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ABSTRACT

Introduction Previous reports in European populations
demonstrated the existence of five data-driven adult-onset
diabetes subgroups. Here, we use self-normalizing neural
networks (SNNN) to improve reproducibility of these data-
driven diabetes subgroups in Mexican cohorts to extend its
application to more diverse settings.

Research design and methods We trained SNNN

and compared it with k-means clustering to classify
diabetes subgroups in a multiethnic and representative
population-based National Health and Nutrition
Examination Survey (NHANES) datasets with all available
measures (training sample: NHANES-IIl, n=1132;
validation sample: NHANES 1999-2006, n=626). SNNN
models were then applied to four Mexican cohorts
(SIGMA-UIEM, n=1521; Metabolic Syndrome cohort,
n=6144; ENSANUT 2016, n=614 and CAIPaDi, n=1608)
to characterize diabetes subgroups in Mexicans
according to treatment response, risk for chronic
complications and risk factors for the incidence of each
subgroup.

Results SNNN yielded four reproducible clinical profiles
(obesity related, insulin deficient, insulin resistant, age
related) in NHANES and Mexican cohorts even without
C-peptide measurements. We observed in a population-
based survey a high prevalence of the insulin-deficient
form (41.25%, 95% Cl 41.02% to 41.48%), followed by
obesity-related (33.60%, 95% Cl 33.40% to 33.79%),
age-related (14.72%, 95% Cl 14.63% to 14.82%) and
severe insulin-resistant groups. A significant association
was found between the SLC16A11 diabetes risk variant
and the obesity-related subgroup (OR 1.42, 95%Cl 1.10
to0 1.83, p=0.008). Among incident cases, we observed
a greater incidence of mild obesity-related diabetes
(n=149, 45.0%). In a diabetes outpatient clinic cohort,
we observed increased 1-year risk (HR 1.59, 95% Cl
1.01 to 2.51) and 2-year risk (HR 1.94, 95%Cl 1.13 to
3.31) for incident retinopathy in the insulin-deficient
group and decreased 2-year diabetic retinopathy risk for
the obesity-related subgroup (HR 0.49, 95% Cl 0.27 to
0.89).

Conclusions Diabetes subgroup phenotypes are
reproducible using SNNN; our algorithm is available as

the Metabolic Syndrome Study Group,

Significance of this study

What is already known about this subject?

» Previous research by European groups demonstrat-
ed that data-driven adult-onset diabetes subgroups
have significant clinical and outcome-related im-
plications, with similar patterns and consistency
across studies.

» Estimation of insulin action using C-peptide-based
homeostasis model assessment measures and as-
sessing glycemic control based on HbA1c might
limit the access to clustering solutions using unsu-
pervised learning.

What are the new findings?

» Reproducibility of diabetes subgroup classification is
significantly improved using self-normalizing neural
networks.

» Application of these models in Mexican cohorts
allowed us to characterize differences in diabetes
subgroup frequencies, risk factors, chronic compli-
cations, clinical trajectories, metabolic and genetic
traits.

» Diabetes subgroup classification could be useful for
treatment selection and, if repeated after interven-
tions, might be useful in identifying groups at higher
risk for complications.

How might these results change the focus of

research or clinical practice?

» Our study shows that diabetes subgroups can be
used to understand specific traits of diabetes and
improve personalized medicine.

» Ourapproach may lead to wider use of this subgroup
classification in more diverse research settings to
address heterogeneity of diabetes in different ethnic
groups.

web-based tool. Application of these models allowed for
better characterization of diabetes subgroups and risk
factors in Mexicans that could have clinical applications.
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INTRODUCTION

Recent reports in European populations described a novel
classification of adult-onset diabetes mellitus with implica-
tions for the prediction of outcomes and disease progres-
sion.!? Classification of these subgroups uses unsupervised
k-means clustering based on six variables: autoantibodies
associated with autoimmune diabetes, age at diabetes diag-
nosis, glycated hemoglobin (HbAlc), homeostasis model
assessment (HOMA)2-IR and HOMA2-} estimated using
C-peptide and the body-mass index (BMI). Data-driven
diabetes subgroups could be useful in admixed popula-
tions where heterogeneity of diabetes remains unaddressed
because of lack of resources or awareness. Furthermore,
most metabolic traits associated with each subgroup
including insulin resistance (IR), adipose tissue function
and ectopic fat accumulation have ethnic-specific differ-
ences which may modify behavior of these subgroups in
non-European populations.’* Additional efforts to address
diabetes heterogeneity using genetic and clinical markers
have been explored; nevertheless, the applicability of these
approaches remains unclear and its complexity might limit
its application in lower resource settings.”® Admixed popu-
lations, such as Mexico, are highly heterogeneous and the
prospect of using these approaches to identify specific traits
of diabetes for personalized medicine is appealing.

