is still considered that using logistic
regression was the appropriate choice for this project
due to its simplicity, suitability for binary
classification and ability to perform reliably on small
datasets (42). These characteristics make logistic
regression particularly relevant in clinical research
where model transparency is essential (42).

The outcome was set as a binary variable. However,
changing this to a continuous measure such as a
significant change in HbAlc over time could provide
a more clinically relevant prediction for individuals
with a moderate improvement who did not achieve
15% reduction. Using such a regression outcome
could potentially preserve more information, allowing
the model to detect more subtle patterns and
variations in the data (43). However, this would
require changing the methodological approach of
using logistic regression as this model is not
appropriate for continuous outcomes. In that case,
regression based models such as XGBoost and
random forest would be more suitable.

A limitation of this study was a relatively small
sample size of individuals (n=163), which may lead
to an overoptimistic model performance (44).

Furthermore, this could affect the models external

validity, raising questions about its performance on
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larger and more heterogeneous populations, whereas
this can be interesting to explore in future research.
Another limitation was the necessity of imputing
data, which could potentially lead to bias and hereby
reduce the generalizability of the results potentially

affect the model performance (45).

Conclusion

A predictive ML model based on data from the
DiaMonT trial was successfully developed achieving
a moderate performance in predicting which
individuals diagnosed with T2DM achieves >15% in
HbA Ic reduction from telemonitoring. These findings
suggest potential for supporting individualized
targeted treatment strategies in T2DM care. However,
the results should be interpreted with caution, and
further research is required to explore whether ML
can become a reliable and independent tool for

clinical decision-making.

Abbreviations
BMI, body mass index; T2D, type 2 diabetes; CGM,

continuous glucose monitoring; ROC, receiver
operating characteristic;
AUC, area under the receiver operating characteristics

curve.
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Worksheet 1

The elaboration of the introduction includes a description of diabetes mellitus (DM) and an in-depth
explanation of the underlying mechanisms. Finally, there will be a description of the treatment for

type 2 diabetes including telemonitoring and artificial intelligence.

1.0 Introduction

1.1 Incidence and prevalence

According to the International Diabetes Federation (IDF), in 2021 537 million people were diagnosed
with DM worldwide. This number is predicted to rise exponentially and is estimated to be 643 million
by 2030 and almost 800 million by 2045. In 2021, over 6.7 million people died from DM, making this
disease the leading cause of death in the world (1). In Denmark approximately 310.000 people were
diagnosed with DMs in 2021. Furthermore, it is estimated that around 100,000 people live with DM
but are not yet diagnosed. Similar to global diabetes-related death rates, this disease is also a leading

cause of death in Denmark, claiming approximately 8,000 lives in 2021 (2).

1.2 Health economics

IDF claims that globally DM related health expenditure is approximately 966.000 USD million. This
amounts to around 1,838 USD per person (1). Put into perspective, this is equivalent to approximately
50% of an average European citizen's monthly salary. In Denmark, the total expenditure per year was
in 2021 estimated to be 2,426 USD million. This amounts to around 7,844 USD per person which is
4,3 times higher than the global average individual (2).

1.3 Definition of diabetes mellitus

DM, is a group of metabolic disorders characterized by hyperglycemia, which is caused by defects in
insulin action, insulin secretion or both. The chronic hyperglycemia of DM is usually associated with
long-term dysfunction, damage, and failure of different organs especially the eyes, nerves, kidneys,

heart, and blood vessels (3).

In healthy individuals, blood glucose levels are maintained within a small range, typically between 3.9
and 7.8 mmol/L, depending on fasting or postprandial states (4) (5). This balance is regulated through
the interplay between insulin and glucagon. Insulin lowers blood glucose by promoting glucose
uptake in cells, whereas glucagon increases blood glucose by stimulating glycogenolysis and
gluconeogenesis in the liver. Norton et al. (2022) highlights insulin as the primary regulator of glucose

