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Type 2 diabetes (T2D) is deﬁned by a single metabolite,
glucose, but is increasingly recognized as a highly heterogeneous disease, including individuals with varying clinical
characteristics, disease progression, drug response, and
risk of complications. Identiﬁcation of subtypes with differing
risk proﬁles and disease etiologies at diagnosis could open
up avenues for personalized medicine and allow clinical
resources to be focused to the patients who would be most
likely to develop diabetic complications, thereby both improving patient health and reducing costs for the health
sector. More homogeneous populations also offer increased
power in experimental, genetic, and clinical studies. Clinical
parameters are easily available and reﬂect relevant disease
pathways, including the effects of both genetic and environmental exposures. We used six clinical parameters (GAD
autoantibodies, age at diabetes onset, HbA1c, BMI, and
measures of insulin resistance and insulin secretion) to cluster
adult-onset diabetes patients into ﬁve subtypes. These subtypes have been robustly reproduced in several populations
and associated with different risks of complications, comorbidities, genetics, and response to treatment. Importantly, the
group with severe insulin-deﬁcient diabetes (SIDD) had increased risk of retinopathy and neuropathy, whereas the
severe insulin-resistant diabetes (SIRD) group had the highest
risk for diabetic kidney disease (DKD) and fatty liver, emphasizing the importance of insulin resistance for DKD and
hepatosteatosis in T2D. In conclusion, we believe that subclassiﬁcation using these highly relevant parameters could
provide a framework for personalized medicine in diabetes.

Heterogeneity of Diabetes
Current Classiﬁcations for Diabetes

Diabetes is a heterogeneous disease with varying manifestation and risk of complications (1). While diabetes is
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diagnosed on the basis of a single metabolite, glucose,
hyperglycemia can arise due to multiple complex etiological
processes that can vary between individuals (2). These
processes inﬂuence the clinical characteristics, progression,
drug response, and development of complications. Diabetes
is therefore traditionally divided into different types (Fig.
1A). Type 1 diabetes (T1D) and latent autoimmune diabetes
of the adult (LADA) both result from autoimmune destruction of b-cells, often, but not always, reﬂected by presence
of pancreatic autoantibodies in the blood that can be used as
a diagnostic marker (3). Identiﬁcation of such antibodies is
a strong indicator that the patient will eventually need
insulin treatment to maintain glucose homeostasis (4). Rare
monogenic diabetes types, such as maturity-onset diabetes
of the young (MODY) and neonatal diabetes, account for
about 3% of diabetes diagnosed in individuals ,30 years of
age. Diagnosis requires sequencing of known monogenic
diabetes genes, and the consequences for those affected are
life changing, since a correct diagnosis has major implications on choice of treatment (5).
After exclusion of these and a few other subtypes, such
as diabetes secondary to steroid use, cystic ﬁbrosis, and
hemochromatosis, the remaining patients, 75–85%, are
considered to have type 2 diabetes (T2D). Because autoantibodies are not always measured and genetic diagnostics are often not available, the T2D group may include
patients with undiagnosed autoimmune or monogenic diabetes. While the two main types of diabetes have been
recognized for thousands of years, the names and deﬁnitions have changed and there is still no clear-cut deﬁnition
that will allow all patients to be classiﬁed as either T1D or
T2D (2). Some patients show signs of both autoimmune
destruction of b-cells and profound insulin resistance with
features of the “insulin resistance syndrome.” The large
remaining group of true T2D is still highly heterogeneous
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Figure 1—Schematic representations of diabetes classiﬁcation and
models of heterogeneity. A: The traditional classiﬁcation of diabetes
where T1D and T2D are viewed as distinct subgroups but with an
overlap including intermediate diabetes types such as LADA. Monogenic and secondary diabetes are rare, etiologically distinct subtypes that are not included in the novel subclassiﬁcation. B: The
palette model where the many molecular pathways involved in
diabetes pathogenesis are represented as colors and each individual
with T2D is represented by the mixed colors of all the pathways
affected in that individual. C: The ANDIS model, where colors instead
represent clinical parameters, reﬂecting the underlying mechanisms,
that are easy to measure in the clinic. With this approach, individuals
are grouped based on their main color into subtypes with different
clinical characteristics.