The k-means clustering algorithm previously used for
diabetes subgroup classification is robust. However, its
reproducibility depends on initial centroid value seeding,
data ordering, extreme outliers and variance of clustering
variables.”™ Low reproducibility might be a concern in
settings where C-peptide or HbAlc measurements are
limited and clustering is carried out using surrogate insulin
or non-insulin-based alternatives to estimate insulin action.
To translate the concept of diabetes subgroups to more
diverse research settings, we propose a supervised machine
learning (ML) approach using artificial selfnormalizing
neural networks (SNNNs) trained with surrogate metabolic
measures to estimate insulin action-related phenomena
from population-based studies. SNNN is an ML algorithm
which addresses variance by processing the inputs through
selfnormalizing layers, offering higher precision for clas-
sification and regression tasks compared with other ML
models."” We hypothesized that training SNNN to classify
diabetes subgroups would improve reproducibility of this
approach in independent datasets and would then be
useful to characterize diabetes traits in Mexicans. Once
we trained the algorithm, we applied it to four Mexican
cohorts to understand aspects of diabetes at different stages
for the disease including risk factors for diabetes subgroup
incidence, nationally representative subgroup prevalence,
clinical management and response to treatment during
clinical follow-up as well as risk for chronic complications.

METHODS

National Health and Nutrition Examination Survey (NHANES)
cohorts

NHANES is a population-based survey. It aims to collect
information on clinical and health data in a representative

multiethnic sample in the USA. We extracted data from
four NHANES survey cycles: 1988-1994 (NHANESII),
1999-2000, 2001-2002 and 2003-2004, including subjects
previously diagnosed with type 2 diabetes (T2D) for <b
years, with a HbAlc >6.5% and/or a 2-hour plasma glucose
>200mg/dL following a 75 g oral glucose tolerance test.
Subjects were assumed to be anti-Glutamate decarboxylase
(GADG5) negative, since measurement of this antibody
had only been carried out in a subset of the population.
Based on that, we did not consider the severe autoimmune
diabetes (SAID) subtype in our estimations."! The homeo-
stasis model assessment was used to estimate HOMAZ2-IR
and HOMA2-B using fasting plasma glucose (FPG) and
C-peptide or fasting insulin for HOMA2-IR’ and HOMA2B’.

Artificial SNNNs

We fitted four SNNN models to develop a classification

algorithm for diabetes subgroups:

» Model 1: HOMA2-IR, HOMA2-3, BMI, HbAlc, years
since diagnosis.

» Model 2: HOMA2-IR’, HOMA2-3’, BMI, HbAlc, years
since diagnosis.

» Model 3: HOMA2-IR’, HOMA2-3’, BMI, FPG and
years since diagnosis.'?

» Model 4: Replacing HOMA for METS-IR (a non-
insulin-based model for IR, metabolic score for IR),
METS-VF (a visceral fat estimator, metabolic score
for visceral fat),13 14 HbAlc, BMI and age at diabetes
onset.

Performance and fine-tuning of SNNN models were
assessed with cross-validation (k=10) and in a validation

sample (NHANES 1999-2004).

Analytical approach for SNNN algorithm testing cohorts

Once we trained these models and verified the repro-
ducibility of diabetes subgroups, we aimed to investi-
gate specific traits of diabetes regarding risk factors
for subgroup incidence, subgroup prevalence, clinical
trajectories and risk for chronic complications in four
Mexican cohorts. Complete description of these cohorts
is included in online supplementary material.

Risk factors for diabetes subgroup incidence

To investigate these factors, we used the Metabolic
Syndrome (MS) cohort (n=6144), an open-population
study developed to evaluate the risk of incident T2D
and cardiovascular disease in urban populations living
in nine different Mexican cities.'” Subjects were assessed
to obtain medical history, physical activity habits and
anthropometric/biochemical analyses. These same eval-
uations were carried out after a minimum of 2years of
follow-up. We search for risk factors associated with the
incidence of each diabetes subgroup; for this purpose,
we used competing risk analyses using the survival R
package. Diabetes subgroups in the MS cohort were clas-
sified using SNNN model 3 due to the unavailability of
HbAlc and fasting C-peptide.
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Diabetes subgroup national prevalence estimates

To estimate diabetes subgroup prevalence, we used data
collected from ENSANUT 2016 Medio Camino (n=4023),
a nationally representative survey to evaluate nutrition
and health trends in Mexicans in whom blood samples
were collected for subgroup classification. Subjects with
previous diagnosis of diabetes, HbAlc 26.5% or FPG
2126 mg/dL were included in this analysis. Prevalence
and 95% CIs were constructed considering multistage-
stratified and clustered sampling using the survey R
package.'® Diabetes subgroups in ENSANUT 2016 were
classified using SNNN model 2 using insulin-based surro-
gates for HOMA2-IR and HOMA2-B.

Chronic complication profiles and diabetes subgroups

To evaluate these profiles, we analyzed the SIGMA-UIEM
cohort (n=1521), an open-population study designed to
characterize carriers and non-carriers of SLCI16A11 vari-
ants associated with increased risk for T2D in Mexicans. In
a subset of subjects, we assessed the presence of diabetic
kidney disease (DKD) using the albumin to creatinine
ratio, diabetic neuropathy (DN) using the Michigan
questionnaire (n=1123) and diabetic retinopathy (DR)
using a standardized ophthalmological examination
(DR, n=353). To assess non-alcoholic fatty liver disease
(NAFLD), we used the fatty liver index (FLI).'” Risk
for chronic complications and associations of diabetes
subgroups with the SLCI16A 11 variant were assessed using
propensity score-matched analyses, controlling for years
from diabetes diagnosis, age and sex using logistic mixed-
effects models. A subsample of study participants (n=67)
underwent deep phenotyping (online supplementary
material)." ' Insulin sensitivity was assessed using raw,
weight and insulin-adjusted M-values from euglycemic
hyperinsulinemic clamps (EHCs). To evaluate acute
insulin response to glucose (AIRg), a frequently sampled
intravenous glucose tolerance test was performed. Subcu-
taneous and visceral adipose tissue areas (SFA, VFA) were
quantified using MRI, and intrapancreatic and intrahe-
patic triglyceride contents were determined using MRI
spectroscopy. Diabetes subgroups in the SIGMA-UIEM
cohort were classified using SNNN model 2.