metabolism, emphasizing that an imbalance between insulin and glucagon, as seen in individuals with
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DM, leads to persistent hyperglycemia and metabolic complications (4). Hyperglycemia can have
significant long-term consequences (6). Glycated hemoglobin (HbA1c) works as a central marker for
assessing blood glucose control over a longer period. It is often measured using the average blood
glucose concentration over approximately three-four months. In individuals with DM, HbAlc is a
critical indicator, which not only confirms poor glycemic regulation when elevated, but higher values
of HbAlc is also strongly associated with serious complications such as cardiovascular disease,
retinopathy and nephropathy. According to the Danish Diabetes Association, the national target for
long term HbAlc levels is set between 48 mmol/mol for those with type 2 diabetes mellitus (T2DM)
and 53 mmol/mol for those with type 1 diabetes mellitus (T1DM) (6). The International Diabetes
Federation recommends a general target of HbAlc levels <53 mmol/mol for individuals diagnosed

with T2DM (7)

1.4 Diabetes classifications

DM consists of various subgroups based on the pathogenesis of the disease rather than its treatment.
These subgroups have been continuously revised, most recently in 2024 by the American Diabetes
Association (ADA) (8). DM is categorized into the following groups: TIDM, T2DM, Other Specific
Types of Diabetes, and Gestational Diabetes (9).

1.4.1 Type 1 Diabetes Mellitus

TIDM is a chronic autoimmune disease characterized by an progressive destruction of
insulin-producing b-cells in the pancreas, leading to insulin deficiency and hyperglycemia (10). In
healthy individuals, these cells are responsible for producing insulin, which regulates the blood
glucose levels (11). The disease is primarily mediated by self-reactive lymphocytes, particularly
T-cells, which infiltrate the pancreatic islet and contribute to B-cell destruction (11) (12).

Most cases of TIDM are autoimmune (Type 1a), while a smaller subgroup of individuals is present
with idiopathic TIDM (Type 1b), where autoantibodies are detectable (10).

The exact cause of TIDM remains unclear, but it is believed to arise from a combination of genetic
predisposition and environmental factors. The autoimmune process often begins years before any
clinical symptoms appear, typically with the presence of autoantibodies, subsequent B-cell

dysfunction which leads to hyperglycemia (10) (12).

1.4.2 Type 2 Diabetes Mellitus

T2DM is a chronic metabolic disorder characterized by elevated blood glucose levels. The increase in
glucose levels is due to a combination of insulin resistance and dysfunction of insulin producing
B-cells (13), which over time becomes less effective, leading to inadequate insulin production and

hyperglycemia (13). In the early stages of T2DM, peripheral tissues such as skeletal muscle and the
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liver become less responsive to insulin, impairing the uptake of glucose and increasing hepatic
glucose production (14). The pancreatic B-cells enhance the insulation secretion to maintain normal
blood glucose levels. However, over time, this compensatory response fails due to the progressive loss
of B-cells (14). In addition to insulin resistance and B-cell dysfunction, individuals also experience an
increase in lipolysis in adipose tissue contributing to a metabolic dysregulation due to the release of
fatty acids leading to an exacerbate insulin resistance and impairment of B-cells (14). Chronic
inflammation and oxidative stress also plays a role in the blood glucose regulation as
pro-inflammatory cytokines and reactive oxygen species contribute to both insulin resistance and
B-cell reduction, further reducing insulin production (14).

Another factor in T2DM is the dysregulation of incretin hormones as glucagon-like peptide-1
(GLP-1), which normally enhances insulin secretion in response to food intake. This leads to a

reduced insulin secretion and inadequate suppression of glucagon (14).

1.4.3 Gestational diabetes and other types

This classification of DM includes several distinct subcategories that do not fit within the
requirements of TIDM and T2DM. These forms often arise from genetic mutations, diseases affecting
the pancreas, or hormonal disorders (9). A well-known example is Maturity-Onset Diabetes of the
Young (MODY), which is a monogenic form caused by mutations in specific genes that regulate
insulin secretion (9). Another category includes secondary DM caused by conditions such as
pancreatitis, Cushing’s syndrome, or the prolonged use of certain medications (9). DM can also occur
during pregnancy known as gestational diabetes (9). This typically resolves postpartum and is

associated with an increased risk of developing T2DM in the future (9).

Due to the numerous forms of DM, this project cannot encompass all diagnoses. Therefore, the study
focuses specifically on individuals with T2DM. Consequently, the following sections will exclusively

address this diagnosis.

