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Zusammenfassung

Diabetes-Subtypen fiir die Prizisionsmedizin — von der praktischen Umsetzung zu

methodischen Herausforderungen

Es besteht ein wachsendes Interesse an der Prézisionsmedizin, um die Behandlung von
Menschen mit Diabetes zu optimieren. Derzeitige Forschungsarbeiten zielen darauf ab,
die Einteilung in Typ 1 und Typ 2 Diabetes durch eine differenziertere Klassifikation zu
ergdnzen. Insbesondere wurde vorgeschlagen, Typ 2 Diabetes in milde (altersbedingte,
adipositasbedingte) und schwere (insulindefiziente, insulinresistente) Subtypen zu

unterteilen.

Derzeit existieren jedoch keine Softwarelosungen, die diese Neuklassifizierung des
Diabetes im klinischen Alltag ermdglichen. Zudem lassen sich manche Personen
moglicherweise nicht eindeutig einem der vorgeschlagenen Subtypen zuordnen. Bisher
wurde diese Problematik jedoch nicht systematisch untersucht. Ziel dieser Arbeit war es
daher, (i) eine benutzerfreundliche Softwareimplementierung zu entwickeln, die eine
Klassifizierung der Diabetes-Subtypen in der klinischen Praxis ermdglicht, und (ii) eine
neue Methode zur Quantifizierung der Klassifikationsunsicherheit bei Typ 2 Diabetes-

Subtypen vorzuschlagen.

Es konnte gezeigt werden, dass (1) das neu entwickelte DDZ Diabetes-Cluster-Tool
Arzt:innen eine vereinfachte Zuordnung von Personen zu den Diabetes-Subtypen erlaubt
und (ii) die normalisierte relative Entropie ein MaB ist, mit dem sich die Sicherheit von
Klassifizierungen auf einer Skala von 0 (vollstdndige Unsicherheit) bis 1 (vollstdndige
Sicherheit) quantifizieren ldsst. Bei Personen aus der Deutschen Diabetes-Studie mit neu
diagnostiziertem Typ 2 Diabetes betrug die mediane normalisierte relative Entropie 0.127
(95%  Konfidenzintervall: ~ 0.119, 0.135), was auf eine  erhebliche

Klassifikationsunsicherheit hindeutet.

Insgesamt ist das DDZ Diabetes-Cluster-Tool die erste benutzerfreundliche
Softwareldsung, mit der sich Diabetes im klinischen Alltag in Subtypen einteilen 14sst.
Gleichzeitig deuten die Ergebnisse darauf hin, dass die vorgeschlagene
Neuklassifizierung aufgrund unsicherer Zuordnungen nur begrenzten Nutzen fiir die

Prizisionsmedizin bietet.



Summary

Diabetes subtyping for precision medicine — From practical implementation to

methodological challenges

There is growing interest in precision medicine to optimise the treatment of people living
with diabetes. Recent research has focused on complementing the classification into type
1 and type 2 diabetes with a more nuanced subtyping approach. In particular, it has been
proposed to subdivide type 2 diabetes into mild (age-related, obesity-related) and severe

(insulin-deficient, insulin-resistant) subtypes.

However, no software tools are currently available to support this reclassification of
diabetes in routine clinical care. Moreover, some individuals may not be clearly
assignable to any of the proposed subtypes, an issue that has not yet been systematically
investigated. The aim of this work was therefore to (i) develop a user-friendly software
implementation to enable diabetes subtyping in clinical practice, and (i1) propose a novel

method to quantify classification uncertainty in type 2 diabetes subtypes.

It was shown that (i) the newly developed DDZ Diabetes-Cluster-Tool provides clinicians
with a practical means of assigning individuals to diabetes subtypes, and (ii) the
normalised relative entropy provides a measure to quantify classification certainty on a
scale from 0 (complete uncertainty) to 1 (complete certainty). Among individuals with
newly diagnosed type 2 diabetes from the German Diabetes Study, the median normalised
relative entropy was 0.127 (95% confidence interval: 0.119, 0.135), indicating substantial

classification uncertainty.

In conclusion, the DDZ Diabetes-Cluster-Tool is the first user-friendly software solution
to enable diabetes subtyping in routine clinical care. At the same time, the results suggest
that the proposed reclassification may offer only limited value for precision medicine due

to uncertainty in subtype assignments.
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1 Introduction

Diabetes mellitus is a collection of metabolic diseases characterised by elevated blood
glucose (hyperglycaemia) [1], affecting about one out of ten people in Germany [2].
Diagnosis is commonly based on glycated haemoglobin (HbAlc) levels > 6.5%, which
reflect increased blood glucose over the past 2-3 months [1]. Type 1 diabetes is an
autoimmune disease that accounts for 5-10% of diabetes cases and usually requires
insulin treatment due to an absolute insulin deficiency [1]. Type 2 diabetes, which
accounts for 90-95% of diabetes cases, is characterised by a progressive, relative loss of
insulin secretion not caused by an autoimmune process [1]. People with type 2 diabetes
typically have a reduced response to insulin, which is referred to as insulin resistance.
While the progression rates can differ depending on the type, there are common
complications for which people with diabetes are at risk [1, 3]. In particular, diabetes is
associated with chronic complications caused by damage to small blood vessels
(microvascular complications) and large blood vessels (macrovascular complications)
[3]. For example, people with diabetes have an increased risk for kidney disease and nerve
damage, as well as potentially fatal cardiovascular events such as stroke and myocardial
infarction. In 2010, the annual healthcare costs in Germany related to type 1 and type 2
diabetes were about €1 billion and 28€ billion and have been projected to further increase

in the coming decades [4].

1.1 Heterogeneity of diabetes mellitus
While the distinction between type 1 and type 2 diabetes is well-established and guides
treatment decisions in clinical practice, not every person can be clearly classified at the
time of their diagnosis [1]. Both diseases are heterogeneous and the clinical
manifestations may vary substantially between individuals. For example, not every
person with type 1 diabetes is autoantibody positive or develops the disease at a younger
age. Similarly, not every person with type 2 diabetes is overweight or develops the disease
at an older age. Such ambiguities have challenged the established classification system
and have led to increasing efforts to understand the variability in the clinical presentation
of diabetes [1, 5, 6]. Notably, the heterogeneity of type 2 diabetes has received
considerable attention in recent years [7-9].