with respect to clinical characteristics, progression, and risk
of complications. Even before diabetes onset, the two prediabetes states, impaired glucose tolerance and impaired
fasting glucose, only show partial overlap, suggesting they
may result from different pathophysiological mechanisms
(6). T2D is thus clearly a multifactorial disease with multiple
underlying etiologies that results from the combined effects
of numerous genetic and environmental risk factors (7,8).
Proposed Models of Heterogeneity Within T2D

The nature and origin of the heterogeneity in T2D has been
discussed, contrasting a model where T2D is seen as a mixture of patients with homogeneous phenotypes and distinct
mechanisms with a model that assumes that each patient
develops diabetes due to a combination of many small
defects in different pathways placing patients on a quantitative spectrum of metabolic disturbance (9,10). It is clear
that the ﬁrst alternative is an overly simplistic model, even
for the division of patients into T1D and T2D, which has
served the clinic well for a long time (11).
A version of the second alternative was described as the
palette model (Fig. 1B), in which each pathway is imagined
as a color and each patient given the hue of the combined
pathways that are defective in that individual, which for
most patients is assumed to be brown (10). As a strategy
for personalized medicine, small archetypal groups dominated by one mechanism would be identiﬁed to study
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the mechanism in isolation. While this model ﬁts well
with the commonly held view of complex diseases, it does
not offer many actionable new avenues for research or
clinical implementation, and it does not recognize the
easily measurable differences in clinical features between
patients.
Instead, we propose an intermediary model (Fig. 1C),
painting with a broader brush and colors that reﬂect major
clinical parameters instead of individual molecular pathways. This model still assumes that diabetes is caused by
many overlapping mechanisms, but it postulates that most
patients have a predominant color and that dividing
patients into shades of red, green, and blue is more useful
and informative than thinking of them all as shades of
brown, even if some have a muddled or intermediary color.
Some mechanisms might play roles, to different extents, in
all individuals with diabetes, but it seems reasonable to
assume that different pathways dominate, or are even
uniquely involved, in leaner patients with insulin deﬁciency
and obese patients with severe insulin resistance and that
studying them separately offers advantages similar to
studying archetypal groups, with a trade-off of less speciﬁcity
for larger, more inclusive groups.
Subclassiﬁcation of Adult-Onset Diabetes

ANDIS (All New Diabetics In Scania) is a large diabetes
cohort started in 2008, with the purpose of studying diabetes heterogeneity. ANDIS aims to include all newly
diagnosed individuals with any type of diabetes in the
Scania region in southern Sweden, within 1 year from
diagnosis. To date, it includes .20,000 individuals representing .90% of newly diagnosed patients. At registration,
two blood measurements are added to standard measurements: glutamate decarboxylase autoantibodies (GADA)
and C-peptide.
In this cohort, we stratiﬁed adult individuals into subtypes using a data-driven approach based on the most
relevant, easily available clinical variables for individuals
with diabetes: GADA, BMI, glycosylated hemoglobin
(HbA1c), age at diabetes onset, b-cell function (HOMA2B), and insulin resistance (HOMA2-IR) estimated from
fasting glucose and C-peptide (12). These variables were
selected based on clinical experience and current knowledge
of T2D, postulating that diabetes develops when insulin
secretion fails to meet the demands of insulin resistance (2).
Hyperglycemia can thus result from either a deﬁcient insulin secretion, the extreme being T1D, or from severe
insulin resistance, with T2D patients seen across this
spectrum. Including key measures of the pathogenesis of
diabetes, i.e., measures of insulin secretion and action in the
deﬁnition of diagnosis therefore seems logical.
We applied two different methods for clustering (12).
The ﬁrst is TwoStep, which determines the optimal number of clusters based on silhouette width, followed by
hierarchical clustering. In separate analyses for males and
females, the optimal number of clusters was ﬁve, which was
replicated in the Scania Diabetes Registry (SDR) cohort. One
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cluster was completely deﬁned by GADA positivity and was
therefore referred to as severe autoimmune diabetes (SAID).
Using the k-means method, we could identify clusters of
similar sizes with the same combination of clinical characteristics in four independent cohorts, including ANDIS and
SDR.
Characteristics of Subtypes