1.5 Risk factors of developing T2DM

According to a systematic review performed by Dendup et al, the development of T2DM can be
influenced by various risk factors (15). The review states that one of the most significant predictors of
T2DM is obesity and overweight, as excess body fat, visceral fat in particular, contributes to insulin
resistance and impaired glucose metabolism (15). Closely related to this comes physical activity
whereas an inactive lifestyle reduces the body’s ability to utilize glucose effectively, leading to a
potential metabolic dysregulation (15). Dietary habits also play a crucial role, with diets high in
refined carbohydrates, processed foods and unhealthy fats strongly associated with an increased risk

(15). Additionally, other behavioural factors such as smoking and alcohol consumption, have been
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linked to a higher risk of DM as these contribute with an exacerbating inflammatory response that can
impair insulin signaling (15). Other socioeconomic disparities can contribute in the development such
as low income, low education levels, limited access to healthy food options and healthcare services
(15). The above-mentioned risk factors are further stated in a review by Bellou et al. which also
expands on these findings by identifying additional non-genetic factors (16). The review highlights
the significance of different serum biomarkers, personality traits such as low conscientiousness and
exposure to air pollution and certain medical conditions, including hypertension, metabolic syndrome,

gestational DM, and preterm birth (16).

1.6 Complications of T2DM

T2DM can lead to dangerous complications, which are categorized into micro- and macrovascular
complications (17). Microvascular complications are defined by affecting the small blood vessels and
can lead to diabetic retinopathy, nephropathy, and neuropathy (18). Macrovascular complications
impact the larger blood vessels, which increases the risk of ischemic heart disease, potentially leading
to angina pectoris, heart attacks, and heart failure (18). Additionally, individuals with T2DM have a
higher risk of stroke and peripheral atherosclerosis, potentially causing claudication, chronic foot
ulcers, and amputations (18).

The progression of these complications depends on the level of risk factors such as elevated blood
glucose, blood pressure, and cholesterol (18). In the prevention of complications, it is highly relevant
for individuals to maintain optimal blood glucose levels, blood pressure, and lipid levels through

lifestyle modifications, including healthy diet, physical activity, and smoking cessation (18).

1.7 Treatment of T2DM

The treatment of T2DM focuses on improving insulin resistance and preserving or restoring beta-cell
function in the pancreas. Modifications in lifestyle, such as weight loss and increased physical
activity, are crucial for enhancing insulin sensitivity and reducing the burden on beta cells (19).
T2DM can also be treated through pharmacological interventions, including metformin and other
antidiabetic agents, used to improve insulin resistance and stimulate insulin secretion (19). In special
cases, bariatric surgery may be considered to achieve significant weight loss and potentially induce

DM remission (19).

A growing and modern approach in T2DM management is telemonitoring, which allows the
opportunity for individuals to track their blood glucose levels in real time. Telemonitoring uses
technology to remotely track health, enhancing DM management and reducing complications (20) . A
systematic review performed by Zhu et al. revealed that telemonitoring led to a significant reduction

in HbA1C levels over a period of 180 days. Methods of telemonitoring in individuals with T2DM are
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various whereas SMS-based telemonitoring, mobile applications, integrated eHealth platforms and
automated remote monitoring are among the most used tools (20). One of the most popular tools is
Continuous Glucose Monitoring (CGM), which includes a subcutaneous sensor to continuously
measure glucose levels (20). This enables individuals to detect hyper- and hypoglycemia and research

has shown that CGM may significantly lower HbAlc levels (21) (22).