A diagnostic challenge of type 2 diabetes is that it is, in principle, a diagnosis by

exclusion of other causes [1, 8]. Specifically, a person is diagnosed with type 2 diabetes



if their increased blood glucose cannot be attributed to a specific cause such as an
autoimmune process (type 1 diabetes) or a single gene defect (monogenic diabetes) [1,
8]. In other words, while autoantibody tests are used to diagnose type 1 diabetes, there is
no diagnostic test for type 2 diabetes [8]. At the same time, type 2 diabetes has some
hallmark features such as insulin resistance and some degree of remaining insulin
secretion, often combined with obesity or overweight [1]. In terms of pathophysiology, it
has been linked to several pathways, including beta cell function, adipose tissue
distribution, and glucagon and incretin function [8]. However, the relative contribution
of the different pathophysiological processes varies between individuals, and the
actiology of type 2 diabetes is not yet fully understood [1, 8, 10]. As a consequence,
people diagnosed with type 2 diabetes may differ significantly from one another in terms
of their clinical profile. For example, it is well established that some individuals with type
2 diabetes are relatively obese and insulin-resistant, whereas other are rather lean and
insulin-deficient [7]. In general, there are large differences between individuals across
defining clinical features such as blood glucose levels, age at diagnosis, blood pressure
and lipid levels [11]. In spite of these individual differences, current guidelines for the
management of type 2 diabetes typically employ a one-size-fits-all approach with little

personalised recommendations [12].

1.2 Precision medicine in diabetes research

In response to the clinical heterogeneity, and given increasing availability of large
datasets and advanced analytical methods, there has been growing interest in the concept
of precision medicine [1, 6, 13, 14]. In 2018, the American Diabetes Association (ADA)
and the European Association for the Study of Diabetes (EASD) co-founded the Precision
Medicine in Diabetes Initiative (PMDI) with the aim of promoting precision medicine
research, assessing the current evidence base and developing guidelines for clinical
implementation [6]. In a joint consensus report, ADA and EASD defined precision
medicine as “an approach to optimise the diagnosis, prediction, prevention, or treatment
of diabetes by integrating multidimensional data, accounting for individual differences.”

[6] (p. 1620). They define the individual components of precision medicine as follows:

e “Precision diagnosis involves refining the characterisation of the diabetes

diagnosis for therapeutic optimisation or to improve prognostic clarity using



information about a person’s unique biology, environment and/or context.” [6]
(p. 1620)

e “Precision prognostics focuses on improving the precision and accuracy with
which a patient’s disease-related outcomes are predicted (...).“ [6] (p. 1620)

e “Precision prevention includes using information (...) to determine their likely
responses to health interventions and risk factors and/or to monitor progression
toward disease.” [6] (p. 1620)

e “Precision treatment involves using information (...) to guide the choice of an
efficacious therapy to achieve the desired therapeutic goal or outcome, while

reducing unnecessary side effects.” [6] (p. 1620)

While these individual components provide a helpful framework for precision medicine,
they can overlap and need not be considered strictly separated from one another [15]. The
overarching aim is to improve the management of diabetes by tailoring clinical decisions
to subgroups of individuals with similar characteristics [6]. As such, it can be seen as an
attempt to reduce errors in medical decision-making.

It should be noted that the terms ‘precision’, ‘stratified’, ‘personalised’, and
‘individualised’ medicine are sometimes used interchangeably. The ADA/EASD
consensus report [6] considers ‘precision medicine’ to be synonymous with ‘stratified
medicine’ and pertaining to tailored recommendations based on findings from a reference
population [15]. In other words, it involves analysing datasets of a heterogeneous
population in order to derive recommendations for individuals sharing similar clinical
features [15]. Of note, this can be achieved in two ways. One option is to explicitly assign
individuals into different subgroups sharing similar clinical features. The other option is
to directly use those features to predict complications or treatment response [15, 16]. For
example, a prediction model developed in a reference population can recommend an
optimal glucose-lowering medication based on clinical features such as disease duration
and body weight [17].

In comparison to precision medicine, ‘personalised’ (or ‘individualised’) medicine
goes one step further by making recommendations based on the analysis of data from a
single person [14, 15]. For example, data from a person’s continuous glucose monitoring
device can be used to optimise that person’s dose and timing of insulin administration in
real-time [15]. Franks et al [15] further distinguish between ‘objective’ and ‘subjective’

personalisation. ‘Objective’ personalisation entails using quantitative, patient-specific



data to inform individual recommendations. For example, following an N-of-1 trial of
glucose-lowering medications, a person might choose the drug which resulted in the
greatest glycaemic improvement [18]. By contrast, ‘subjective’ personalisation entails
tailoring recommendations based on qualitative features such as patient preferences,
capabilities and circumstances [15]. For example, following the same N-of-1 trial, a
shared decision-making process might result in a person choosing the drug on which they
personally felt best [19]. At present, research efforts appear to focus more on precision
medicine than on personalised medicine [6, 14], with the former considered more

achievable in the near future [15].

1.3 Subtyping of adult-onset diabetes

Given the growing interest in precision medicine, much of recent research has focused on
classifying diabetes into more granular ‘subtypes’ (or ‘clusters’, ‘phenotypes’,
‘endotypes’) than the current type 1 and type 2 distinction [1, 6, 9, 20, 21]. In the PMDI’s
systematic review on precision subclassification of type 2 diabetes, Misra et al [9]
distinguish between so-called simple and complex subtyping approaches for precision
diagnosis. Simple approaches use routinely available clinical features and categorise
individuals based on cut-off values or other straightforward techniques [9]. For example,
type 2 diabetes has previously been subclassified into an obese and non-obese type based
on a 30 kg/m? body mass index (BMI) cut-off [22]. By contrast, complex subtyping
approaches categorise individuals using advanced statistical or machine-learning
approaches that combine several clinical features [9]. For example, machine-learning
methods have been used to identify type 2 diabetes subtypes defined by age, BMI, waist
circumference and HbAlc [23]. Besides incorporating routine clinical features, complex
subtyping approaches may also make use of genetic data [9, 24].