Clinical follow-up of diabetes subgroups

Clinical assessments for each diabetes subgroup were
evaluated using data from the CAIPaDi cohort (n=1608),
an open-population multidisciplinary diabetes manage-
ment program (online supplementary material).*’ For
this evaluation we included subjects who completed
follow-up at 3 months, 1 and 2 years. Diabetes subgroup
classification was conducted at baseline and at 3 months,
1 and 2 years after the original intervention to assess
diabetes-subgroup transitions across time. We evaluated
treatment response using Cox proportional risk regres-
sion models and assessed individual mediation groups
according to HbAlc goal attainment after follow-up for
each diabetes subgroup.

Statistical analysis

Descriptive statistics are reported as mean+SD or as
median+IQR, where appropriate. Missing data were
imputed using multivariable imputation with chained
equations when data were missing at random using the
mice R package. Specific traits of diabetes subgroups in
all evaluated cohorts were compared using one-way anal-
ysis of variance or Kruskal-Wallis test with post hoc Tukey
or Dunn test. Paired measures in the MS cohorts were
compared using paired t-test or Wilcoxon test, where
appropriate. Statistical significance was established at
a two-tailed p-value <0.05; all statistical analyses were
carried out using R 3.6.1.

Diabetes subgroup clustering

For diabetes subgroup classification in NHANES, we stan-
dardized HOMA2-IR, HOMA2-3, HbAlc, BMI and age at
diagnosis into z-scores and performed k-means clustering
using the fpc R package (k=4, 100 runs). As previously
described, four subgroups were identified' * ' '*: severe
insulin-deficient diabetes (SIDD), severe insulin-resistant
diabetes (SIRD), mild obesity-related diabetes (MOD)
and mild age-related diabetes (MARD). We hypothe-
sized that using surrogate variables instead of original
clustering inputs would impact classification accuracy; to
test this hypothesis, we performed the k-means clustering
algorithm substituting C-peptide variables and HbAlc
using variable combinations as described for models 2—-4
and compared these results to classification using fully
trained SNNN models 2—4. To evaluate reproducibility of
SNNN compared with k-means clustering using surrogate
variables, we used confusion matrices and areas under
receiver operating characteristic curves.

Diabetes subgroup incidence and prediction

To investigate risk factors for diabetes subgroup incidence,
we matched cases of diabetes with controls using propen-
sity score matching for age, sex and BMI with the Matchlt
R package. Risk factors were modeled using Fin & Gray
semiparametric competitive risk regression to account for
competing risks between subgroups, adjusted for age, sex,
waist circumference, smoking, family history of diabetes
and physical activity to account for residual confounding.

Diabetes complications, genetic associations, clinical trajectories
and cluster transitions

To investigate the association of diabetes subgroups with
chronic complications in the UIEM-SIGMA and CAIPaDi
cohorts, we used fixed-effects logistic regression adjusted
for sex and years since T2D diagnosis. Genetic associa-
tions for the SLCI6AI1 risk variant were assessed using
mixed-effects logistic regression models in propensity
score matched individuals for sex, years from T2D diag-
nosis and HbAlc. For prospective evaluations in CAIPaDi,
we modeled risk using Cox regressions excluding preva-
lent DKD and DR cases. To assess subject transitions in
diabetes subgroups across time, we used Sankey plots and
confusion matrices; the validity of diabetes subgroups at
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baseline and its transitions or stability at 3 months after
the intervention for predicting metabolic trajectories and
risk of chronic complications were also assessed. Finally,
to explore the effect of medications in reaching glycemic
targets (HbAlc <7.0%) after 3 months and 1year, we
used Cox proportional risk regression analyses, intro-
ducing treatment by diabetes subgroup and treatment
by subgroup transition interactions to investigate specific
effects of medications by cluster.

RESULTS

Diabetes clusters in NHANES

For diabetes subgroup classification, we merged the
NHANES-IIT (n=20050) and NHANES 1999-2004 data-
sets (n=41470). Of the 1865 subjects with <5 years of
diabetes diagnosis, 63 had incomplete data and 44 addi-
tional subjects who had data >5 SD from the mean were
eliminated from the analysis. In those remaining (n=1758)
we performed a k-means clustering algorithm using
C-peptide derived measures, HbAlc, years from diabetes
diagnosis and BMI as described in previous diabetes clus-
tering studies. These groups showed similar distributions
in both NHANES III and 1999-2004 NHANES; clinical
variables followed expected patterns for each subgroup,
including surrogate measures (figure 1; online supple-
mentary figure 1). SNNN models were trained for 50
epochs using NHANES-III (n=1132) and validated in
NHANES 1999-2004 (n=626).

