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Abstract

Background: The aim of the study was to investigate type 2 diabetes 
(DM2) subtypes and associations with complications in a multiethnic 
Asian population.

Methods: Analytical cohort (n = 60,946), extracted from 2019 Ma-
laysia National Diabetes Registry, included 63.8% Malay, 16.7% Chi-
nese, 11.3% Indian, and 11.3% other. A K-means cluster analysis was 
performed with complete data on six variables: age, DM2 duration, 
body mass index, metabolic syndrome severity, triglyceride-glucose 
index, and glycated hemoglobin . Separate Cox regression models 
and time-to-event analysis (from DM2 diagnosis) assessed the haz-
ard ratio (HR) and time-to-complications, adjusting for sex, age, and 
ethnicity.

Results: Four clusters emerged: mild age-related diabetes (MARD) 
in 21,059 (35.6%), severe insulin-deficient diabetes (SIDD) in 11,751 
(19.3%), mild obesity-related diabetes (MOD) in 14,700 (24.1%), 
and severe insulin-resistant diabetes (SIRD) in 13,436 (22.0%). Each 
cluster was compared to MARD. SIDD had later-onset and lowest HR 
for chronic kidney disease (CKD) (HR 0.25 (0.24 - 0.26)), retinopa-
thy (HR 0.28 (0.27 - 0.30)), cerebrovascular disease (HR 0.57 (0.47 
- 0.69)), and ischemic heart disease (HR 0.83 (0.76 - 0.91)). MOD had 
lowest HR (0.53 (0.34 - 0.84)) for limb amputations, and low HR for 
CKD, retinopathy, and cerebrovascular disease. SIRD had highest HR 

(1.43 (1.13 - 1.81)) for foot ulcers, and low HR (0.59 (0.56 - 0.63)) for 
retinopathy and CKD (HR 0.77 (0.74 - 0.80)). Known severe CKD 
cases were excluded from National Diabetes Registry.

Conclusions: DM2 subtypes associate differently with complications 
in Malaysia, similar to patterns found in European cohorts. DM2 sub-
types complications, particularly for advanced CKD, are affected by 
registry-related selection bias and deserve further longitudinal inves-
tigation.
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Introduction

Data-driven approaches have been applied to study heteroge-
neity of type 2 diabetes (DM2) based on pathophysiological, 
molecular, and genetic profiles [1, 2]. Recently, five subtypes 
of DM2 have been identified in European studies [3-5] and 
validated in other cohorts [6]. Five subtypes (Table 1), se-
vere autoimmune diabetes (SAID), mild age-related diabetes 
(MARD), mild obesity-related diabetes (MOD), severe insu-
lin-resistant diabetes (SIRD), or severe insulin-deficient dia-
betes (SIDD) [3], have been identified based on autoimmunity, 
age at diagnosis, adiposity, glycemia, relative beta-cell dys-
function, and insulin resistance [6]. Significantly, these sub-
types had differential associations with the onset of diabetes 
complications in European cohorts [3, 4]. Identifying diabetes 
subtypes is essential for precision medicine on pathophysiol-
ogy, treatment selection, and complication prevention, with 
implications for research, clinical practice, and public health.

The prevalence of diabetes (18.3%) differs among ethnic 
groups in Malaysia, with ethnic Indians having the highest 
prevalence (31.4%), followed by Malays (21.6%) and ethnic 
Chinese (15.4%). There is also evidence of ethnic differences 
in the prevalence of complications [7]. Yet, DM2 subtypes and 
associations with complications are inadequately investigated 
in Asia-Pacific populations [8]. Heterogeneity of Asia-Pacific 
populations suggests the need to explore diabetes subtyping 
based on diabetes features in addition to ethnicity.

This study examined data from the Malaysian National 
Diabetes Registry (NDR) to identify DM2 subtypes in a multi-
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ethnic Malaysian population and explored the relationship of 
the subtypes to diabetes complications [7].

Materials and Methods

Institutional Review Board approval

The study was approved by Malaysian Ministry of Health 
Medical Research and Ethics Committee (NMRR-21-172-
58258 (IIR)).

Ethical Compliance

This study is a secondary analysis of national registry data. 
Data collection was conducted in compliance with the ethical 
standards of the responsible institution on human subjects.

Registry

The Malaysia NDR was established in 2011 to support the 
optimal clinical care of patients with DM2 in public primary 
care facilities nationwide, in all 13 states and three federal ter-
ritories. Since its establishment, the NDR has registered 1.69 
million ethnically diverse Malaysians, consisting primarily of 
Malays, ethnic Chinese, and ethnic Indians. This rich longitu-
dinal database enables program managers to monitor glycemic 
control and track specific clinical outcomes and complication 
screening rates at the national, state, district, and facility levels 
[9]. The registry database includes two major components: a 
patient registry and an annual clinical audit dataset. The annual 
clinical audit dataset is a randomly sampled subset of the DM2 
patient registry, including sociodemographic, clinical, and out-
come variables. The sample size is typically determined at the 
district level based on the number of DM2 patients, although 
some states sample at the clinic level for comparability be-
tween health clinics. This variation creates some sample size 
differences at the state and district levels. Sampling is required 
to minimize data collection and entry work burden since the 
health clinics use paper-based medical records.