The ﬁve identiﬁed clusters had different clinical characteristics, disease progression, and outcomes (Fig. 2). The SAID
cluster, deﬁned by presence of GADA, includes antibodypositive individuals traditionally referred to as T1D and
LADA and represented 6% of adult individuals in ANDIS.
SAID was characterized by relatively early disease onset,
low insulin secretion, relatively low BMI, and poor metabolic control (high HbA1c). Measuring additional autoantibodies may increase the prevalence of this subtype, as
it has been shown that up to 7% of patients from the
GADA-negative clusters have positive islet cell antibodies
and/or insulin autoantibodies (13). The second cluster,
severe insulin-deﬁcient diabetes (SIDD), comprised 18% of
included individuals, with similar characteristics as SAID
but without GADA. Patients in the third cluster (15%),
severe insulin-resistant diabetes (SIRD), were characterized by very high HOMA2-IR and HOMA2-B and high BMI
but low HbA1c. The fourth cluster, mild obesity-related
diabetes (MOD) (22%) was also characterized by high BMI
but not by insulin resistance. The ﬁfth and largest cluster
(39%), mild age-related diabetes (MARD), had late-onset
diabetes but otherwise no extreme characteristics. Based
on these results, we suggested a new subclassiﬁcation
system for T2D (12,14,15).
Risk of Complications

The clusters were not only different in their characteristics, but they also had different risks of diabetes-related
outcomes (12).
The SAID and SIDD clusters had very high HbA1c at
diagnosis (31% and 25%, respectively, presented with
ketoacidosis) and progressed more rapidly to insulin treatment compared with the other clusters. The SIDD group
had the highest prevalence of diabetic retinopathy, with

Figure 2—Novel diabetes subtype characteristics. Overview of
distribution and characteristics of subtypes generated by clustering
based on clinical parameters in the Swedish ANDIS cohort.

Diabetes Volume 69, October 2020

23% showing signs of at least mild retinopathy even when
scanned soon after diagnosis.
The new diabetes clusters were further studied in the
German Diabetes Study (GDS), where the low C-peptide
secretory capacity of SIDD patients was conﬁrmed
using intravenous glucose tolerance tests (13). In
GDS, SIDD patients also had higher prevalence of diabetic sensorimotor polyneuropathy and cardiac autonomic neuropathy at diagnosis. In spite of restored
glucose homeostasis at the 5-year follow-up, neuronal
signaling and nerve function were not restored (13).
These results indicate that SIDD patients would beneﬁt
from early, intense treatment, frequent monitoring of
complications, and sensitive diagnostic methods for
early prediction.
Based on extrapolation from T1D, many clinicians have
been misled to think that microangiopathic complications,
such as retinopathy, neuropathy, and nephropathy, coincide also in T2D. However, while retinopathy and neuropathy clustered in SIDD individuals, the SIRD subtype
had the highest risk of developing diabetic kidney disease
(DKD) (12). The SIRD subtype had the lowest mean
estimated glomerular ﬁltration rate (eGFR) at diabetes
diagnosis and were at increased risk of developing chronic
kidney disease (CKD), macroalbuminuria, and end-stage
renal disease (ESRD). In the SDR cohort, SIRD patients had
two times higher risk of developing CKD and macroalbuminura and almost ﬁve times higher risk of ESRD after
adjustment for age and sex than MARD patients. Increased
DKD in early stages of SIRD was also replicated in GDS
(13).
Dennis et al. (15) looked at risk for CKD stage 3A during
the ﬁrst 4 years after diagnosis in two clinical trials,
ADOPT (A Diabetes Outcome Progression Trial) and
RECORD (Rosiglitazone Evaluated for Cardiac Outcomes and Regulation of Glycaemia in Diabetes). Despite
inclusion criteria that exclude most of the typical SIDD
and SIRD individuals (16), they conﬁrmed early signs of
kidney disease in SIRD but could not replicate differences in progression after adjustment for initial eGFR
(15). In contrast, the increased risk of kidney disease in
SIRD remained signiﬁcant for all CKD stages after
adjustment for initial eGFR as well as sex and age in
ANDIS (12). In SDR, with an average follow-up of
11 years, the odds ratio for ESRD in SIRD (compared
with MARD) was 3.61 (P 5 3.9 3 1025) after adjustment
for initial eGFR (12). Even after exclusion of individuals
with CKD at diagnosis, the SIRD group had increased
risk after adjustment for eGFR and other commonly
used variables (Fig. 3).
The relationship between insulin resistance and kidney
disease is complex. Insulin resistance is a common and
early alteration in CKD and almost universal in ESRD (17).
In healthy individuals, more than half of the plasma insulin is cleared by the kidney (18). Zaharia et al. (13) used
hyperinsulinemic-euglycemic clamp to estimate wholebody insulin resistance showing that whole-body insulin
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Figure 3—Adjusted risk of diabetic kidney complications. Cumulative incidence of CKD stage 3A in ANDIS (HRSIRDvsMARD 5 1.39, P 5 0.018)
(A) and ESRD in SDR (HRSIRDvsMARD 5 2.53, P 5 0.047) (B) in individuals with eGFR .60 at the ﬁrst measurement after diagnosis, adjusted for
sex, age, BMI, HbA1c, and ﬁrst eGFR. HR, hazard ratio.