Despite its many advantages, challenges still remain on the documented effect. The review by Zhu
concluded that telemonitoring had a significant reduction in blood pressure but not of clinical
relevance, no effect on BMI/weight, no effect on fasting blood glucose (23). Even though the review
documents an effect on HbAlc, the effect was most pronounced in studies with shorter duration (< 6
months) and smaller sample sizes, suggesting that the impact may diminish over time (23).
Furthermore there remains complications with the integration of telemonitoring in individuals (23)
with DM, particularly regarding cost. The devices are expensive, especially for individuals without
insurance or government coverage (20). In relation to the high costs, several studies emphasize that it
is important to identify which subgroups benefit the most from telemonitoring (24) (25). Pettus et al.
highlights the difficulty of identifying which individuals truly benefit from telemonitoring, making its
widespread use hard to justify given the high costs (26). Variability in adherence, lifestyle, and
healthcare access complicates selection, risking inefficiency and inequitable access. Therefore,
innovative technologies, such as Al, have been identified as potential tools to improve prediction and
optimize the selection of telemonitoring, making it easier to determine who will benefit the most (27)

(25).

1.8 The potential of machine Learning in T2DM

Machine learning (ML) has been increasingly applied in DM research, primarily in predictive models,
patient management and risk assessment. A study performed by Giammarino et al. built a ML-model
to predict the likelihood of hypoglycemic events occurring within a week based on data from CGM
which demonstrated an area under the curve (AUC) of 0.74 across multiple cohorts, which correlates
with a moderate predictive accuracy (28). Another approach was seen in a study performed by
Alexiadis et al. which used ML in predicting next-day hypoglycemia in individuals with T2DM using
data collected from a self-managed mobile app (29). The results showed an accuracy of 81.4% based
on a Random Forest test, highlighting the potential of mobile health integration in DM management
(29).

ML has also been used in the screening of diabetic retinopathy. Luong et al. conducted a study
comparing ML models with a Retinopathy Risk Score (RSS) designed to identify individuals at low
risk for diabetic retinopathy (30). Findings showed that the RSS performed comparably to four out of
five ML models. Another study by Bora et al. developed a learning system that used color fundus
photographs to predict the risk of developing retinopathy within two years (31). Results showed that
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the model achieved an AUC of 0.79, improving risk stratification when combined with existing
clinical factors (31).

Another area of research focused on predicting nocturnal hypoglycemia in individuals with
insulin-treated T2DM (32). The study developed by Kronborg et al. used a ML model, which used
CGM data to predict nocturnal hypoglycemia (32). The model, trained with data from 67 individuals,
achieved an AUC of 0.82, suggesting potential for real-world application (32).

Despite the increasing use of ML in DM treatment, several limitations may hinder a broader
applicability. A bibliometric analysis performed by Garcia-Jaramillo et al. showed that most studies
focused on detection, whereas management and treatment optimization were significantly
underexplored (33). Similarly, a review by Eghbali-Zarch & Masoud investigated applications in

insulin management, identifying challenges related to affordability and accessibility (34).

Although a substantial amount of literature was found on ML and prediction in DM, it is primarily
focused on hypoglycemia risk assessment and retinopathy detection. Based on the current knowledge
of the project, it has not been possible to identify any literature investigating the prediction of which
subgroup of individuals with T2DM benefits the greatest from telemonitoring. Given that
telemonitoring, in particular CGM, has shown to improve glycemic control and reduce complications,
its implementation should be targeted towards individuals, who derive the greatest clinical and
economic benefit (21) (20). The high cost of CGM and variability in individual adherence makes it
crucial to develop predictive models that can identify the most suitable individuals for telemonitoring
(24).

This gap is crucial to address as it could enhance healthcare resource allocation, ensuring that

telemonitoring is used where it is most effective, maximizing clinical outcomes and cost-efficiency.

2.0 Systematic literature search

The structured literature search has formed the basis for the development of section 1.8. The

execution and structure of the search are described below.

2.1 purpose of the literature search

The purpose of the structured literature search was to identify scientific research and explore the state

of art in prediction models and ML within DM.

2.2 Scientific databases

The structured literature search was conducted in three selected databases: 1) PubMed, 2) Embase, 3)

Scopus. These databases were chosen based on their content related to the project, which is visualized
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in Table 1. A combination of results from these databases was considered sufficient in uncovering

existing literature from the field.

SCIENTIFIC DATABASES

DATABASE DESCRIPTION OF THE DATABASE’S CONTENT

The database contains over 37 million citations and abstracts related to

PUBMED biomedical literature.

EMBASE The database contains rcfc:rcincc:s t? Istudics related to medicine and
biomedicine.