In their literature review, Misra et al [9] identified 51 studies that employed simple
subtyping approaches and 62 studies that employed complex subtyping approaches to
study the heterogeneity of type 2 diabetes. The simple approaches covered a variety of
clinical features, focusing on measures of beta-cell function, lipid profiles, BMI and
pancreatic autoantibodies, among others [9]. Given the different clinical features and
methods used, these simple subtyping approaches were rather fragmented and there was

a consistent lack of replications [9]. By contrast, complex subtyping approaches have



increasingly converged towards a framework for adult-onset diabetes first introduced by
Ahlqvist et al [20].

In their seminal paper published in 2018, Ahlqvist et al [20] performed a data-driven
cluster analysis, which suggested that newly diagnosed adult-onset diabetes (including
both type 1 and type 2 diabetes) can be classified into five different subtypes. Their
subtyping approach relied on six clinical features: Presence of glutamic acid
decarboxylase antibodies (GADA), HbAlc, BMI, age at onset of diabetes, homoeostasis
model assessment of beta-cell function (HOMA-B) and insulin resistance (HOMA-IR)
[20]. GADA is the primary autoantibody used to differentiate type 1 diabetes from type
2 diabetes in newly diagnosed adults [1]. HOMA-B and HOMA-IR are proxy measures
of insulin secretion and insulin resistance, which are computed from fasting glucose and
fasting insulin or C-peptide concentrations [25]. The five clusters derived from their

analysis were labelled and described by Ahlqvist et al [20] as follows:

e Cluster 1 — Severe autoimmune diabetes (SAID): GADA-positive, early
disease onset, low BMI, insulin-deficient, high HbAlc

e Cluster 2 — Severe insulin-deficient diabetes (SIDD): GADA-negative,
otherwise similar to SAID

e Cluster 3 — Severe insulin-resistant diabetes (SIRD): GADA-negative, late
disease onset, high BMI and high insulin resistance

e Cluster 4 — Mild obesity-related diabetes (MOD): GADA-negative, early
disease onset, high BMI but low insulin resistance

e Cluster 5 — Mild age-related diabetes (MARD): GADA-negative, late disease

onset, low BMI, low insulin resistance

The clusters were derived by applying k-means clustering to data from 8,980 adults in the
Swedish All New Diabetics in Scania (ANDIS) cohort [20]. The k-means algorithm
assigns individuals to a pre-specified number of clusters such that the squared Euclidean
distances of individuals to their cluster means (i.e., the average dissimilarity) are
minimised [26]. The optimal number of five clusters was determined beforehand in a
data-driven manner, which also grouped together all individuals who were GADA-
positive (i.e., the SAID subtype) [20]. The k-means clustering was then performed only
in GADA-negative individuals, using the continuous clustering variables (HbAlc, BMI,

age, HOMA-B, HOMA-IR) to derive the four non-autoimmune clusters (i.e., the SIDD,



SIRD, MOD, and MARD subtypes). In other words, within the subtype framework
proposed by Ahlqvist et al [20], adult-onset type 1 diabetes (typically GADA-positive
[1]) has been relabelled as SAID, whereas adult-onset type 2 diabetes (GADA-negative
[1]) has been subdivided into SIDD, SIRD, MOD, and MARD. That is, the innovation of
their approach lies in the more granular subclassification of type 2 diabetes [6, 9, 15]. A

graphical overview of the clustering approach is shown in Figure 1.
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Fig. 1 — Graphical overview of the clustering approach of Ahlqvist et al [20]. SAID corresponds to adult-
onset type 1 diabetes (due to the presence of autoantibodies), whereas SIDD, SIRD, MOD, and MARD
correspond to subtypes of adult-onset type 2 diabetes derived using k-means clustering.

The clustering procedure was carried out separately for men and women, but the same
five clusters with similar characteristics were identified in both sexes [20]. While
Ahlqvist et al [20] initially replicated the diabetes subtypes in three Scandinavian cohorts,
they have now been replicated in at least 22 studies, which included around 88,000
individuals from diverse ethnic and ancestral origins [9]. For example, replication studies
have identified the diabetes subtypes in German [27], North American [28], Chinese [28],
and Japanese [29] cohorts.

Beyond their contribution to precision diagnosis, the diabetes subtypes have received
considerable attention for their potential regarding precision prognostics [9]. In their
initial study, Ahlqvist et al [20] found that the subtypes differed in their disease
progression, both in terms of complications and medication usage. For instance,
individuals with SIRD had the highest risk of chronic kidney disease, whereas individuals
with SIDD had the highest risk of retinopathy. In terms of treatment, individuals with
SIDD were the earliest to require an additional glucose-lowering medication and, along

with those with SAID, were most likely to receive insulin treatment. Subsequent studies



confirmed that the subtypes differed in their risks of both microvascular conditions (such
as nephropathy) and macrovascular conditions (such as major adverse cardiovascular
events) [9]. However, while the diabetes subtypes and their associations with clinical
outcomes have been replicated in several studies [9], there remain fundamental challenges

regarding the procedure of assigning individuals to these subtypes.

1.4 Challenges in the assignment of diabetes subtypes

1.4.1 Lack of practical tools for subtype assignment

The first challenge of the subtyping approach is that, so far, there exist no software tools
to enable diabetes subtyping in clinical practice [6]. While assignment to the SAID
subtype is based simply on the presence or absence of GADA, the procedure for
assignment to the type 2 diabetes subtypes (SIDD, SIRD, MOD, and MARD) is less
straightforward. Even if the required continuous clinical variables (HbAlc, BMI, age,
HOMA-B, and HOMA-IR) are available, a clinician cannot readily determine an
individual’s subtype due to the complexity of the clustering algorithm [9].