Analytical cohort

We used the 2019 NDR audit dataset (n = 181,635). After ex-
cluding outliers (n = 1,459), incomplete metabolic syndrome 
data (n = 116,939), and incomplete glycated hemoglobin (A1c) 
and body mass index (BMI) data (n = 2,291), the analytical 
cohort for cluster analysis (see below) constituted 60,946 cases 
(Table 2 and Fig. 1).

Clinical indicators for diabetes subtyping

Differences in the onset of diabetes complications among the 
five diabetes clusters-subtypes (for descriptions, Table 1) were 
found in previous studies [3, 4, 10-12], prompting interest in 
DM2 subtyping in research and clinical precision medicine 
settings [1, 2]. Data-driven diabetes subtyping must rely on 
relevant and available clinical indicators [3, 6]. The NDR col-
lected age at diagnosis, BMI, and A1c, three clinical param-
eters previously used for DM2 subtyping [3]. However, C-pep-
tide measures and autoimmune markers of diabetes, often not 
available in clinical practice, were not captured. The registry 
excluded known type 1 (severe autoimmune) diabetes cases 
(Table 1) [7].

To define insulin resistance, we relied on an alternative/
surrogate measure, metabolic syndrome [13]. Metabolic syn-
drome severity was assessed using continuous metabolic syn-
drome z-score (cMetSyn, see derived variable calculations) 
[14-17]. A lower (negative) cMetSyn suggests lower insulin 
resistance and a more significant influence of relative insulin 
deficiency in the pathogenesis of DM2 (as in SIDD, Table 1).

Lipotoxicity of fatty infiltration of the viscera [18] seems 
to be particularly characteristic of patients with SIRD (Table 
1) [3, 4]. As a formal imaging/tissue assessment of fatty liver 
was not available in the registry (a substantial limitation of our 
analysis), we calculated a triglyceride-glucose index (TyGI; 
see derived variable calculations), which has been demonstrat-
ed to represent the risk of fatty liver better than the homeosta-
sis model in Asia-Pacific cohorts [19-21].

We used the following six variables to cluster diabetes 
subtypes: A1c, BMI, age at assessment, diabetes duration, 
cMetSyn, and TyGI. K-means cluster analysis was used to 
identify DM2 subtypes.

Table 1.  DM Subtype Characteristics

Subtype [3] Label Phenotypic features Complication risk Molecular 
profiles [5]

SIRD Severe insulin-
resistant diabetes

Obesity with severe insulin resistance and 
lipotoxicity, older and middle age at DM onset

Higher risk of fatty liver 
and kidney complications

Liver

MARD Mild age-related diabetes Leaner BMI, older age at DM onset Lower risk of end-
stage complications

Adipose 
tissue

SIDD Severe insulin-
deficient diabetes

Leaner BMI, high A1c, younger age 
at DM onset, longer DM duration

Higher risk of microangiopathic 
complications

Pancreatic 
islet biology

MOD Mild obesity-
related diabetes

Severe obesity, metabolically healthier, younger 
age at DM onset, shorter DM duration

Lower risk of diabetes 
complications

Adipose 
tissue

Adapted from Ahlqvist et al [3] and Slieker et al [5]. A1c: glycated hemoglobin; BMI: body mass index; DM: diabetes.
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Table 2.  Characteristics of Patients With Type 2 Diabetes

Characteristics Overall Female Male
Total, n (%) 60,946 37,832 (62.1) 23,114 (37.9)
Age at the assessment, mean (SD), years 61.1 (10.7) 60.8 (10.8) 61.5 (10.7)
Age at assessment (years), n (%)
  < 40.0 years 1,946 (3.2) 1,240 (3.3) 706 (3.1)
  40.0 - 49.9 years 6,352 (10.4) 4,034 (10.7) 2,318 (10.0)
  50.0 - 59.9 years 17,402 (28.6) 11,253 (29.7) 6,149 (26.6)
  60.0 - 69.9 years 22,135 (36.3) 13,502 (35.7) 8,633 (37.3)
    ≥ 70.0 years 13,111 (21.5) 7,803 (20.6) 5,308 (23.0)
Age at diabetes diagnosis, mean (SD), years 53.3 (10.6) 52.8 (10.6) 54.0 (10.5)
Age at diabetes diagnosis, n (%)
  < 40 .0 years 6,000 (9.8) 3,944 (10.4) 2,056 (8.9)
  40.0 - 49.9 years 15,150 (24.9) 9,863 (26.1) 5,287 (22.9)
  50.0 - 59.9 years 23,010 (37.8) 14,262 (37.7) 8,748 (37.8)
  60.0 - 69.9 years 13,117 (21.5) 7,634 (20.2) 5,483 (23.7)
    ≥ 70.0 years 3,669 (6.0) 2,129 (5.6) 1,540 (6.7)
Diabetes duration, median (IQR), years 6.8 (3.6 - 11.0) 7.0 (3.8 - 11.4) 6.3 (3.3 - 10.7)
Diabetes duration > 10 years, n (%) 18,517 (30.4) 12,098 (32.0) 6,419 (27.8)
Ethnicity, n (%)
  Malay 38,887 (63.8) 25,068 (66.3) 13,819 (59.8)
  Chinese 10,156 (16.7) 5,314 (14.0) 4,842 (20.9)
  Indian 5,044 (8.3) 3,084 (8.2) 1,960 (8.5)
  Other 6,859 (11.3) 4,366 (11.5) 2,493 (10.8)
BMI, mean (SD), kg/m2 27.8 (5.2) 28.0 (5.4) 27.4 (4.8)
BMI, n (%)
  Underweight (> 18.5) 977 (1.6) 663 (1.8) 314 (1.4)
  Normal (18.5 - 24.9) 17,841 (29.3) 10,788 (28.5) 7,053 (30.5)
  Overweight (25.0 - 29.9) 23,972 (39.3) 14,285 (37.8) 9,687 (41.9)
    Obese (≥ 30.0) 18,156 (29.8) 12,096 (32.0) 6,060 (26.2)
Waist circumference, mean (SD), cm 93.3 (11.9) 92.2 (11.9) 95.1 (11.7)
Abdominal obesity, n (%)a