sensitivity was similar to HOMA2-IR estimates, with the
lowest M-values in SIRD patients both at diagnosis and
after 5 years of follow-up. This shows that SIRD patients
are truly insulin resistant and that the increased
HOMA2-IR is not merely a result of impaired C-peptide
clearance due to reduced kidney function (19).
SIRD patients also had the highest frequency of nonalcoholic fatty liver disease (NAFLD), as described in ANDIS,
deﬁned by two pathological measurements of the liver
enzyme ALT and high BMI (12). In line with these ﬁndings,
individuals assigned to the SIRD cluster in GDS had the
highest hepatocellular lipid content (19% compared
with ,7% for other clusters) and the highest NAFLD ﬁbrosis
scores, fatty liver index, and AST-to-platelet ratio index (13).
Subtypes of Diabetes in Other Populations

An important question is whether the subclassiﬁcation can
be replicated and used also in other populations. India and
China are the most populated countries with the fastest
growing economies in the world, and the prevalence of
diabetes has tripled in China and doubled in India in less
than two decades (20). Both Indian and Chinese populations develop diabetes at a younger age and at lower BMI
than Caucasians (21,22). The body composition of South
Asians in general is also different compared with the
Caucasian population. For a given BMI, the fat percentage
is signiﬁcantly higher in South Asians, accompanied by
higher insulin resistance (23).
An effort to identify the new subtypes of diabetes in the
Chinese population was published recently (24). The novel
diabetes clustering based on commonly available phenotypes was robustly replicated in 2,316 participants with
newly diagnosed diabetes from the China National Diabetes and Metabolic Disorders Study (CNDMDS) and
685 participants from the National Health and Nutrition
Examination Survey (NHANES III) from China and the

U.S. In the absence of GADA, four clusters could be identiﬁed by k-means clustering using age at diagnosis, BMI,
HbA1c (or alternatively mean plasma glucose), HOMA2-B,
and HOMA2-IR. MARD comprised nearly half the participants in both studies, followed by MOD, whereas SIRD and
SIDD were least prevalent. However, SIDD was more prevalent in Chinese than in Caucasian populations. The cluster
distribution was similar in other ethnic groups including nonHispanic White and non-Hispanic Black participants (24). The
four clusters recapitulated the cluster characteristics deﬁned
in the Swedish population and other follow-up studies based
on European populations, suggesting at least some generalizability of the classiﬁcation in non-European populations.
Similar efforts are underway in other populations. We
have conﬁrmed the generalizability of the classiﬁcation
system in an Indian population diagnosed at ,45 years
of age (R.B.P. et al., unpublished observations), where we
applied the clustering method to 972 T2D patients ;10
years post-diagnosis. Here we ﬁrst mapped to cluster centers from the ANDIS cohort and subsequently conﬁrmed
the subtypes by applying de novo k-means clustering
wherein we obtained a .80% concordance. Using both
de novo clustering and a reference is valuable since the
de novo clustering allows validation of the stability and
reproducibility of clusters in different populations, while
using a reference allows comparison between populations.
We identiﬁed the expected four clusters, albeit with different distributions. Contrary to popular belief, the
insulin-deﬁcient SIDD cluster was predominant followed
by MOD. Higher degree of nephropathy, retinopathy, and
neuropathy was seen in the SIDD cluster compared with the
other subtypes (R.B.P. et al., unpublished observations).
While these data offer insights into the generalizability of
the clustering, further large-scale studies in unselected
cohorts are needed before this can be taken into the clinic.
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Important Considerations for the Subclassiﬁcation