To assign individuals to the type 2 diabetes subtypes, Ahlqvist et al [20] proposed the
so-called ‘nearest centroid approach’ [27]. In this approach, one first computes the
Euclidean distances of a person to the sex-specific average clinical profile of each subtype
(‘centroid’) as reported in the ANDIS cohort [20]. These distances provide a measure of
dissimilarity between the person and the respective subtype. The person is then assigned
to the subtype to which the distance was the smallest (‘nearest centroid’). In other words,
each person is assigned to the subtype to which they were comparatively the most similar.
Note that, in line with the original analysis in the ANDIS cohort [20], the five continuous
clinical features must be standardised (i.e., centred and scaled) prior to carrying out the
nearest centroid algorithm.

Overall, the subtype assignment procedure requires several computational steps, which
researchers typically perform in statistical software programs such as R [30]. However,
this requires programming knowledge and is often not feasible for clinicians working in
clinical practice. Therefore, a user-friendly software tool, which requires only an
individual’s clinical information as input and performs all the necessary calculations in
the background, would be highly valuable to enable diabetes subtyping in clinical

practice.



1.4.2 Classification uncertainty in type 2 diabetes subtypes

The second challenge of the subtyping approach is that, while each individual with type
2 diabetes can technically be assigned to a subtype using the nearest centroid approach,
not every individual will match with that subtype equally well [8, 31]. Already in the
original publication of Ahlqvist et al [20], a close examination of the distribution of
clinical features reveals large variability within each subtype. For example, not every
individual with SIRD shows elevated insulin resistance and not every individual with
SIDD exhibits reduced insulin secretion. In line with this, Pearson [8] argues that the
phenotypic variability of type 2 diabetes might be difficult to capture with just four
categories and that individual classification probabilities might be low. In particular, an
individual’s clinical profile might be in between two subtypes (e.g. sharing similarities
with both MOD and MARD) [32] or not match with any of the four subtypes [8].

In response to this problem, the second PMDI consensus report [14] insists that
diabetes subtype assignments should always be accompanied by a measure of
classification uncertainty. So far, however, the quantification of classification uncertainty
in type 2 diabetes subtypes has received limited attention [33-35]. Kahkoska et al [33]
compared the fit of the assigned subtype to that of the next best subtype by computing the
ratio of the two Euclidean distances obtained from the nearest centroid approach. In
another study, Tanabe et al [34] developed a machine-learning model that predicted
classification probabilities for each subtype based on an extensive set of clinical features.
The latter approach is comparable to the soft-clustering approach of Wesolowska-
Andersen et al [35], which directly provides classification probabilities as part of the
clustering model. In both approaches the authors addressed classification uncertainty by
excluding individuals with low classification probabilities. Individuals with classification
probabilities lower than 0.60 for their assigned subtype were referred to as ‘undecidable’
[34] or ‘mixed ethology’ [35], respectively. In contrast, Kahkoska et al [33] chose a cut-
off value of 0.80 for their distance ratio measure of classification uncertainty.

There are several limitations regarding the above approaches for quantifying
classification uncertainty. First, the use of different cut-off values illustrates the problem
with determining hard thresholds beyond which a cluster assignment is deemed uncertain.
Frequently, the decisions for specific cut-off values are data-driven [35], which can make
comparisons between studies challenging [36]. Second, by focusing solely on the largest
classification probability (i.e., the probability of the assigned cluster), these approaches

ignore relevant information about similarity to the other three clusters. As a consequence,



they cannot differentiate between an individual who is at the border between two clusters
and one who does not fit well into any cluster. While the distance ratio measure of
Kahkoska et al [33] considers the two best fitting clusters, it still fails to account for the
potential overlap with all four type 2 diabetes subtypes. Finally, none of the studies
investigated whether classification uncertainty varies across type 2 diabetes subtypes or
what factors might influence it. Overall, this highlights a significant gap in our
understanding of classification uncertainty in the type 2 diabetes subtypes and how to

properly account for it.

1.5 Aims of this doctoral thesis

At present, no software tools are available to support diabetes subtyping in routine clinical
care. Moreover, some individuals may not be clearly assignable to any of the proposed
subtypes. To address these challenges in the assignment of diabetes subtypes, the aims of

this doctoral thesis were to:

1) develop a user-friendly software tool that enables clinicians to assign individuals
to the diabetes subtypes [37], and
2) propose a novel, statistically sound method to quantify classification uncertainty

in type 2 diabetes subtypes [38].

The remainder of the dissertation is structured as follows: Chapter 2 introduces the DDZ
Diabetes-Cluster-Tool, which was launched in May 2023 and provides a web-based
application for diabetes subtyping [37]. Chapter 3 describes how the normalised relative
entropy (NRE) statistic can be used to recognise, quantify and account for classification
uncertainty in type 2 diabetes subtypes [38]. It is then applied to examine the classification
uncertainty of recently diagnosed individuals from the German Diabetes Study (GDS).
The GDS is approved by the ethics board of the Medical Faculty of Heinrich Heine
University Diisseldorf (reference no. 4508). Finally, Chapter 4 discusses limitations of
the diabetes subtyping approach, considers alternative strategies, and examines broader

challenges to precision medicine.
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4 Discussion

The publications presented here covered a tool for the practical implementation of
diabetes subtyping, but also highlighted the methodological challenge of classification
uncertainty in type 2 diabetes subtypes. In brief, the DDZ Diabetes-Cluster-Tool provides
a user-friendly online tool for clinicians to perform diabetes subtyping [37]. To assess
uncertainty in subtype assignments, the NRE statistic has been proposed and examined
in the prospective, observational GDS cohort [38]. A graphical overview of the proposed
NRE method is shown in Figure 2.