  No 11,524 (18.9) 4,556 (12.0) 6,968 (30.1)
  Yes 49,422 (81.1) 33,276 (88.0) 16,146 (69.9)
Hypertension, n (%)a

  No 10,741 (17.7) 6,221 (16.5) 4,520 (19.6)
  Yes 49,991 (82.3) 31,477 (83.5) 18,514 (80.4)
Triglyceridemia, median (IQR), mmol/L 1.40 (1.10 - 2.0) 1.4 (1.1 - 2.0) 1.4 (1.1 - 2.0)
Hypertriglyceridemia, n (%)a

  No 37,236 (61.1) 23,332 (61.7) 13,904 (60.2)
  Yes 23,710 (38.9) 14,500 (38.3) 9,210 (39.8)
HDL, mean (SD), mmol/L 1.3 (0.4) 1.3 (0.4) 1.2 (0.3)
Low HDL, n (%)a

  No 33,710 (55.3) 19,195 (50.7) 14,515 (62.8)
  Yes 27,236 (44.7) 18,637 (49.3) 8,599 (37.2)
LDL, mean (SD), mmol/L 2.91 (1.11) 2.98 (1.13) 2.80 (1.06)
Fasting serum glucose, mean (SD)b, mmol/L 7.67 (2.87) 7.72 (2.92) 7.60 (2.80)
A1c, mean (SD), % 7.9 (2.1) 8.0 (2.1) 7.8 (2.0)
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Figure 1. Study flow diagram.

Characteristics Overall Female Male
Diabetes medications, n (%)
  None 1,770 (2.9) 1,148 (3.0) 622 (2.7)
  Metformin 52,850 (86.7) 33,233 (87.8) 19,617 (84.9)
  Sulfonylurea 29,083 (47.7) 17,344 (45.8) 11,739 (50.8)
  Other oral 1,357 (2.2) 884 (2.3) 473 (2.0)
  Insulin 18,826 (30.9) 11,955 (31.6) 6,871 (29.7)
Metabolic syndrome, n (%)a

  No 6,979 (11.5) 2,939 (7.8) 4,040 (17.5)
  Yes 53,967 (88.5) 34,893 (92.2) 19,074 (82.5)

aMetabolic syndrome was defined according to the Harmonized Metabolic Syndrome Definition guidelines [23] by meeting three or more criteria: 1) 
abdominal obesity was defined as waist circumference ≥ 80 cm in females and ≥ 90 cm in males; 2) hypertension was defined as blood pressure 
≥ 130/85 mm Hg or previously diagnosed hypertension; 3) hypertriglyceridemia was defined as ≥ 1.7 mmol/L (150 mg/dL); 4) low high-density lipo-
protein (HDL) cholesterol was defined as < 1.3 mmol/L (50 mg/dL) in females and < 1.0 mmol/L (40 mg/dL) in males; 5) all patients met criteria for 
impaired fasting glucose by virtue of type 2 diabetes diagnosis. bFasting glucose measurements may have been impacted by diabetes pharmaco-
therapy. A1c: glycated hemoglobin; BMI: body mass index; IQR: interquartile range; LDL: low-density lipoprotein; SD: standard deviation.

Table 2.  Characteristics of Patients With Type 2 Diabetes - (continued)
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Definition of diabetes complications

The NDR included data on several microvascular and mac-
rovascular diabetes complications: chronic kidney disease 
(CKD), retinopathy, cerebrovascular disease, ischemic heart 
disease, diabetes foot ulcers, and limb amputations. The NDR 
also included cases from primary care settings until the point 
when patients developed CKD stage 3a or worse. At that point, 
the patients were transferred to specialty care and were no 
longer followed in the registry (a potential source of selec-
tion bias). In addition to the reported CKD, the estimated glo-
merular filtration rate < 60 mL/min/1.73 m2 was classified as 
“CKD3a or worse” using the CKD Epidemiology Collabora-
tion CKD-EPI creatinine equation [22]. Previously diagnosed 
retinopathy or abnormal funduscopic examination at the time 
of assessment were defined as retinopathy. Cerebrovascular 
disease, ischemic heart disease, diabetes foot ulcers and limb 
amputations were reported by primary care clinics per relevant 
Malaysian Clinical Practice Guidelines.

Statistical analysis

Analysis was performed using R software/environment, ver-
sion 4.1.0 (Free Software Foundation, Inc. 2021-05-18).