While the clustering strategy has strong advantages in form
of simplicity and utility, it also has limitations. We have
shown that clustering is reproducible in unselected European
diabetes cohorts using C-peptide and glucose measured at
diagnosis and that individuals with these data can be individually classiﬁed using ANDIS as reference (12). This does
not prove that the clustering method will produce reliable
and comparable results in cohorts selected using different
inclusion criteria, surrogate variables, or lower-quality data.
Using a reference for classiﬁcation can solve some of these
problems but requires large high-quality population-speciﬁc
cohorts as reference. For European populations, ANDIS can
be used as a reference, and a simple online tool allows
classiﬁcation for single individuals as well as full cohorts
directly from the clinical parameters already measured
(O. Asplund et al., unpublished observations). Importantly,
this eliminates the need for scaling full-cohort data that can
cause problems in selected cohorts. This tool could easily
be expanded to include a selection of reference populations
of different ethnicity as well as adaptions for different
treatment status and duration of diabetes. However, such
reference data from large unselected cohorts is still missing
and the validity of the methods in other populations needs
to be tested. Once available and tested, such a tool could be
made available to clinicians to allow direct classiﬁcation of
patients.
The importance of correct classiﬁcation is illustrated by
a recent study where Kahkoska et al. (25) attempted
a validation of the subtype and assessed their association
with diabetes complications in the DEVOTE (A Trial Comparing Cardiovascular Safety of Insulin Degludec Versus
Insulin Glargine in Patients With Type 2 Diabetes at High
Risk of Cardiovascular Events), LEADER (Liraglutide Effect
and Action in Diabetes: Evaluation of Cardiovascular Outcome Results), and SUSTAIN-6 (Trial to Evaluate Cardiovascular and Other Long-term Outcomes With Semaglutide
in Subjects With Type 2 Diabetes) cardiovascular outcomes
trials. Instead of de novo clustering, they used ANDIS as
reference to assign study participants into clusters based on
age at diabetes diagnosis, HbA1c, and BMI only. They
identiﬁed the highest risk for cardiovascular events in
the cluster of participants with high HbA1c and low BMI
that most closely resembles SIDD but could not replicate the
increased risk of kidney disease in cluster B, which most
resembles SIRD. This is likely explained by poor performance of the simpliﬁed clustering strategy for this subtype.
Using the same method in ANDIS, cluster A would include
90% SIDD patients but cluster B only 40% SIRD patients.
Given the differences in inclusion criteria, the proportions
could be even smaller in the clinical trials. This emphasizes
the importance of the HOMA measures for identiﬁcation of
the high-risk SIRD group and the importance of properly
validating alternative clustering methods.
An important question is whether clustering gives the
same results at diagnosis and after a longer duration of
diabetes, and to what extent individuals will move from
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one cluster to another. In the DIREVA (DIabetes REgistry
VAsa) study from Finland, we clustered both individuals
registered within 2 years after diagnosis and individuals
with longer duration of diabetes with similar results
supporting the robustness of clusters and limited inﬂuence
of disease duration. One of the few studies addressing this
question was GDS, which showed that 5 years after diagnosis 23% could change cluster allocation (13). However,
the generalizability of these results is uncertain given that
it is a selected cohort and based on only 367 individuals.
Etiological Differences and Genetics