4.1 Challenges of diabetes subtyping in clinical practice

While the DDZ Diabetes-Cluster tool [37] provides a useful software interface, there are
additional obstacles to implementing diabetes subtyping in clinical practice. The
extensive set of clinical features used in the clustering algorithm might be available in
well-characterised cohort studies [9], but availability in real-world clinical practice is
limited [6]. In particular, to compute the HOMA indices of insulin secretion and insulin
resistance, fasting insulin or C-peptide concentrations are needed [25]. At present,
however, these are not routinely measured in clinical practice [6, 33, 39, 40]. In
consequence, the diabetes subtyping approach may have limited utility for improving
diabetes care in real-world clinical practice. Even for individuals in the original ANDIS
cohort, GADA and C-peptide were not part of the standard measurements in clinical
practice, but were measured additionally as part of the study protocol [41]. In addition,
access to the necessary measurements may be even more restricted in low-income and
middle-income countries with resource-constrained healthcare systems [42].
Consequently, there is a risk that such a precision medicine approach, when implemented

in clinical practice, could further exacerbate global health disparities [ 14, 43].

4.2 Methodological limitations of type 2 diabetes subtyping
The analysis of the NRE presented above [38] highlights that classification uncertainty is

a fundamental challenge of type 2 diabetes subtyping. In the GDS cohort, the median
NRE (on a scale from 0 to 1) was 0.127 (95% CI 0.119, 0.135) and the median
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Classification uncertainty in type 2 diabetes subtypes

Normalised relative entropy = quantifies certainty in a person‘s subtype assignment
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Fig. 2 — Graphical overview of the proposed normalised relative entropy (NRE) method to assess classification uncertainty in type 2 diabetes subtype assignments. Reprinted

from Mori et al [38], licensed under CC BY 4.0. https://creativecommons.org/licenses/by/4.0/

This figure has been designed using resources from Flaticon.com. The icon of the elderly person has been designed by Freepik from Flaticon. The scale icon has been made by egorpolyakov from Flaticon.
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classification probability (on a scale from 25% to 100%) was 48.8% (95% C147.3, 50.2)
[38]. These findings indicate that the average classification certainty for subtype
assignments was low. In other words, many individuals in the GDS cohort could not be
mapped well onto the adult-onset type 2 diabetes subtypes proposed by Ahlqvist et al
[20]. These results provide, for the first time, clear empirical evidence supporting
concerns about classification uncertainty that several authors had previously raised [8, 14,
31, 32]. For example, Franks and Sargent [31] recently warned that “many individuals
cannot be assigned definitely to a given cluster, meaning that such labelling will likely
(...) be incorrect in many patients” (p. 6). In line with this, our analysis showed that
individuals in the GDS cohort with a low NRE often had clinical features that did not
match well with their assigned subtype [38]. For example, some were assigned to the
MARD subtype despite being younger than 40 years. For these individuals, the label ‘age-
related’ diabetes is clearly misleading.

More broadly, our study adds to the mounting evidence that challenges the utility of
the diabetes subtyping approach for precision medicine. Shortly after the original
publication by Ahlqvist et al [20], two important methodological limitations of their
cluster analysis were highlighted in a response by van Smeden et al [44]. The first
problem with this data-driven (or ‘unsupervised’) cluster analysis is that there is no
‘ground truth’ available. That is, there is no way of knowing whether the clusters
correspond to true, biological subgroups of diabetes. Alternatively, it is also possible that
they simply appear because a set of interdependent variables (e.g. BMI, insulin resistance,
HbAc) is entered into the clustering algorithm. In that sense, clustering can be seen as
just another way of capturing dependencies among clinical features. However, unlike
traditional statistical models, clustering methods like k-means do not come with
inferential tools like confidence intervals [26, 45]. In other words, the results of a cluster
analysis may suggest certainty where none exists.

The second problem [44] is that clustering inevitably results in a loss of information,
as it reduces an individual’s precise combination of clinical features to a few broad
disease categories. This is disadvantageous for predicting clinical outcomes (i.e.,
precision prognostics), and it would be more informative to use statistical models that
directly incorporate the clinical features as predictors. This conceptual criticism of the
type 2 diabetes subtypes has since been substantiated by several empirical studies [16,

40, 46], which are outlined below.
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4.2.1 Empirical and simulated evidence against discrete subtypes
Regarding the lack of ‘ground truth’, Lugner et al [40] examined whether the

subclassification into exactly four subtypes could be replicated using data from 114,231
individuals in the National Diabetes Register of Sweden. Following the same k-means
clustering procedure as Ahlqvist et al [20], they assessed the optimal number of clusters
using statistical criteria (silhouette statistic, gap statistic) and an elbow plot. The latter is
a visual method to assess whether adding more clusters leads to more distinct,
homogenous subtypes [26]. A ‘bend’ in the plot suggests that the optimal number of
clusters has been reached, as further clusters no longer meaningfully improve how well
individuals are grouped. In the analysis of Lugner et al [40], the elbow plot did not show
a pronounced bend, making it difficult to justify the choice of any specific number of
clusters. Additionally, none of the statistical criteria supported the presence of exactly
four clusters. The silhouette statistic suggested two clusters, while the gap statistic
indicated only one (i.e., no clustering at all). The latter finding is particularly noteworthy,
given that the gap statistic is known to correctly identify the absence of meaningful
clusters if, indeed, none are present in the data [26].

The findings above were corroborated in a separate analysis by Aoki et al [46], who
assessed the replicability of the subtypes using data from 4,694 individuals in the
multinational SAVOR-TIMI 53 cardiovascular outcome trial [47]. In particular, their
elbow plot showed a similar, ambiguous shape and the silhouette statistic again suggested
two rather than four clusters to be optimal. Given these ambiguities in diabetes
classification, it is not surprising that many individuals in the GDS cohort showed low
classification certainty and did not align well with their assigned subtype [38]. In
particular, the nearest centroid algorithm forcibly assigned them to one of the four
subtypes, even though none provided a good fit. Taken together, these findings challenge
the proposal of Ahlqvist et al [41] that four clusters provide an optimal precision
subclassification of type 2 diabetes.

Setting aside the issue of the optimal number of clusters, the more fundamental
question is whether distinct biological subtypes of type 2 diabetes truly exist. Both Lugner
et al [40] and Aoki et al [46] carried out simulation studies to assess whether data-driven
clustering would identify diabetes subtypes even in the absence of an underlying
subgroup structure. Lugner et al [40] simulated data without any subgroups from a
multivariate normal distribution based on the empirical covariance matrix from the

Swedish national registry data. When they applied k-means clustering to their simulated
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data, the resulting elbow plot closely resembled that of their original analysis. In both
cases, the elbow plot had an ambiguous shape and did not support a distinct number of
clusters.