Derived variables

Metabolic syndrome represents insulin resistance based on co-
morbid impaired glycemia, abdominal adiposity, hypertension, 
and metabolic dyslipidemia, with approximately 80% of DM2 
patients meeting at least three of the five metabolic syndrome 
criteria [1]. However, the categorical definition of metabolic 
syndrome does not sufficiently reflect the severity of insulin re-
sistance. cMetSyn has been validated to estimate the severity 
of the metabolic syndrome [14-17, 23]. To derive cMetSyn, we 
first performed a confirmatory factor analysis to parameterize 
the model [17]: cMetSyn = WC + BP + HDL + TG + FG, where 
WC, BP, HDL, TG, and FG refer to standardized and centered 
variables for waist circumference, systolic blood pressure, high-
density lipoprotein cholesterol, fasting triglyceridemia, and fast-
ing glycemia, as described previously [17]. Our multi-group 
model allowed for variations in factor loadings according to pa-
tient sex and ethnicity [17]. Confirmatory factor analysis (CFA) 
was calculated using maximum likelihood and evaluated for the 
goodness of fit using root mean square error and comparative 
fit index. The resulting output was a population-specific z-score 
validated using receiver-operating characteristic (ROC) analy-
sis against the dichotomous categories of metabolic syndrome 
[13-17]. The CFA-derived cMetSyn provided the most accurate 
diagnosis of metabolic syndrome severity on a continuous scale 
(area under the curve (AUC): 81.7%) compared to other rele-
vant calculations of cMetSyn from similar studies [14-17, 23].

A formal assessment of fatty liver or variables for homeo-
stasis model calculations were not available in the Malaysia 
NDR; thus, we calculated a TyGI. TyGI was reported to be 
better than the homeostasis model in Asia-Pacific cohorts as a 

surrogate marker of lipotoxicity of fatty liver [19-21]. Thus we 
used TyGI as a surrogate marker of lipotoxicity, as Malaysia 
NDR did not have imaging/tissue diagnosis of fatty liver [6].

TyGI was calculated as described previously [20] using 
the formula: ln(fasting triglyceridemia × fasting glycemia/2).

K-means cluster analysis to identify DM2 subtypes

CFAs were performed using the K-means cluster package.
The following six markers were used to cluster diabetes 

subtypes (Table 1): 1) Age at assessment, as aging contributes 
to diabetes pathophysiology [8]. For example, aging of insulin-
producing  β  cells  reduces  insulin  production  reserve  [1],  and 
thus could accelerate MARD. Age variable has been previously 
used in diabetes subtyping [10]. 2) Diabetes duration has an im-
pact on diabetes physiology and complications [4]. 3) A1c may 
reflect diabetes severity. For example, patients with MOD may 
have lower A1c than those with SIDD [3]. A1c variable has been 
previously used in diabetes subtyping [10]. 4) BMI reflects nu-
tritional habits, fat storage capacity, and diabetes pathophysiol-
ogy. Only about 40-60% of diabetes patients are obese [13, 14]. 
BMI variable has been previously used in diabetes subtyping 
[10].  5)  Insulin  resistance  and β-cell  dysfunction,  assessed  as 
cMetSyn [16]. Components for the homeostasis model assess-
ment of β-cell dysfunction and insulin resistance were unavail-
able in the registry. The lower cMetSyn suggests predominant 
β-cell dysfunction over insulin resistance (as in SIDD). 6) Fatty 
liver, lipotoxicity, assessed by TyGI. TyGI has been reported 
to reflect severe insulin resistance better than the homeostasis 
model in Asia-Pacific cohorts [19-21]. Higher TyGI may reflect 
lipotoxicity of diabetes (fatty liver), as in SIRD [3].

Analysis was performed using R version 4.1.0 (2021-05-
18). CFAs were done using the {lavaan} package, K-means 
cluster analysis using the {cluster} package. A series of iterative 
K-means cluster analyses were performed to determine optimal 
clustering. Cluster analysis was performed on variables after 
first scaling and centering each variable to a mean of 0 and a 
standard deviation of 1. Despite intuitively starting with k = 4 
based on previous analyses [3] (where the fifth cluster of auto-
immune diabetes was excluded for lack of a relevant marker in 
the dataset), subtypes were assessed for optimal clustering using 
the elbow heuristic (Table 3). Clusterwise stability was assessed 
by resampling the data 2,000 times and then computing the Jac-
card similarities of the original clusters to the most similar clus-
ters in the resampled data [3]. Stable clusters are expected to 
yield a clusterwise mean Jaccard similarity of 0.75 or more, and 
highly stable clusters a mean of 0.85 [12].

Cluster labels were assigned by examining cluster variable 
means. We compared the characteristics of derivative DM2 
clusters/subtypes with previously reported characteristics of 
MARD, SIDD, SIRD, and MOD [10].