Performance of SNNN models and comparison with k-means
clustering

SNNN model 1 showed excellent classification perfor-
mance. With both SNNN models 2 and 4, the classifica-
tion performance ordered from better to worse was SIDD,
MOD, MARD and SIRD, with the greatest misclassification
occurring between MARD and SIRD, compared with the

original clustering results (table 1). With SNNN model 3,
the order of better to worsening performance was MOD,
followed by SIDD, MARD and SIRD. Diagnostic perfor-
mance measures for all SNNN models were significantly
improved compared with k-means unsupervised clustering
using variable combinations from models 2-4 (online
supplementary tables 2 and 3). To facilitate the use of these
models, we deployed them into an external web-based
interactive tool built using the shiny R package, which is
accessible for researchers and clinicians at: https://uiem.
shinyapps.io/diabetes_clusters_app/.

Diabetes subgroup prevalence in the population-based
nationwide survey

Clinical variables followed the expected pattern for each
subgroup in all cohorts (online supplementary figures
2-7). In ENSANUT 2016, we observed a high prevalence
of the insulin-deficient form (41.25%, 95% CI 41.02% to
41.48%), followed by obesity-related diabetes (33.60%,
95% CI133.40% to 33.79%), age-related diabetes (14.72%,
95% CI 14.63% to 14.82%) and severe insulin-resistant
groups (10.43%, 95% CI 10.33% to 10.53%; figure 1).
Overall, insulin-deficient cases were more likely to have
>b years since diabetes diagnosis. Women had higher
rates of age-related diabetes, and there was a higher-
than-expected rate of the severe insulin-resistant forms
in Mexico City. No other subgroup had significant differ-
ences in its distribution by either gender, urban/rural
setting or geographical area (table 2).

Diabetes subgroup deep phenotyping in the SIGMA-UIEM
cohort

The detailed characterization done in the SIGMA-UIEM
cohort provided confirmatory evidence of the metabolic
derangements expected in each diabetes subgroup. EHC-
derived raw and insulin-adjusted M-values were lower in

A
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40.0% &
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2 e}
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Figure 1

(A) Diabetes subgroup distribution in NHANES Ill used for model training, NHANES 1999-2004 used for model

validation and ENSANUT 2016 used for model testing, demonstrating relevant differences in diabetes distribution. (B)
Distribution of type 2 diabetes clusters according to ADO, HOMA2-3, HOMA2-IR, BMI, HbA1c and fasting plasma glucose in
the combined NHANES cohorts. ADO, age at diabetes onset; BMI, body mass index; HbA1c, glycated hemoglobin; HOMA,
homeostasis model assessment; IR, insulin resistance; MARD, mild age-related diabetes; MOD, mild obesity-related diabetes;
NHANES, National Health and Nutrition Examination Survey; SIDD, severe insulin-deficient diabetes; SIRD, severe insulin-

resistant diabetes.

BMJ Open Diab Res Care 2020;8:¢001550. doi:10.1136/bmjdrc-2020-001550


https://dx.doi.org/10.1136/bmjdrc-2020-001550
https://dx.doi.org/10.1136/bmjdrc-2020-001550
https://dx.doi.org/10.1136/bmjdrc-2020-001550
https://dx.doi.org/10.1136/bmjdrc-2020-001550
https://uiem.shinyapps.io/diabetes_clusters_app/
https://uiem.shinyapps.io/diabetes_clusters_app/
https://dx.doi.org/10.1136/bmjdrc-2020-001550
https://dx.doi.org/10.1136/bmjdrc-2020-001550

athophysiology/Complications

“Jomiau [ednau Buiziewlou-4as ‘NNNS ‘S819geIp 1UelSISal-UliNsul 8J19AaS ‘YIS ‘S819geIp 1UsIoidp-UlNSUl 8JaAss ‘gQ|S ‘se1egelp paie|al-Alsaqo pliw ‘qOIN ‘Se1egelp palejal-abe pliw ‘qyVvIN

'G0°0> 9NfeA d.

(/91601 €/°€) G9° /¢
(85" L1 01€0°€) 0€°2
(c6'cl 01 L0°Y) 66°8

(166 0106°2) ¥2'9
(L2'€L0102°9) 816

(G112 0112 8Lk
(08’21 0109%) 028
(#6'91 0192°G) 01"}

(#0601 1272) 88°S
(¥6'61 01 2G'9) 9221
(08'71 01 90°9) €01

(c2es0192°21
(£8'55 01 /6°2E
(8055 0160°LE
(L9'8y 01 ¥€'S2
(6£°05 01 96°S€
€215 01 /G2
88°9% 01 ¥0°0€
86°0G 01 89°€E
L1°/G 0} 09'8€) G8' LY
1G9Y 01 2L 12) VI8
26°'L¥ O} /G'¥E) GT' LY

61°GE
444%
80°¢Y
86°9¢
LL'EY
81'8¢€
91'8€
g€gey

o D D D O o O o o —

(
(
(
(
(
(

(02'seorey't) 98l
(6E'L¥ 01 €L'61) 92°0€
(v Lt O} L¥'92) €6°9€
(56'7S 01 80'62) 20°2Y