Another question concerns etiological differences between
clusters. Are they to some extent mechanistically distinct,
or do the same mechanisms operate in all subtypes? Or do
the clusters perhaps reﬂect different stages of the natural
progression of T2D, with cluster differences depending on
how long the individual had undiagnosed diabetes? Or are
SIDD patients a group of GADA-negative autoimmune
patients? One way to answer this question is using genetic
information. More than 400 loci affecting risk of T2D have
been identiﬁed; many of them are also associated with
subphenotypes such as BMI, insulin secretion, and insulin
resistance (8). These genetic associations help shed light
on what pathways are involved in disease etiology.
Genetically, SIRD stands out by neither being associated
with the well-established T2D locus in TCF7L2 (26,27) nor
with a weighed risk score for insulin secretion, which are
both strongly associated with SIDD, MOD, and MARD
(12), clearly showing that SIRD is a distinct subtype with at
least partially different etiology. Another important conclusion from genetics is that only SAID is associated with
T1D-associated single nucleotide polymorphisms in the
HLA region, giving no indication of involvement of the
adaptive immune system in the development of SIDD, and
thereby clearly distinguishing it from autoimmune diabetes (12,28). Recently, a genetic variant in PNPLA3 was
shown to associate positively with hepatocellular lipid
content and the SIRD subtype. Hepatocellular lipid content was higher in the SIRD group compared with the
MOD, MARD, and SAID groups and a glucose-tolerant
control group. Although the PNPLA3 polymorphism did
not directly associate with whole-body insulin sensitivity
in SIRD, the G-allele carriers had higher circulating free
fatty acid concentrations and greater adipose tissue insulin
resistance compared with noncarriers (29).
A more comprehensive genome-wide analysis of genetic
differences between clusters has also been performed,
suggesting stronger heritability for the SIDD and MOD
groups (D. Mansour-Aly et al., unpublished observations).
Thus far, hundreds of genetic loci have been implicated in
various diabetes syndromes. Deep phenotyping and a more
precise deﬁnition can lead to identiﬁcation of more precise
pathways and mechanisms, going beyond what the palette
model proposes.
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Clinical Importance

The fundamental clinical differences between the subtypes
suggest that they could beneﬁt from a pathogenetically
deﬁned treatment, addressing their main dysfunction (e.g.,
insulin deﬁciency in SIDD and insulin resistance in SIRD).
Identifying individuals with autoimmune diabetes, in itself
a heterogeneous syndrome, at an early stage also has
relevance for choice of medication, providing an opportunity to prevent b-cell failure and avoid T2D medication
that might even exacerbate the autoimmune process (4).
The recommendations for management of T2D issued
by the American Diabetes Association and the European
Association for the Study of Diabetes emphasize the importance of personalization of treatment depending on patient
characteristics and comorbidities (30). For patients with established cardiovascular disease or CKD, treatment with glucagonlike peptide 1 receptor agonists (GLP-1RA) or sodium–glucose
cotransporter 2 inhibitors (SGLT2i) is recommended, but for
other patients, selection between existing treatment options is
focused on glucose reduction by stepwise addition of medication on top of metformin, and guided by severity of hyperglycemia, obesity, or cost restrictions. Apart from obesity, the
causes and nature of underlying defects are not considered.
Individuals with SIRD show lower eGFR at diagnosis,
indicating that the pathological process starts before diabetes diagnosis. Insulin resistance has long been recognized
as a risk factor for DKD and has been shown to contribute to
the development of disease through multiple mechanisms
(31). Podocyte-speciﬁc deletion of the insulin receptor in
mice causes albuminuria, together with histological features
that recapitulate DKD, even in a normoglycemic environment (32). The fact that the SIRD subtype develops DKD in
spite of relatively good metabolic control and low HbA1c
levels indicates that treatment of these patients should not
aim solely at lowering HbA1c but that improving insulin
sensitivity could be beneﬁcial to prevent complications.
The ADOPT and RECORD trials explored three different treatments in GADA-negative patients (15). The insulin sensitizer rosiglitazone, a thiazolidinedione, showed
the strongest effect in reducing HbA1c in the SIRD subgroup (15). Unfortunately, the effect on eGFR was not tested,
but it has previously been shown that thiazolidinediones are
effective in reducing albuminuria, even when achieving the
same HbA1c targets (33). Given the apparent key role of
insulin resistance in development of DKD, this effect could
be even stronger in SIRD patients.
Another ﬁnding in the ADOPT trial was that age-related
(MARD) patients responded best to the insulin secretagogue sulfonylurea (15). In the ANDIS cohort, MARD and
SIRD patients had been prescribed similar treatment in
spite of considerable differences in risk of complications.
In the same article, Dennis et al. suggested that simple
clinical variables (sex, age, BMI, and HbA1c) perform at
least as well as clusters for selecting therapy. However,
since there are limitations of the study, e.g., exclusion of
the most typical patients from the severe subtypes, the
types of medication tested, and the use of HbA1c reduction
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as the only outcome, this remains to be further tested. It
will be interesting to see corresponding studies in clinical
trials testing treatments that address the insulin deﬁciency
in SAID and SIDD, such as insulin or GLP-1RA, and effects
of insulin sensitizers on complications in SIRD since
HOMA measurements are important for the identiﬁcation
of this subtype.
Another clinical beneﬁt is the possibility to focus
resources, including more frequent screening and immediate intensive treatment, to the individuals most likely to
develop complications, i.e., the three severe subtypes,
whereas the milder forms could perhaps be managed safely
by lifestyle interventions and standard care and given lower
priority for screenings for microvascular complications.
Other Clustering Efforts