Cox regression to examine the association between DM2 
subtypes and complications

Cox regression was used to examine the association between 
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Table 3.  Four-Cluster Diabetes Subtyping With Characteristics of the Clusters (n = 60,946)

Clusters BMI 
(kg/m2)

Age at diag-
nosis (years)

Diabetes dura-
tion (years)

Insulin resist-
ance, cMetSyn

Glycemia, 
A1c (%)

Lipotoxicity, triglyc-
eride-glucose index

Proportion 
of cases

Jaccard 
index

SIRD 27.7 51 7.8 0.132 9.6 9.9 22% 0.92
MARD 25.0 61 5.8 -0.064 6.7 8.7 35% 0.93
SIDD 26.0 47 15.0 -0.040 8.7 8.9 19% 0.90
MOD 33.2 49 5.3 0.004 7.5 9.0 24% 0.93

A1c: glycated hemoglobin; BMI: body mass index; cMetSyn: continuous metabolic syndrome z-score; MARD: mild age-related diabetes; MOD: mild 
obesity-related diabetes; SIDD: severe insulin deficient diabetes; SIRD: severe insulin-resistant diabetes.

Figure 2. Malaysia NDR cluster boxplots, variables used in cluster analysis. MARD: mild age-related diabetes; MOD: mild obesity-
related diabetes; NDR: National Diabetes Registry; SIDD: severe insulin deficient diabetes; SIRD: severe insulin-resistant diabetes.
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DM2 subtypes and complications. Survival analysis and Cox 
regression analyses were performed using R software/envi-
ronment, version 4.1.0 (Free Software Foundation, Inc. 2021-
05-18), packages {survival} and {survminer}. Time-to-event 
analysis starting from diabetes diagnosis was performed using 
separate models for each diabetes complication as an outcome 
with the data available in the NDR. Cox proportional hazard 
regression models assessed outcome differences by cluster 
with MARD as a reference, and adjusted for age, sex, and eth-
nicity.

Missing data

While the 2019 clinical audit dataset included 181,635 re-
cords (Fig. 1), only 63,237 had complete data for computa-
tion of metabolic syndrome severity score [14-17] and the 
K-means cluster analysis [3]. Comparison of cases with 
missing data to cases with complete data revealed that most 
patient demographics, biomarkers, and test results remained 
consistent between the two groups. That is, cases with miss-
ing triglyceridemia measurements had, on average, similar 
systolic blood pressure, age at diagnosis, and A1c as those 
with complete information on triglyceridemia. Variation was 
most prominent in the clinical site and ethnicity variables, as 
would be expected given the variability in district-level data 
collection. Anomalous data points were eliminated based 
on clinical improbability, with outlier thresholds detailed in 
Figure 1.

Results

Among 60,946 cases, 62.1% were women. The mean age at 
assessment was 61.1 (standard deviation (SD) 10.7) years, 
and the mean age at DM2 diagnosis was 53.3 (SD 10.6) years. 
The cohort was ethnically diverse, with 63.8% Malay, 16.7% 
ethnic Chinese, 11.3% ethnic Indian, and 11.3% other ethnici-
ties. The median DM2 duration was 6.8 (interquartile range 
(IQR): 3.6 - 11.0) years, with 30.4% of cases having DM2 
longer than 10 years. The mean BMI was 27.8 (SD 5.2) kg/
m2, with 39.3% overweight and 29.8% obese cases. Nearly 
all (88.5%) met three or more criteria for metabolic syndrome 
[13]. The mean A1c was 6.6% (1.1%), and the mean TyGI was 
9.06 (SD 0.64).

Clustering of DM2 subtypes

Using customized cluster-defining criteria based on available 
clinical variables, four DM2 clusters were identified, reiterat-
ing the basic phenotypes of the clusters previously observed in 
European cohorts [3, 4, 10]. Clusters that were determined all 
had Jaccard similarity values > 0.85, including MARD, SIDD, 
SIRD, and MOD (Fig. 2).

The MARD subtype of older-onset and shorter-duration 
diabetes constituted the most considerable portion of the cohort 
(35%) and had the mildest metabolic derangements: modestly 

elevated A1c of 6.7%, lowest mean BMI, below average (nega-
tive) cMetSyn z-score (low insulin resistance), and lowest TyGI 
(low estimated lipotoxicity) index (Table 4 and Fig. 2).

The SIDD subtype of youngest-onset and longest-dura-
tion diabetes accounted for 19% of the cohort. They had lower 
BMI, the lowest (negative) cMetSyn (lowest insulin resist-
ance), low TyGI (low lipotoxicity) index, and moderate hy-
perglycemia (mean A1c: 8.7%). Although we could not assess 
beta-cell function, this cluster seems to represent the lowest 
insulin resistance with elevated A1c, therefore suggesting in-
sulin deficiency (Table 4 and Fig. 2).

The SIRD cases constituted 22% of the cohort and had 
similar mean age as the SIDD and MOD cohorts but were 
younger than MARD. SIRD cases had moderate diabetes dura-
tion, with BMI in the obesity range, and with severe hypergly-
cemia (mean A1c: 9.6%), and the worst TyGI (highest lipotox-
icity) and the most severe cMetSyn score, suggesting the most 
severe insulin resistance (Table 4 and Fig. 2).

The MOD cases constituted 24% of the total cohort and 
were usually diagnosed in midlife, with the shortest diabetes 
duration. MOD cases had mild hyperglycemia (mean A1c: 
7.5%) and most severe obesity but milder insulin resistance 
indices (cMetSyn, and lipotoxicity scores) compared to SIRD 
cases (Table 4 and Fig. 2).