(9ev 018162
65°6€ 01 82'81) ¥0'62
¥9' Ly 01 GL'G2) 6E°EE
G9'L¥ 01 02°G2) L9°€E
18°9Y 0} vE°/2) L0°LE
GE'6E 01 25°€2) ' L€
6.°6€ 01 Ot"/2) 09°ESE

—_— o~ o~ o~ o~ o~

)
)
)
)
)
)
)
)
)
)

12°9¢

{6£'620166°LL
(L9°22 01 LT L1

(FEvz 0186 kL
(26'81 01 Lt°0L) 2L Pk

66°¢cE 01 09°C
90°9¢ 01 96°6

( 628l
(

(sg'9L01€L'g

(

(

1081
66°0}
9. vl
960}
69°0¢
124"
68°¢cl
616

9181

8EVC 01 EL'G
9.7} 0} LE9

(#2 2L 01%0°8
(LO'pL 01 9€Y,

—_— e T — — T O o D o

(eg=u) AuD ooxe\

(96L=U) 0oIXaN [B1}USD

(6zg=U) 0oIXa\ UIBYINOS
(2&1=u) 0dIX8|\ UIBYHON
(Lep=u) xos ajewa

(eg1=U) xos s\

(zog=u) Bumes [einy

(z1e=u) Bumes ueqin

(02&=U) sisoube|p aouls sieah G<
(yrg=u) sisoubelp aouls siesh Gs
(19=u) @ousenaid |esonO

(19 %S6) adis

(10 %s6) aais

(19 %S6) Ao

(1D %S6) a4dvIN

sJi9)aweled

uolbai [eoiydesboab pue xas ‘Buinss ‘sisoubelp aouls sieak o} palejas sdnoibgns uaiapip Buedwod (suedixs|N 065 281 8 Punussaidal ‘4 9=u) wyiuobje
NNNS au1 jo uoneodde Jaye eiep 9102 LNNVYSN3I uo paseq uonendod ueaixa|n ul sdnoiBbgns se1egelp Jo Sajewliss | %66 pue aousjerald peseg-uolieindod z 2jgel

MJomiau [ednau Buizijewlou-}9s ‘NNNS S919geIp JUB1SISaI-UlNSUl 819A8S ‘QY|S Sa19gelp 1UsIdlep-uliNsul 819A8s ‘d|S ‘AeAIng uoneuiwexy
UOIIJINN PUB y}eaH [euoiieN ‘SINVHN :se1eqelp paie|al-Alsaqo pliw ‘QOIN ‘1e} [B489SIA 10} 8109S dljogeiall ‘YA-S1JIN ©0UBISISaI UINSUI JO) 8109S Ddljogelaw ‘HI-S1 TN ‘Se1eqelp paiejal-abe
plIW ‘QUVIN ‘90UE]lSISaJ UliNSUl ‘Y| ‘JUSWSSaSSE [9pow SIseisoawoy ‘YINOH ‘ulgojbowsay pajedA|b ‘O yaH xapul ssew Apoq ‘||Ng ‘@Aind onslieioeseyd Bulelado JoAi9da) 8y} Jopun Bale ‘ONy

(£6°0 01 26°0) ¥6°0
(66°0 01 86°0) 86°0
(S6°0 01 68°0) 26°0
(66°0 01 86°0) 66°0
(€6'001 16°0) €60
(00'1 01 66°0) 660
(00"+ 031 00°}) 00"+
(00" 01 66°0) 00"

(0670 01 G8°0) 88°0
(96°0 0% ¥6°0) G6°0
(£8°0 0% 18°0) #8°0
(86°0 01 96°0) £6°0
(16°0 03 G8°0) 88°0
(66°0 0% 26°0) 86°0
(00°1 01 66°0) 00"}
(001 01 00°}) 00°L

(86°0 01 £6°0) G6°0
(00°1 01 66°0) 66°0
(68001 18°0) G8°0
(66°0 01 86°0) 86°0
(66°0 01 G6°0) L6°0
(00" 01 66°0) 66°0
(00" 01 66°0) 66°0
(00°1 ©100°}) 00k

(980 01 82°0) 28°0
(16001 28°0) 68°0
(88°0 01 08°0) ¥8°0
(26°0 01 56°0) 96°0
(06°0 01 28°0) 98°0
(16°0 01 56°0) 260
(00°'1L 01 00°}) 00°L
(00°1 01 66°0) 001

900°0%0¢8°0
900°0F018°0
/00°0%6598°0
/00°0¥%.G8°0
800°0F€06°0
800°0F¥68°0
800°0F186°0
700°0F986°0

uoneplfeA
Buiuresp
uoneplfeA
Buiures)
uoneplfen
Buiures)
uoneplien
Buiures)