SCOPUS Large scientific database covering multidisciplinary fields, including

medicine and natural sciences.

Table 1: Database overview and description

2.3 Inclusion and exclusion criteria

Predefined inclusion and exclusion criteria were developed to ensure the relevance of the literature
related to the research topic. The criteria used in the structured literature search are illustrated in Table

2

INCLUSION CRITERIA EXCLUSION CRITERIA

. . . . Studi issing abstract
Language: Danish, Norwegian, Swedish & English UQIes ussing abstracts

. N to full text studi
Timespan: 2000-2025 O acces 1o Tuil text studies

Peer-reviewed articles

Studies evaluating the use of ML for prediction in
the context of type 2 diabetes.

Table 2: Showing in- and exclusion criteria for the systematic literature research



2.4 Search block

The search strategy and selected databases were designed to increase the reliability of the results by
maintaining a standardized approach (35). Variations in the database's thesauri resulted in structural
differences in the searches. In accordance with the predefined inclusion criteria, restrictions of
language and timespan were applied as a filter for each database. The search terms were structured

using a block search approach, categorized into Population, Intervention, and Outcome. See Table 3.

POPULATION INTERVENTION OUTCOME

Diabetes mellitus, type 2 Machine Learning [Thesaurus] Telemedicine [Thesaurus]
[Thesaurus]

Forecasting [Thesaurus] Telehealth [Thesaurus]
Diabetes (free text)

Predict* modeling (free text) Telemonitoring (free text)
Type 2 diabetes (free text)

t2dm (free text)

Diabet*
Table 3: Systematic block search approach

2.5 Search strategy

To ensure relevance and a strong foundation to our systematic literature search, relevant free-text and
thesaurus terms were extracted through an initial unstructured literature search process (36).
Afterwards, the identified terms were then used as the basis for the structured literature search which
was designed as a block search with three blocks. The block search model was inspired by the PICO
model but was simplified to PIO, excluding the comparison element, to ensure relevance to this

project (36).

In each search block, both thesaurus and free-text terms were used in the selected databases.
Additionally, truncations (*) were applied to ensure the inclusion of different variations of the specific
search terms. Whenever relevant thesaurus terms, such as MeSH, were relevant, these were also

incorporated into the search blocks to enhance relevant variations of the included thesaurus term (36).

2.6 Identified literature

A total of 1192 studies were identified through the systematic literature search in the three selected
databases. Table 4 presents the number of studies identified from each database. Each database gave a

different search string. Appendix 1 shows an example of a search string used in Scopus.
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IDENTIFIED STUDIES IN THE SELECTED DATABASES

DATABASE IDENTIFIED STUDIES

PUBMED 30

EMBASE 252
SCOPUS 910
TOTAL 1192

Table 4: Total number of identified studies from selected databases

2.7 The screening process

A reference list was downloaded from each database and uploaded into the reference management
tool, Zotero (37). The software initially identified and removed duplicates. The remaining studies
were screened at the abstract/title level based on the in/exclusion criteria established by the group.

The total number of studies was divided into two groups in Zotero and distributed among the two
group members, who conducted the screening independently. In cases of disagreement or uncertainty
regarding a source, a note was added for further discussion in the group. The literature was next
screened at full-text level to enhance the reliability and validity of the selection process. Any
uncertainties regarding a study were resolved following the same procedure as mentioned above. The
final studies were critically appraised using the respective “Joanna Briggs Institute Critical Appraisal
Checklists (JBI) (Appendix 2) (38).

A flow diagram of the screening process was made according to the “Preferred Reporting Items for
Systematic Reviews and Meta-analyses (PRISMA) (39). The PRISMA flow diagram visualizes the
identification, screening, and inclusion of the literature. In total 8 studies were included in the project.