CKD and DM2 subtypes

Among 60,155 cases, stage 3a or worse CKD (CKD3+) was 
reported in 19,915 (33.1%). Notably, the results are affected 
by registry-related selection bias, as cases were transferred to 
specialty care after developing CKD3+ and were no longer fol-
lowed in the registry. The highest proportion of CKD3+ was in 
the SIDD cluster (40.5%), closely followed by SIRD (38.2%), 
MARD (32.7%), and MOD (23.1%), as reported in Table 4. 
Compared to MARD, the other three DM2 subtypes had sig-
nificantly lower HRs and cumulative incidences of CKD3+, 
with SIDD having the lowest HR for CKD3+, adjusted for age, 
sex, and ethnicity (Table 5 and Fig. 3a).

Retinopathy and DM2 subtypes

Among 59,832 cases, retinopathy was reported in 12,699 
(21.2%). As illustrated in Table 4, the highest proportion of 
retinopathy cases was in the SIDD cluster (30.8%) and the 
lowest in the MOD cluster (13.6%). SIRD and MARD clus-
ters had a similar proportion of retinopathy cases (21.6% and 
21.0%, respectively). Compared to MARD, the other three 
DM2 subtypes had significantly lower HRs and cumulative 
incidences of retinopathy, adjusted for age, sex, and ethnicity 
(Table 5 and Fig. 3b).

Cerebrovascular disease and DM2 subtypes

Among 60,070 cases, the cerebrovascular disease was reported 
in 925 (1.5%). As illustrated in Table 4, the highest propor-
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tion of cerebrovascular disease cases was in the SIDD cluster 
(2.0%) and the lowest in the MOD cluster (3.8%). SIRD and 
MARD clusters had a similar proportion of cerebrovascular 

disease (6.1% and 5.9%, respectively). Compared to MARD, 
SIDD and MOD had significantly lower HRs and cumulative 
incidences of cerebrovascular disease, adjusted for age, sex, 

Table 4.  Characteristics of Patients With Type 2 Diabetes by Cluster Allocation

Characteristics MARD SIDD MOD SIRD
n (%) 21,059 (35.6) 11,751 (19.3) 14,700 (24.1) 13,436 (22.0)
Female, n (%) 12,365 (58.8) 7,558 (64.2) 9,646 (65.6) 8,263 (61.5)
Male, n (%) 8,673 (41.2) 4,215 (35.8) 5,042 (34.4) 5,176 (38.5)
Malay ethnicity, n (%) 12,379 (58.8) 7,362 (62.5) 9,912 (67.5) 9,234 (68.7)
Chinese ethnicity, n (%) 4,694 (22.3) 2,055 (17.5) 1,394 (9.5) 2,013 (15.0)
Indian ethnicity, n (%) 1,376 (6.5) 1,556 (13.2) 1,276 (8.7) 835 (6.2)
Other ethnicity, n (%) 2,589 (12.3) 800 (6.8) 2,113 (14.4) 1,357 (10.1)
Age at diabetes diagnosis (years), mean (SD) 61.1 (8.2) 47.2 (8.5) 48.8 (9.0) 51.2 (9.7)
Diabetes duration (years), mean (SD) 5.76 (3.53) 15.02 (5.37) 5.27 (3.39) 7.80 (4.54)
Diabetes duration > 10 years, n (%) 2,911 (13.8) 10,089 (85.9) 1,494 (10.2) 4,023 (29.9)
A1c (%), mean (SD) 6.7 (1.1) 8.8 (2.1) 7.5 (1.5) 9.6 (2.3)
No diabetes medications, n (%) 1,075 (5.1) 135 (1.1) 383 (2.6) 177 (1.3)
Oral diabetes medications, n (%) 19,343 (91.9) 10,328 (87.7) 13,666 (93.0) 12,053 (89.7)
Insulin pharmacotherapy, n (%) 2,364 (11.2) 6,559 (55.7) 3,482 (23.7) 6,421 (47.8)
LDL, mmol/L, mean (SD) 2.76 (1.02) 2.85 (1.07) 2.95 (1.04) 3.15 (1.29)
Triglyceride-glucose index, mean (SD) 8.67 (0.43) 8.86 (0.47) 9.02 (0.40) 9.90 (0.46)
BMI (kg/m2), mean (SD) 24.96 (3.49) 26.04 (3.94) 33.17 (4.83) 27.67 (4.32)
cMetSyn score, mean (SD) -0.06 (0.08) -0.04 (0.08) 0.00 (0.07) 0.13 (0.10)
Metabolic syndrome, n (%)a 16,735 (79.5) 9,954 (84.7) 14,141 (96.2) 13,137 (97.8)
Chronic kidney disease, stage 3a or worse, n (%) 6,807 (32.7) 4,696 (40.5) 3,356 (23.1) 5,056 (38.2)
Retinopathy, n (%) 4,337 (21.0) 3,556 (30.8) 1,962 (13.6) 2,844 (21.6)
Cerebrovascular disease, n (%) 343 (1.7) 237 (2.0) 134 (0.9) 211 (1.6)
Ischemic heart disease, n (%) 1,228 (5.9) 1,013 (8.7) 555 (3.8) 808 (6.1)
Diabetes foot ulcers, n (%) 129 (0.6) 232 (2.0) 117 (0.8) 206 (1.6)
Limb amputations, n (%) 65 (0.3) 112 (1.0) 32 (0.2) 79 (0.6)