HI-S13IN 9A-S1IN ‘ING
‘Josuo sejeqelp Jo abe ‘0| yaH

INg ‘g-2¥INOH ‘18suo seleqelp
Jo abe ‘esoon|b ‘Yl-gvINOH

IING ‘. g-2VINOH ‘1esuo sejegelp
jo ebe ‘0| yYaH ‘ HI-gVINOH

INg ‘d-2VINOH ‘19suo seleqgelp
jo abe ‘0L yaH ‘dI-gVINOH

(12 %S6) AOW 2NV

(19 %S6) A4VIN ONV

(12 %s6) aais onv

(12 %SG6) adis onv

Aoeanooy

Hoyod

[oPOIN

8y} Ul eouewIopad sy} pue wyoBe NNNS 8Ul O (0}.=)) UonEpI[eA-SSOIO P|OJ-Y SOUISW UONBOIISSEIO Buliseliuod sjppow NNNS paules) Jnoy 8y} Jo 8ouewiousd

(IN-SaINVHN) sieserep Buiuresy pue (y002-666 SINVHN) Bunsel

I 91qeL

BMJ Open Diab Res Care 2020;8:€001550. doi:10.1136/bmjdrc-2020-001550



Pathophysiology/Complications 8

SIRD subjects confirming the insulin-resistant pheno-
type. AIRg was lower for SIDD implying reduced B-cell
response; conversely, MOD/SIRD had enhanced AIRg
indicating response to systemic IR. Regarding fat distri-
bution, SFA and the SFA/VFA ratio were higher in MOD
confirming predominance of subcutaneous adiposity.
Subjects with MOD also had higher fat mass by Dual X-ray
absorciometry (DXA) and SIRD had lower total lean mass
and lower bone mineral content compared with MOD/
MARD. Intrahepatic fat was surprisingly lower in SIRD
compared with MOD/SIDD (online supplementary table
4).

We searched for associations between diabetes
subgroups and the risk variant for SLC16All using
mixed-effects logistic regression models with propensity
score matching for sex, HbAlc and years of T2D expo-
sure. We observed a significant association between this
variant and the MOD subgroup in the carrier status anal-
yses (OR 1.42, 95%CI 1.10 to 1.83, p=0.008) and even
comparing heterozygous (OR 1.41, 95% CI 1.07 to 1.85,
p=0.013) and homozygous status (OR 1.44, 95% CI 1.01
to 2.076, p=0.048).

Risk for incident diabetes subgroups in the MS cohort

In the MS cohort, after a median of 2.3 years of follow-up
we observed 331 cases of incident T2D; among them, we
observed a greater incidence of MOD (n=149, 45.0%),
followed by SIRD (n=118, 35.6%), MARD (n=45, 13.6%)
and SIDD (n=19, 5.7%). Using competing risks regression,

we identified that adults >60 years with inappropriately
low HOMA2-B, normal BMI, who used statins and were
physically inactive had higher risk for MARD. Subjects <40
years old, with elevated HOMA2-IR/HOMA2-3 and meta-
bolic syndrome (MS) by International Diabetes Federation
(IDF) criteria had higher risk for MOD. Subjects atrisk
of SIRD had elevated HOMA2-IR/HOMAZ2-B, were older
compared with MOD but younger than MARD and had
MS by Adult Treatment Panel III (ATP-III) criteria. Finally,
subjects atrisk of SIDD already had inappropriately lower
HOMA2 despite higher HOMA2-IR values (online
supplementary table 5; table 3).

Association of diabetes subgroups with chronic diabetes
complications

In the SIGMA-UIEM cohort, we identified a lower prev-
alence of chronic complications for obesity-related
diabetes (particularly retinopathy and nephropathy;
online supplementary table 6). Subjects with MARD had
decreased risk of DN and NAFLD only. Subjects with
SIDD had increased risk of DKD, NAFLD and DR. SIRD
was associated with higher risk for NAFLD and estimated
glomerular filtration rate (eGFR) <60mL/min (online
supplementary table 7).

In the CAIPaDi cohort, lower risk for DR rates were
observed for MOD (OR 0.59, 95% CI 0.44 to 0.79) and
SIRD (OR 0.43, 95% CI 0.18 to 0.85) but the risk was
greater in SIDD at baseline (OR 1.90, 95% CI 1.47 to
2.47). DKD rates at baseline were lower for MOD (OR

Table 3 Fine & Gray semiproportional hazard regression for diabetes subgroup using competing risk between subgroups to
identify factors associated to diabetes subgroup incidence in Mexican population compared with age, sex and BMI propensity
score matched controls (n=991), adjusted for family history of diabetes, physical activity, waist circumference, smoking, age

and stratified by sex

Model parameters Parameter Beta z-test sHR (95% Cl) P value
MARD C-statistic=0.919 HOMA2-IR 0.834 2236 2.30 (1.1 to 4.79) 0.025
LR test=118.8, p<0.001 HOMA2-B -0.034  -4.336  0.97 (0.95 to 0.98) <0.001
BMI ~0279  -4.256  0.76 (0.66 to 0.86) <0.001
Age 0.074 5135  1.08(1.05t0 1.11) <0.001
Physical activity ~0.891  -2.654  0.41(0.21t00.79) 0.008
Statin use 1.236 2437  3.44(1.17 t0 9.31) 0.015
MOD C-statistic=0.773 HOMA2-IR 0.537 5183  1.71(1.40 to 2.10) <0.001
LR test 143.4, p<0.001 HOMA2-B 0015  -6.066 0.9 (0.98 to 0.99) <0.001
Age ~0.088  -9.080  0.92(0.90to 0.93) <0.001
MS-IDF 0.451 2250  1.57 (1.06 to 2.33) 0.024
SIRD HOMA2-IR 0.189 2229  1.21(1.02to 1.43) 0.026
E;tt::tsggﬁf’gi 0.001 HOMA2-B 0.003 2457 1.003 (1.001 to 1.005) 0.014
Age 0.032 3725  1.03(1.02 to 1.05) <0.001
MS-ATP-III 0.703 3.066  2.02(1.29 to 3.17) <0.001
SIDD HOMA2-B -0.030 -3.459 0.97 (0.95 to 0.99) <0.001
C-statistic=0.775 HOMA2-IR 1.066 3535  2.90 (1.61 0 5.24) <0.001