PRISMA flow chart can be seen in Figure 2.


https://www.zotero.org/google-docs/?YSWS8Y
https://www.zotero.org/google-docs/?TLYjvu
https://www.zotero.org/google-docs/?lCEqgv

Studies identified from the
following databases:
PubMed (n = 30)
Embase (n = 252 )

Scopus (n=910)
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Total: (n = 1192)

Removal of duplicates:

Total: (n =135)

Total studies for screening on Studies excluded (n = 963)

titel/abstract level:
Missing abstract: 72

Total: (n = 1056
( ) Did not include ML in the relation of

prediction in diabetes: 891

Total studies included for screening at Studies excluded (n = 13)
full text level:

Did not include ML in the relation of

LelER (=) prediction in diabetes: 13

Total studies included:

Total: (n = 8)

Figure 2: PRISMA flow chart

Worksheet 2

3.0 Method overview

ML is a subfield within artificial intelligence focused on addressing the questions of developing and
testing algorithms that can detect patterns in data and generate predictions using given information
(40). Given the strong potential of ML to predict given outcomes it is particularly suitable and
relevant for clinical prediction problems, such as estimating HbAlc in people living with T2DM. In
this project the outcome variable, HbAlc_change, was predefined and a supervised learning approach

was applied, allowing the model to learn the relationship between our data variables and the target
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https://www.zotero.org/google-docs/?GNsEzD

outcome (40). Logistic regression was used as the supervised learning algorithm to classify

individuals' effect of telemonitoring based on their HbAlc change.
The ML model developed in this project follows the Transparent Reporting of a Multivariable

Prediction Model for Individual Prognosis or Diagnosis (TRIPOD) guidelines (41). In figure 3, a

visualization of the methodological approach applied.

MODEL TRAINING
& VALIDATION

« Data collectiom « Data cleaning « Forward selection « Evaluation of the

« Software « Outcome « Five-fold cross- model performance
« Data imputing validation
« Data stratification « Logistic regression

«» Data splitting

Figure 3: Overview of the machine learning pipeline illustrating the four main steps from data foundation to model validation.

3.1 Data foundation

Data were collected as a part of the DiaMonT trial, a randomized controlled study investigating
telemonitoring in adults with insulin-treated T2D (42). Participants were recruited from Steno
Diabetes Center North (Aalborg University Hospital) and Zealand (Nykebing Falster Hospital)
through endocrinology clinics, informational material, and diabetes-related organizations (42).
Individuals were included if they had a confirmed T2D diagnosis for at least 12 months, were able to
use a smartphone and trial-related devices, could read and understand Danish and were the age of

minimum 18 years (42).

3.1.1 Software

For modelling and data preprocessing, the platform Anaconda was used to manage the Python
environment and to launch JupyterNotebook. Anaconda is an open-source distributor used widely in
the field of managing data in Python (43). The platform enables management of packages and
environments, making it suitable for ML projects and data analysis. JupyterNotebook provides a
flexible and interactive development environment where code, visualizations, and documentation can
be combined in a single workflow (44). Pandas were imported for data handling, scikit-learn for ML,

and matplotlib for visualisation in the same environment.
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3.2 Data preprocessing

3.2.1 Data cleaning

Prior to analysis, several preprocessing steps were undertaken. Data from individuals enrolled at
Aalborg and Falster centers were merged into one dataset containing all relevant clinical and
questionnaire-based information collected at the beginning of the trial. Individuals from the control
group were excluded in order to isolate the individuals from the intervention group. Furthermore,
individuals who did not complete the full clinical trial of the intervention were also removed. All data
were converted into numerical format allowing consistent interpretation. Repeated observations were
merged so that each individual was represented by a single, structured row to allow the use of ML

algorithms.

3.2.2 Definition of outcome

The outcome for the ML prediction model was defined as the percentage change in HbAlc levels
from baseline testing to the final testing. The outcome was defined as a binary variable indicating
either significant reduction or no significant reduction in HbAlc levels. Previous research on
telemonitoring in individuals with T2DM has reported HbA1c reductions ranging from 6—7% up to
26% (45) (46), with several studies reporting reductions between 14% and 21% (47) (48) (49). Given
this variation from clinical evidence, together with recommendations from national treatment
guidelines for T2DM in Denmark, a conservative and evidence-based threshold in HbAlc reduction

was set to be >15 % (6).

3.2.3 Data imputing

All missing values (NaN) in the final dataset were removed, as logistic regression cannot be
performed on datasets containing missing values. NaN were located and imputed by using the
“Iterativelmputer" class from the “scikit-learn” library in Python. Iterative imputation was chosen
because of its ability to model each feature with missing values as a function of the others. This
method discovers multivariate and natural relationships within the data, typically resulting in more

accurate and consistent imputations (50).