Aoki et al [46] expanded on this by assessing whether the four subtypes could be
replicated solely based on the known correlations between the clustering variables
(HbAlc, BMI, age, HOMA-B, and HOMA-IR). Based on the SAVOR-TIMI 53 trial, they
simulated data without any underlying subgroups and incrementally introduced the
empirical correlations between the clustering variables (e.g. between age of onset and
HbATc). Their results showed that once the correlations were fully introduced, k-means
clustering reproduced the four subtypes, even though the data were generated from a
single distribution with no inherent groupings. In other words, they demonstrated that the
subtypes could have emerged solely from known interdependencies among the clinical

features, rather than reflecting distinct biological entities.

4.2.2 Limited prognostic and therapeutic value of subtypes

The second methodological issue, loss of information, has been investigated in several
studies comparing the performance of type 2 diabetes subtypes with conventional
prediction models [16, 40, 46]. Using Swedish national registry data, Lugner et al [40]
compared the prognostic performance of the diabetes subtypes to a Cox model that
included the clustering variables as individual predictors. For cardiovascular disease
(CVD) events, the Cox model showed superior predictive discrimination, with a
concordance index (c-index) [48] of 0.77 (95% CI: 0.76, 0.77) compared to 0.66 (95%
CI: 0.65, 0.66) for the subtype approach.

Building on this, Aoki et al [46] showed that it is not even necessary to fit new models
using the clustering variables, since established clinical risk scores already provide robust
prognostic information. In their analysis of the SAVOR-TIMI 53 trial, they employed the
widely used Coronary Risk Evaluation (SCORE) [49] and the Kidney Disease: Improving
Global Outcomes (KDIGO) classification [50] to predict CVD and kidney outcomes,
respectively. They then compared the prognostic performance of these risk scores to that
of the diabetes subtypes. Even though the CVD SCORE was treated as a broad ordinal
variable (10-year CVD risk of < 5%, 5-10%, 10-15%), its prognostic performance was
similar to that of the subtypes, with c-indices of 0.57 and 0.56, respectively. For kidney
events, prediction using the KDIGO classification clearly outperformed the subtype

approach with c-indices of 0.62 and 0.54, respectively.
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Perhaps the most influential criticism of the subtyping approach comes from Dennis
et al [16], who evaluated its clinical utility using data from the ADOPT [51] and
RECORD [52] trials. Regarding precision prognostics, they found that age at diagnosis
alone was as informative as the subtype classification for predicting glycaemic disease
progression in the ADOPT trial (R? of 0.09 and 0.08, respectively). This finding is
striking, given that the subtype assignment requires five additional clinical features
beyond age at diagnosis. That is, the information loss due to the discrete clustering was
comparable to omitting five prognostic factors. For kidney disease progression, baseline
estimated glomerular filtration rate (¢GFR), a routine measure of kidney function, clearly
outperformed prediction based on diabetes subtypes (R?> of 0.18 vs 0.01). While
accounting for classification uncertainty, as described above [38], might improve the
predictive performance of the subtypes, it still discards valuable information compared to
a model that directly includes the clinical features as predictors. Therefore, it is unlikely
that accounting for uncertainty in subtype assignment provides a sufficient remedy for
the information loss inherent to diabetes subtyping.

Beyond precision prognostics, the key contribution of Dennis et al [16] was their
critical assessment of the subtypes’ potential for precision treatment. Using the available
clinical trial data, they examined whether the subtypes differed in their treatment response
and could potentially inform glucose-lowering treatment selection. Although the subtypes
differed modestly in their drug response in the ADOPT trial, a model that directly used
the clustering variables (without the HOMA measures) as predictors better explained
individual treatment response. For example, when predicting response to metformin, the
prediction model had an R? of 0.35 compared to 0.15 for the subtype approach. In an
external validation using the RECORD trial, treatment recommendations based on the
prediction model yielded greater benefits than subtype-based recommendations, with an
additional HbAlc reduction of 0.36 percentage points compared to 0.16 percentage
points. In other words, for precision treatment, the diabetes subtypes were outperformed

by a standard prediction model that only required routinely collected clinical features.

4.3 Individualised prediction models as an alternative to type 2

diabetes subtyping
Following their seminal work [16], Dennis and colleagues continued to develop and apply

the so-called ‘individualised prediction’ framework for precision treatment of type 2
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diabetes [17, 53-56]. In this framework [53], the aim is to use simple clinical features to
directly model treatment response (i.e., precision treatment) rather than to identify distinct
aetiologies of diabetes (i.e., precision diagnosis). In other words, the goal is to identify
the optimal treatment for an individual based on their continuous clinical features, without
requiring an explicit subtype assignment. Note that, according to the PMDI nomenclature
[6], this constitutes a precision medicine rather than a personalised (or ‘individualised”)
medicine approach. Unlike personalised medicine approaches, this framework does not
rely on the analysis of data from a single person to generate recommendations. Rather,
the prediction model is developed in a reference population and subsequently applied to
generate individual treatment recommendations [53].

Conceptually, the individualised prediction framework requires the identification of
features that are associated with differential treatment effects of glucose-lowering drugs
(i.e. drug-by-feature interactions). To ensure applicability in clinical practice, Dennis [53]
emphasises the use of routinely available clinical features, such as age, BMI, and eGFR.
In terms of data analysis, the framework proposes to utilise both observational and clinical
trial data on glucose-lowering medications. Specifically, electronic health record
databases can be used in an initial discovery step to identify potential drug-by-feature
interactions in a heterogeneous, real-world population. Subsequently, data from existing
trials can be used to replicate these interactions in a well-controlled setting with
randomised treatment assignments. Dennis [53] refers to this two-step approach as
triangulation of observational and clinical trial data. The choice of the specific modelling
approach is flexible and may include multiple regression models [16, 17, 56], flexible
Bayesian models [54] or machine-learning models [55].