LR test 20.08, p=0.01

ATPIII, Adult Treatment Panel lll; BMI, body mass index; HOMA, homeostasis model assessment; IDF, International Diabetes Federation;

IR, insulin resistance; MARD, mild age-related diabetes; MOD, mild obesity-related diabetes; MS, metabolic syndrome; sHR,

semiparametric HR; SIDD, severe insulin-deficient diabetes; SIRD, severe insulin-resistant diabetes.
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0.40, 95% CI 0.16 to 0.86) and MARD (OR 0.62, 95% CI
0.40 to 0.92), but higher for SIDD (OR 4.78, 95% CI 2.29
to 11.24). When excluding prevalent cases, we observed
increased l-year (HR 1.59, 95%CI 1.01 to 2.51) and
2-year risk (HR 1.94, 95%CI 1.13 to 3.31) of incident
DR in SIDD and decreased 2-year DR risk for MOD (HR
0.49, 95% CI 0.27 to 0.89) without differences for inci-
dent DKD.

HbA1c targets and treatment response according to diabetes
subgroup

After 3 months, we observed lower rates of glycemic
control achievement (HbAlc <7%) in SIDD (61.6% vs
90.2% in MARD, 92.1% in MOD and 98.0% in SIRD,
p<0.001) compared with other subgroups. HbAlc targets
remained lower at 1 and 2 years for SIDD (46.3%, 43.3%),
followed by MOD (73.1%, 64.5%), MARD (80.0%,
80.9%) and SIRD (90.6%, 87.1%). Overall, subjects with
SIDD (HR 0.45, 95% CI 0.32 to 0.83) and MOD (HR 0.68,
95% CI 0.46 to 0.83) were less likely to achieve glycemic
control at 2 years compared with MARD.

Association of subgroup transitions with clinical trajectories
and treatment response

In the CAIPaDI cohort, only 10.7% of SIDD subjects
remained in this subgroup and most were reclassified to
either MOD (65.8%) or MARD (19.5%) at the 3-month
time point, whereas other groups remained relatively
stable over time (MARD 97.7%, MOD 91.6% and SIRD
74.2%; figure 2). We re-estimated the risk of chronic
complications considering subgroup classification at 3
months and observed that subjects who were SIDD at
baseline and remained so had higher 2-year risk of RD
(HR 5.80, 95% CI 2.12 to 15.88) and higher 1year risk
of DKD (HR 3.56, 95% CI 1.18 to 10.75) compared with
those who transitioned. Clinical trajectories of markers
including HbAlc, body fat, FLI and METS-VF also show
differential responses for subgroups classified at baseline
and at 3 months at different time points, particularly for
SIDD and MOD (online supplementary figures 8 and 9;
online supplementary table 8).

I MARD (n =214, 13%) MAED (0135 10%),
MARD (n = 388, 24%)
MOD (n = 618, 38%)
MOD (n =342, 40%)
\ : MOD (n = 1012, 63%) \
SIDD (n = 675, 42%) O\ SIDD (n= 322, 38%)
= "~ SIDD (n = 80, 5%) =

SIRD (n = 128, 8%) D sm:( =53,6%)

I SIRD (n = 101,6%)

DISCUSSION

Clustering of data-driven diabetes subgroups is heavily
influenced by variable selection. Using metabolic surro-
gates yielded low reproducibility of diabetes subgroups, a
discrepancy which was corrected for using SNNN models.
Our study confirms that SNNN models trained using
population-based data can better reproduce diabetes
subgroup classification using surrogate measures. Appli-
cation of these models allowed for the characterization
of diabetes subgroups in Mexicans using a unique combi-
nation of cohorts, which comprises a wide pathophysio-
logical spectrum ranging prior to diabetes onset, early
diagnosis and clinical trajectories, and assessing risk of
chronic complications in a heterogeneous population
with elevated genetic risk for diabetes.'” Ours is the first
attempt to generalize diabetes subgroup classification
using surrogate measures by using supervised ML algo-
rithms. Widespread use of ML to improve research in
rnetabolisrn has led to significant improvements in risk
prediction.”! The use of unsupervised clustering is partic-
ularly useful in situations where C-peptide and HbAlc
measurements are available for subgroup classification.
By developing SNNN algorithms trained on clustered
data from ethnically diverse cohorts such as NHANES,
one is able to minimize the effect of surrogate measure
variability in diabetes subgroup classification that unsu-
pervised clustering would otherwise produce, resulting
in profiles that are more reproducible in independent
cohorts. Our approach could promote application of
these subgroups in populations with a variety of risk
profiles, in whom large-scale studies with C-peptide or
even insulin measurements are unavailable, improving
reproducibility at lower costs.