aMetabolic syndrome was defined according to the Harmonized Metabolic Syndrome Definition guidelines [13] by meeting three or more criteria: 1) 
abdominal obesity was defined as waist circumference ≥ 80 cm in females and ≥ 90 cm in males; 2) hypertension was defined as blood pressure 
≥ 130/85 mm Hg or previously diagnosed hypertension; 3) hypertriglyceridemia was defined as ≥ 1.7 mmol/L (150 mg/dL); 4) low high-density lipo-
protein (HDL) cholesterol was defined as < 1.3 mmol/L (50 mg/dL) in females and < 1.0 mmol/L (40 mg/dL) in males; 5) all patients met criteria for 
impaired fasting glucose by virtue of type 2 diabetes diagnosis. A1c: glycated hemoglobin; BMI: body mass index; cMetSyn: continuous metabolic 
syndrome z-score; LDL: low-density lipoprotein; MARD: mild age-related diabetes; MOD: mild obesity-related diabetes; SD: standard deviation; 
SIDD: severe insulin deficient diabetes; SIRD: severe insulin-resistant diabetes.

Table 5.  Hazard Ratios and 95% Confidence Intervals for Diabetes Complications by Cluster Compared to MARD

Outcome n MOD vs. MARD SIDD vs. MARD SIRD vs. MARD
Chronic kidney disease, stage 3a or worse 60,155 0.90 (0.86 - 0.95)* 0.25 (0.24 - 0.26)* 0.77 (0.74 - 0.80)*
Retinopathy 59,832 0.68 (0.64 - 0.72)* 0.28 (0.27 - 0.30)* 0.59 (0.56 - 0.63)*
Cerebrovascular disease 60,070 0.69 (0.55 - 0.86)* 0.57 (0.47 - 0.69)* 0.84 (0.70 - 1.01)
Ischemic heart disease 60,087 1.02 (0.91 - 1.13) 0.83 (0.76 - 0.91)* 1.08 (0.98 - 1.18)
Diabetes foot ulcers 60,129 1.07 (0.82 - 1.41) 0.82 (0.64 - 1.04) 1.43 (1.13 - 1.81)*
Limb amputations 60,116 0.53 (0.34 - 0.84)* 0.73 (0.51 - 1.04) 1.03 (0.72 - 1.46)

Cox regression models adjusted for age, sex, and ethnicity. *Statistically significant. MARD: mild age-related diabetes; MOD: mild obesity-related 
diabetes; SIDD: severe insulin deficient diabetes; SIRD: severe insulin-resistant diabetes.
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and ethnicity (Table 5 and Fig. 3c).

Ischemic heart disease and DM2 subtypes

Among 60,087 cases, ischemic heart disease was reported in 
3,604 (6.0%). As illustrated in Table 4, the highest proportion 
of ischemic heart disease cases in the SIDD cluster (8.7%) and 
the lowest in the MOD cluster (3.8%). SIRD and MARD clus-
ters had a similar proportion of ischemic heart disease (6.1% and 
5.9%, respectively). Compared to MARD, SIDD had a signifi-

cantly lower HR and cumulative incidence of ischemic heart dis-
ease, adjusted for age, sex, and ethnicity (Table 5 and Fig. 3d).

Diabetes foot ulcers and limb amputations and DM2 sub-
types

Among 60,126 and 60,116 cases included in the analysis, a 
low prevalence was reported for diabetes foot ulcers (n = 684, 
1.1%) and limb amputations (n = 288, 0.5%), respectively. As 
illustrated in Table 4, the highest proportions of diabetes foot 

Figure 3. Cumulative incidence curves and risk tables for diabetes complications, adjusted for age, sex, and ethnicity: (a) stage 
3a and more severe chronic kidney disease; (b) retinopathy; (c) cerebrovascular disease; (d) ischemic heart disease; (e) diabetes 
foot ulcers; (f) limb amputations. Models adjusted for sex and age and stratified by diabetes subtype. MARD: mild age-related 
diabetes; MOD: mild obesity-related diabetes; SIDD: severe insulin deficient diabetes; SIRD: severe insulin-resistant diabetes.
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ulcers and amputations were in the SIDD cluster (2.0% and 
1.0%, respectively) and lowest in the MOD cluster (0.6% and 
0.3%, respectively). SIRD and MARD clusters had a similar 
proportion of diabetes foot ulcers and limb amputations. As 
reported in Table 5 and Figure 3e, f, SIRD had a significantly 
higher HR and cumulative incidence of diabetes foot ulcers, 
and MOD had a significantly lower HR and cumulative inci-
dence of limb amputations compared to MARD after adjust-
ment for age, sex, and ethnicity.

Discussion

Our principal finding was the differential relationship of DM2 
subtypes with microvascular and macrovascular complications 
in a diverse multi-ethnic Asian cohort. The heterogeneity of 
DM2 and the differential relationship of DM2 subtypes to com-
plications are important for research and clinical practice. For 
example, recognizing different subtypes in clinical practice for 
therapy selection, screening schedule for complications, and 
team-based care may be more expensive short-term but cost-
saving in the long-run. More tailored care can improve patient 
outcomes and defer or avoid complications. The need for DM2 
subtyping has been emphasized in the new classification re-
ports [1, 2], and recently has been at the forefront of research 
[4-6, 24]. The original DM2 subtyping was described in Eu-
ropean cohorts [3, 4], but needed further validation in diverse 
multi-ethnic Asia-Pacific populations [6, 11, 24]. Our analysis 
contributes to evidence of diabetes heterogeneity and the di-
verse relationship of DM2 subtypes to diabetes complications 
in a multi-ethnic Malaysian cohort [9].