So far, applications of the individualised prediction approach have focused on
treatment selection models (or ‘treatment algorithms’) for second- and third-line glucose-
lowering drugs for type 2 diabetes [17, 54, 56]. For example, Dennis and colleagues
developed models to optimise prescribing of sodium-glucose cotransporter 2 inhibitors
(SGLT2i1) versus dipeptidyl peptidase-4 inhibitors (DPP-4i) [17] and glucagon-like
peptide-1 receptor agonists (GLP1-RA) [54]. The most recent advance is the development
of a ‘five-drug class model’ [56]. This model allows simultaneous prediction of an
individual’s 12-month HbA1c¢ for any of the five oral glucose-lowering drugs commonly
prescribed in primary care (SGLT2i, DPP-4i, GLPI-RA, sulfonylurea, and
thiazolidinedione). It was developed using observational primary care data from the UK

Clinical Practice Research Datalink (CPRD), comprising more than 100,000 drug
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initiations. Nine routine clinical features (age, duration of diabetes, sex, HbAlc, BMI,
eGFR, HDL cholesterol, total cholesterol, and alanine aminotransferase) were included
as predictors of differential treatment response. The modelling approach was a flexible
linear regression model using five-knot restricted cubic splines. Model validation was
performed in an independent CPRD validation cohort as well as in three clinical trials,
one of which was a three-way cross-over trial [18].

In the CPRD cohort, the five-drug class model predicted most individuals to have an
optimal 12-month HbAlc response on GLP1-RA (33.4%), SGLT2i (28.9%), or
sulfonylureas (27.6%) [56]. Treatment in line with these recommendations was associated
with an additional HbA1c¢ reduction of 0.50 percentage points compared to non-optimal
treatment. The model-predicted HbAlc benefits showed good calibration in external
validation, although they were smaller in the more selective clinical trial populations
(average additional HbAlc reductions of 0.22 to 0.24 percentage points). Overall, the
five-drug class model performed well at predicting optimal glucose-lowering treatment,
with benefits also extending to cardiorenal outcomes during the 5-year follow-up in the
observational CPRD data.

The key difference between the individualised prediction approach and the diabetes
subtyping approach lies in how individual information is leveraged for precision
medicine. A graphical comparison of the two approaches, including their advantages and
disadvantages, is shown in Figure 3 (reprinted with permission from Dennis [53]). In the
subtyping approach, an individual’s subtype is usually determined at a given time point
(e.g. at the time of diagnosis) and this categorisation then serves as the basis for precision
prognostics or precision treatment [20, 53]. Consequently, this approach makes the
assumption that treatment response is homogeneous for all individuals assigned to a given
subtype [53]. However, based on our analysis of classification uncertainty in the GDS
cohort [38], and given the observed lack of fit for some individuals, this assumption
appears difficult to justify. The individualised prediction approach avoids this problem
by directly using an individual’s clinical information at the time of treatment decision to
predict the optimal treatment [53]. Since the individualised prediction approach relies
only on routinely collected clinical features (i.e. not requiring HOMA or C-peptide) it can

be implemented at low costs in most healthcare systems worldwide [56].
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In terms of clinical utility, the five-drug class model [56] offers the advantage of
simultaneously considering five drug classes, as opposed to previous models that only
compared two at a time [17, 54]. This makes it particularly relevant as a decision aid for
primary care physicians, who must navigate an increasingly complex landscape of
glucose-lowering medications [57]. Indeed, the second PMDI consensus report highlights

that such individualised prediction models are a key future research priority [14]. In
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contrast, a recent clinical trial of individuals classified as SIDD and SIRD found no
differential treatment response to GLP1-RA and SGLT2i [58]. In other words, the subtype
classification did not translate into clinical utility for selecting glucose-lowering
treatment. Taken together, these developments position the individualised prediction
approach as a promising alternative to subtype-based stratification, particularly for

guiding treatment decisions in clinical practice.

4.4 Challenges to the precision medicine paradigm

While the second PMDI consensus report [14] acknowledges the potential of
individualised prediction models, it also emphasises that the overall evidence base for
precision medicine is, as yet, weak. In particular, the report highlights the poor reporting
quality of many precision medicine studies, which precludes conclusions about the
validity and clinical utility of proposed methods. For example, many studies fail to report
statistical tests for heterogeneity, statistical power to detect interaction effects, or effect
estimates on a clinically relevant scale [14]. In response, an expert consortium recently
published the BePRECISE guidelines for precision medicine research [59] to support
standardised reporting with an emphasis on clinical relevance.

Beyond reporting practices, the second PMDI consensus report [14] raises concerns
about the lack of adequate validation studies. Specifically, it emphasises the limited
availability of prospectively designed clinical trials validating proposed precision
medicine approaches. A notable exception is the TriMaster study [18], a three-way cross-
over trial that demonstrated differential responses to glucose-lowering medications
depending on individuals’ kidney function and BMI. However, such precision medicine
trials remain scarce, and the PMDI consensus report concludes that the clinical translation
of precision medicine in diabetes care is, at present, “largely aspirational” (p. 2450) [14].

In the absence of precision medicine trials, an alternative approach is to perform meta-
analyses of existing clinical trials to quantify the potential of precision medicine [60-62].
In particular, this can be examined by comparing variability in the clinical outcome (e.g.,
the standard deviation of HbAlc) between treatment and placebo arms following the
intervention period [60]. The underlying idea is that if heterogeneous treatment effects
(i.e., drug-by-person interactions) exist, this should induce increased variability in the
treatment group relative to the placebo group. Kul3 et al [60] applied this approach in a

meta-regression of 174 clinical trials of glucose-lowering medications, comparing HbAlc
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variability between treatment and placebo arms in individuals with type 2 diabetes. They
found that HbAlc variability was only minimally increased in the treatment arm,
suggesting the absence of clinically relevant treatment effect heterogeneity. In subsequent
studies, Kul3 and colleagues applied the same approach to analyse variability in body
weight reduction [61] and all-cause mortality [62] in clinical trials of glucose-lowering
treatment. Again, they found no consistent evidence of clinically relevant treatment effect
heterogeneity. Taken together, these findings based on summary-level data from
numerous clinical trials provide indirect evidence against the premise of precision
treatment in type 2 diabetes.