Mexican population is admixed with predominant
Amerindian ancestry and a higher risk of T2D compared
with European populations.” The elevated prevalence
of T2D in Mexicans is the result of genetic predisposi-
tion and an increased prevalence of obesity and MS due
to unhealthy lifestyles.”> Unsurprisingly, prevalence of
diabetes subgroups in Mexican population did not follow

MARD (n = 84, 18%)
MARD (n = 196, 23%) MARD (n =121, 25%) RURDILIS 2]
MARD (n = 247, 2%) MARD (n = 149, 31%)
v 4N

MOD (n =467, 55%)

| - si0D (0= 14, 348) | /\/I‘ >
_ X
is‘m("#&"%{umal A is‘my./,w}"("(‘ uml . /. ﬂnwm}

D SIRD fn = 63, 7%) D SIRD (1= 38, B¥)5iRD (n :z,m]'

smn(n=ss,sm}l I SIRD (=31, 7%) SIRD (1= 34, 7%) D

Figure 2 Sankey plot of transitions of diabetes subtypes after 3 months (A, n=1680), 1year (B, n=852) and 2 years (C, n=476)
of an intensive multidisciplinary intervention with variables collected at baseline and after 3 months, 1 and 2 years of follow-up.
MARD, mild age-related diabetes; MOD, mild obesity-related diabetes; SIDD, severe insulin-deficient diabetes; SIRD, severe
insulin-resistant diabetes.
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reported patterns from FEuropean, US and Chinese
cohorts.! ' The larger prevalence of insulin-deficient
cases could be attributable to poor metabolic control
resulting from health-related disparities and high rates of
long-standing undiagnosed diabetes in Mexicans, which
was reinforced with our finding of increased SIDD prev-
alence in subjects with >5 years of disease and by consid-
ering that incidence for SIDD was low, despite higher risk
profiles in the MS Cohort. Impaired B-cell function could
result from glucotoxicity in uncontrolled diabetes, which
could be reversed with prompt and adequate treatment.**
The large increase in MOD/MARD and the drastic
reduction in SIDD prevalence after a 3-month multidisci-
plinary intervention to improve glycemic control showed
that most SIDD cases were transient.

In contrast with prevalence data, we also reported a
large incidence of obesity-related and insulin-resistant
cases, possibly influenced by the more adverse risk profile
of study participants. A high prevalence of MS, hypoal-
phalipoproteinemia and abdominal obesity as well as
earlier diabetes onset have previously been reported in
Mexicans.”! * Mexicans are more susceptible to ectopic
and visceral fat accumulation, resulting in an increased
cardiometabolic risk profile, which increases the risk of
chronic complications,” including DKD and NAFLD,
both of which are primarily associated with SIDD/SIRD
and MOD, respectively.” "' Our data show that diabetes
subgroup classification could lead to better treatment
selection and risk profiling for chronic complications and
support the idea that diabetes phenotypes are dynamic
and should be reassessed periodically to understand
clinical trajectories and reassess the risk of personalized
medicine.

A potential limitation of our approach is the exclusion
of the SAID subgroup. Adult-onset autoimmune diabetes
usually presents with acute diabetes-related complica-
tions and poor metabolic control, which increases clin-
ical suspicion and prompts autoantibody testing, despite
measures of autoantibodies varying over time. Since ML
methods rely on non-readily observed patterns between
variables, the use of a variable which is definitive to estab-
lish a subgroup does not benefit from this approach.
Instead, future efforts to characterize and improve
SAID prediction should focus on predicting who might
require antibody testing and its heterogeneity might
be addressed from independent cluster analysis, as has
been carried out for type 1 diabetes.” * Finally, previous
reports have suggested that autoimmune diabetes has a
lower prevalence and incidence in the Mexican popu-
lation compared with other populations which reduces
the likelihood of undiagnosed SAID cases in our popu-
lation.”” The inclusion of diverse cohorts is a robust
approach; however, given that these studies were not
specifically designed to investigate factors related to
diabetes subgroups, the results require additional repli-
cation in independent datasets. Given the flexibility of
our approach, this can be performed using a wide variety
of available datasets.

CONCLUSION

The use of SNNN improves reproducibility of diabetes
subgroups when using surrogate measures to estimate
insulin action compared with unsupervised clustering.
Our approach is particularly useful in populations in
limited resource settings, in large-scale epidemiological
studies lacking the original clustering variables or in
primary-care settings in which most of these measures
are unavailable. Traits diabetes subgroups identified by
the SNNN algorithm are consistent with the distinctive-
ness of diabetes in Mexicans, and the novel risk profiles
and differential treatment responses might significantly
impact clinical practice. Further applications of this
approach could further characterize ethnic-specific traits
associated with diabetes in ours and other populations.
Diabetes subgroups are a promising approach to permit
the application of personalized medicine in diabetes. By
improving its reproducibility, we hope to better under-
stand the clinical relevance of this classification in more
diverse research settings.
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