3.2.4 Data stratification and data splitting

To ensure that the data was proportionally split between the training and test sets, stratification was
applied before splitting the data (51). A “change_group” column was created by dividing the
percentage change in HbA1c levels into five bins, ensuring that all individuals were assigned to a
defined group. The bins were: >20% decrease, 10-20% decrease, 0—10% decrease, 0—10% increase,

and 10-20% increase. Dividing the data by using stratification helps preserve the distribution of these
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groups across both training and test, preventing data imbalance, improving reliability and

generalisability (51).

As the final step in preparing the data for ML, the dataset was split into training and test sets using an
80:20 ratio. The dataset was split after importing “train_test_split” from sklearn.model selection, with
“stratify=y” to preserve class distribution and “random_state=42" to ensure reproducibility. The
distribution between the two subsets was verified by displaying the group proportions and dimensions
directly in the Jupyter Notebook to ensure consistency in the split. “StandardScaler” was implemented

and performed on training data to improve numerical stability during logistic regression (52).

3.3 Feature selection

Forward feature selection was performed on the training data. From the “sklearn.linear model” pack,
LogisticRegression was imported to ensure that the model was valid. Subsequently, the
SequentialFeatureSelector was imported as the class to run the feature selection. The model evaluated
combinations of features based on the Area Under the Curve (AUC) using five-fold cross-validation.
At each iteration, a logistic regression model was evaluated using the currently selected features plus
one additional candidate feature. Floating allowed previously included features to be removed if
performance improved. The model’s AUC was calculated on the scaled training set, and the features
leading to the highest performance improvement were retained. This process continued until no
further gain in AUC over 0.005 was observed. For illustration a Receiver Operating Characteristics -

Curve (ROC-Curve) was plotted.

3.3.1 Clinical relevance

To ensure that the final features were clinically relevant they were evaluated based on two criterias;
their relevance to the aim of this study as documented in clinical studies and objective judgment
regarding their relevance in the management of HbA 1c in individuals with T2DM (53) (54). The final
features are described in the literature as important for understanding and influencing HbAlc in

individuals with T2DM (53) (54).

3.4 Model training & validation

The training and test datasets were reduced to include only the subset of features identified through
sequential feature selection. To ensure consistent scaling while preventing data leakage, the training
features were standardized using the “StandardScaler” from scikit-learn package, and to ensure that
the test data was scaled similar, the test data was transformed the same way. Subsequently, a logistic

regression model was trained on the training data including the right features. The model’s

13


https://www.zotero.org/google-docs/?6j4NuE
https://www.zotero.org/google-docs/?tFm0LE
https://www.zotero.org/google-docs/?RPDzwl
https://www.zotero.org/google-docs/?GeDq9w
https://www.zotero.org/google-docs/?YzIlqC
https://www.zotero.org/google-docs/?7Dz45k

performance was then evaluated on the independent test data using AUC as the primary metric for

validation.

Model performance was assessed using sensitivity and specificity. A ROC-Curve was used to
visualize the trade-off between sensitivity and 1-specificity across different thresholds. Sensitivity
reflects the amount of individuals with high benefit from telemonitoring correctly identified, while
specificity refers to correctly excluding those without benefit. The AUC shows the model’s ability to
distinguish between those individuals who benefit from telemonitoring and those who do not. Higher
AUC score indicates better overall model performance. In addition, a figure illustrating baseline and

follow up HbA 1c-distribution were analyzed.
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Appendix 2:

Appendix 1:

(ALL ( diabetes ) OR TITLE-ABS-KEY ( diabetes AND mellitus AND type 2) OR ALL (t2dm ) OR ALL ( type 2 diabetes ) AND
TITLE-ABS-KEY ( machine AND learning ) OR TITLE-ABS-KEY ( forecasting ) OR ALL ( predicitive AND modelling ) AND
TITLE-ABS-KEY ( telemedicine ) OR ALL ( telemonitoring ) OR TITLE-ABS-KEY ( telehealth ))
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