Besides these empirical findings, the precision medicine paradigm for type 2 diabetes
has also been challenged from a clinical perspective. In a critical review, Griffin [63]
questions the focus on HbA 1¢ as an outcome, noting that it is only an intermediate marker
and that clinical burden arises from complications such as a cardiovascular disease. He
argues that instead of aiming for marginal improvements in HbA 1c, greater impact could
be achieved by improving on the lacking implementation of existing cardiovascular risk
guidelines. He also highlights that medication non-adherence is a major barrier in clinical
practice, which is often overlooked. However, individualised prediction models have so
far been unsuccessful at predicting short-term treatment discontinuation [64]. Instead,
Griffin [63] argues that clinicians should prioritise factors such as dosing regimens,
individual beliefs, and reminder systems to support adherence. Lastly, given the societal
dimension of the diabetes pandemic, he suggests that the greatest gains may come not
from precision medicine but from population-level policies that promote healthy diets and

physical activity.

4.5 Limitations and recommendations for future research

The work presented in this dissertation has a number of limitations. First, the focus was
on disease heterogeneity only after diabetes had been diagnosed. However, recent studies
indicate that individuals already differ during the earlier stage of impaired glucose
tolerance, suggesting a potential avenue for precision prevention [65]. Indeed, it would
be interesting to apply the NRE measure of classification uncertainty to the recently
proposed subtypes for individuals with an elevated risk of type 2 diabetes [65]. Since this
approach also uses hard clustering, it is reasonable to expect results similar to those

reported here for type 2 diabetes subtypes.
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Second, the current work concentrated on challenges in assigning type 2 diabetes
subtypes. However, classification of adult-onset type 1 diabetes presents its own
difficulties. For example, different antibodies besides GADA may be measured [1, 27],
and the determination of autoimmunity may depend on the selected cut-off level for the
antibody assay [5].

Third, the discussion of disease heterogeneity was restricted to the phenotypic level,
focusing on clinical variables rather than genetic information [8]. The potential of genetic
testing for precision medicine has been demonstrated in rare monogenic forms of
diabetes, where insulin treatment may be ceased in favour of oral treatment with
sulfonylurea [14]. However, type 2 diabetes is a complex polygenic disease [8], and
genetic testing has thus far shown limited clinical utility [53, 63].

A fourth limitation is that ‘subjective’ personalisation approaches [15], which
emphasise individuals’ needs and preferences, were beyond the scope of this work.
Nonetheless, recent findings from the TriMaster study suggest that individual preferences
for glucose-lowering medications vary and can successfully inform treatment selection
[19]. Finally, it is important to acknowledge that the analysis of classification uncertainty
presented here was performed in a European population, though the global burden of
diabetes is growing most rapidly in other regions [14].

As for future research, an important question is how, and indeed whether, the field
should proceed with diabetes subtyping. The findings on classification uncertainty in type
2 diabetes subtypes [38], alongside existing evidence on clinical [8, 16, 58] and
methodological [40, 44, 46] limitations, raise doubts about whether subtyping is the most
promising path forward. Indeed, as early as 2006, Gale [5] cautioned against an excessive
focus on disease classification, arguing that “Our routine attempt to assign patients to
one or other type of diabetes is (...) neither entirely rational, nor measurable, nor useful.”
(p- 1994). In line with this perspective, current evidence suggests that greater gains may
be achieved by further developing and validating individualised prediction models [56],
as also emphasised by the second PMDI consensus report [14]. Nonetheless, if
researchers choose to continue working with diabetes subtypes, it is important to remain
mindful of their limitations and to report measures of classification uncertainty, such as
the NRE measure proposed here [38].

Given the currently weak evidence base for precision medicine [14], the primary
objective for future research should be to generate high-quality evidence from

appropriately designed clinical trials [60, 66, 67]. In particular, repeated cross-over trials
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(or ‘N-of-1-trials’), in which each individual receives at least one of the treatments twice,
are needed [68, 69]. Only these designs can unequivocally demonstrate whether, and to
what extent, individuals truly differ in their responses to glucose-lowering medications
[60, 62]. While no such trials have yet been conducted for glucose-lowering medications,
a successful example has recently been published for blood-pressure-lowering treatment
[70]. In the absence of such evidence for diabetes treatment, the value of ongoing efforts
to identify phenotypic, genetic, or omics-based strategies for precision medicine remains
uncertain [66, 67]. Consequently, established standards of care [12] remain central to
improving outcomes for people living with diabetes.

As for the individualised prediction approach, a pragmatic evaluation strategy would
be a cluster-randomised trial, where some healthcare providers receive the treatment
algorithm and others do not [53]. Such a design would enable a comparison of this
precision medicine approach with current standards of care in a routine clinical practice
setting [53, 63]. Regardless of the study design, future research should adhere to the
BePRECISE guidelines [59] to ensure standardised reporting and facilitate evaluation of

the clinical utility of proposed precision medicine strategies.

4.6 Conclusions

In summary, this work provides two important advancements in the field of diabetes
subtyping. The DDZ Diabetes-Cluster-Tool is the first user-friendly software solution to
enable diabetes subtyping in clinical practice. Moreover, using the normalised relative
entropy measure, this is the first study to systematically evaluate classification uncertainty
in type 2 diabetes subtypes.

The analysis of recently diagnosed adults from the GDS revealed substantial
uncertainty in subtype assignments, particularly for the severe subtypes. Beyond this
methodological challenge, the practical implementation of subtyping in routine clinical
care may be limited by the requirement for C-peptide or insulin measurements. Taken
together, these findings suggest that the proposed reclassification of diabetes may offer
only limited value for precision medicine.

As an alternative approach, individualised prediction models have recently shown
promise in guiding precision treatment. However, additional evidence from precision
medicine trials (e.g. repeated cross-over or cluster-randomised trials) is needed before

implementation in clinical practice can be considered. Until further evidence emerges,
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clinical practice should continue to prioritise established standards of care to improve the

lives of people living with diabetes.
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