There have been a few other efforts to cluster T2D patients
using clinical variables. For example, Li et al. (34) used
patient electronic medical records, identifying three patientpatient networks with different characteristics, genetic
associations, and comorbidities (including everything from
micro- and macrovascular complications to allergies and HIV
infections). Vaccaro et al. (35) used decision tree–based
clustering based on sex, urinary albumin-to-creatinine ratio,
and BMI in TOSCA.IT (Thiazolidinediones or Sulfonylureas
and Cardiovascular Accidents Intervention Trial). A group
including male patients with albumin-to-creatinine ratio
.9 mg/g and BMI .28.7 kg/m2 had several conditions
associated with insulin resistance including high waist circumference, blood pressure, triglycerides, and HDL cholesterol as well as increased risk of cardiovascular end points,
which was better prevented by pioglitazone than sulfonylurea (35).
Given the robustness of genetics compared with phenotypes, efforts have also been made to identify subtypes
using genetics. In one such approach, multivariant-trait
association patterns obtained from genome-wide association studies (GWAS) across various traits were leveraged to
identify shared disease mechanisms based on the assumption that variants that act along a shared pathway will have
similar directional impact on subphenotypes (36). A soft
clustering method was applied to group variant-trait associations from publicly available GWAS for 94 known T2D
variants and 47 T2D-related traits. Five clusters were
obtained, of which two were related to insulin deﬁciency
and three to insulin resistance. Interestingly, seven out of
the ten variants associated with SIDD in ANDIS had the
strongest weights in the proinsulin/b-cell genetic clusters
in the study by Udler et al.; the genetic obesity cluster
seemed to correspond to MOD, whereas the genetically
obtained insulin resistance cluster shared genetic associations with SIRD, with four variants from Ahlqvist et al.
having the strongest weights in the liver/lipid and lipodystrophy clusters in Udler et al. While genetics is certainly
more robust over time, clinical application is more problematic. Moreover, it does not reﬂect the environmental
risk factors; heritability is only a minor determinant of risk
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of T2D. Further, the identiﬁed risk loci for T2D only
explain a small proportion of the heritability.
None of these methods have the same reproducibility
and utility as the ANDIS-based subtypes.
Conclusions

Easily measurable clinical parameters can be used to subclassify individuals with T2D into ﬁve groups with differing
characteristics and disease progression. These clusters have
been shown to be stable and reproducible in several populations. Classiﬁcation can be done also for single individuals and selected cohorts using a reference population,
greatly expanding the utility of the method and opening
avenues for personalized, or at least stratiﬁed, medicine.
A key component in the classiﬁcation is measurement of
C-peptide. Estimates of insulin secretion and action based on
fasting C-peptide and glucose concentrations allow identiﬁcation of the severely insulin-resistant group, SIRD, that is
currently receiving similar treatment as the much milder
MARD subtype, enabling treatment focused on protecting
the kidneys by increasing insulin sensitivity rather than
lowering glucose. The insulin indices also help to identify
the SIDD subtype, highlighting the need for early intensive
treatment that addresses the insulin deﬁciency and the need
for close monitoring of microvascular complications. GADA
measurements can also guide clinicians toward treatment
addressing the resulting insulin deﬁciency, focusing on b-cell
preservation.
Another great advantage of deﬁning subtypes with less
variability and a more homogenous pathology is that it could
facilitate and improve power to study individual disease
pathways even if the groups are not completely distinct.
It might also be possible to reﬁne the ANDIS stratiﬁcation further through inclusion of additional cluster
variables, such as biomarkers, genotypes, or genetic risk
scores. More advanced methods using artiﬁcial intelligence
also offer a promising avenue toward subtypes with even
higher resolution and better predictive power.
We therefore believe that subclassiﬁcation using these
clinically relevant parameters provides a framework for
the next step toward personalized medicine in diabetes.
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