Our results support the suggestion of a differential risk 
of diabetic kidney disease among the DM2 subtypes. We 
found that the SIDD results in later onset and overall lower 
HR of CKD3+ despite the worst glycemic control after ad-
justing for age, sex, and ethnicity. Notably, the SIDD cases 
had the youngest onset and the longest duration of diabetes 
compared to other cohorts. The CKD3+ cases manifested lat-
er after diabetes diagnosis in the SIDD subtype compared to 
the other DM2 subtypes. Contrary to Scandinavian cohorts 
[3], Malaysian the NDR did not detect early onset of kidney 
disease in the SIRD cluster. We believe that the Malaysian 
NDR may have underestimated the early onset of kidney 
disease due to selection bias, as patients with CKD3+ may 
have been referred to specialty care rather than included in 
primary care NDR (by design) if they had kidney disease at 
the time of diabetes diagnosis. Regrettably we did not have 
the information to confirm this hypothesis. Thus, the asso-
ciation between the SIRD subtype and early-onset advanced 
kidney disease [3, 4, 25] in Asian populations will benefit 
from further study.

Retinopathy appears to develop later after diabetes on-
set in the SIDD cohort and early in the diabetes progression 
among the MARD cases. It is possible that these differences 
may be related to the spectrum bias in age: the mean age at dia-
betes diagnosis was about 14 years older in the MARD than in 
the SIDD cases. Perhaps the studies designed to investigate the 
interaction of age with glycemic control on the risk of diabetes 
retinopathy may clarify the etiology of these differences. Like-

wise, the spectrum bias in age must be considered when inter-
preting the analyses of the relationship between DM2 subtypes 
and macrovascular diabetes complications. Nevertheless, our 
analysis suggests that the SIRD cohort had the highest HR for 
diabetes foot ulcers, suggesting the potential role of severe in-
sulin resistance in the pathogenesis of diabetic foot ulcers [26, 
27].

Although glycemia-related aspects of MARD may be 
mild, MARD tends to be associated with higher risks of com-
plications. MARD cases tend to be older and are potentially 
more likely affected by multi-morbidity (two or more chronic 
diseases). This hypothesis needs to be explored in future stud-
ies, and perhaps warrants future renaming of this diabetes sub-
type.

Our study’s strength was the use of a large national reg-
istry cohort, allowing us to test diabetes subtypes in an eth-
nically diverse population. The availability of an inclusive 
diabetes registry in a middle-income country relied on the 
pragmatic use of available clinical markers based on general 
principles of diabetes subtyping: age, adiposity, insulin re-
sistance, lipotoxicity, glycemia, and DM2 duration. Thus, we 
used the same principles for subtyping, although the markers 
for subtyping were different than in European studies [10]. 
To estimate the relative contribution of insulin resistance and 
insulin deficiency, we assessed metabolic syndrome sever-
ity using a continuous metabolic syndrome score [14-17, 
23] as the NDR systemically collects the data on metabolic 
syndrome components, including waist circumference. The 
original subtyping of new-onset diabetes [10] has not been 
utilized for subtyping of advanced diabetes. However, the 
need for re-classification of diabetes during diabetes progres-
sion has been suggested by previous studies [4]. As such, our 
analysis suggests that the classification of DM2 is possible in 
DM2 of longer duration and should include diabetes duration 
as a clustering variable.

The study limitations were the lack of autoimmune diabe-
tes markers and C-peptide as a marker of endogenous insulin 
reserve (C-peptide along with glucose, is used to assess beta-
cell reserve and to calculate the other indicators of the homeo-
stasis model) [28]. Studies suggest up to 14% prevalence of 
autoimmune diabetes in adults misdiagnosed with DM2; how-
ever, no consensus exists to suggest screening for autoimmune 
diabetes in Asia-Pacific populations with adult-onset diabetes 
[29]. Although the known type 1 diabetes cases were excluded 
from the analytical sample, the NDR did not measure auto-
immune diabetes markers; therefore, we could not assess for 
SAID corresponding to type 1 diabetes [3].

Due to the cross-sectional nature of the NDR data, we 
were unable to assess the cases at the time of diabetes diagno-
sis and longitudinally, rendering our analysis susceptible to the 
bias arising from natural variation between individuals. The 
data were limited on assessments of a total daily dose of insu-
lin concomitant with endogenous insulin reserve and glycemia 
(affecting the severity of insulin resistance in insulin-treated 
cases). Lastly, the analytical sample may have included some 
misclassified cases of secondary, mixed etiology, or hybrid 
forms of diabetes [2].

In summary, the subtypes of DM2 lead to different diabe-
tes complications in an Asia-Pacific population, generally fol-
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lowing the patterns found in European cohorts. The relation-
ship between DM2 subtypes and complications, particularly 
advanced CKD, deserves further longitudinal investigation.
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