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ABSTRACT
Background: To determine whether the new international clutesed classification

method can be applied to Chinese inpatients wibetes mellitus (DM).

Methods: Adult patients with DM hospitalized in our tertyatare center from January
2017 to December 2018 were included in the studydans cluster analysis was done
in clusters based on glutamic acid decarboxylas#baties, body mass index,
glycosylated hemoglobin, homeostasis model-assebséal cell function, insulin
resistance index and age at diagnosis of DM. Chasgjtest was used to analyze inter-
subgroup differences in DM-related complicationd &mily history of DM.P<0.05

was considered significant.

Results: A total of 1152 inpatients with DM were includedthe study. Five subgroups
were obtained by cluster analysis with highest pridpn of population in mild obesity-
related DM subgroup (34.55%), followed by mild agé&ted DM (21.55%), severe
insulin deficiency DM (20.51%), severe insulin stahce DM (19.02%) and severe
autoimmune DM subgroup (4.36%). The prevalenceiabetic retinopathy, diabetic
peripheral vascular disease, diabetic ketosis,naogoheart disease, hypertension and

family history of DM differed significantly amongé¢ subgroupsR<0.05 for all).

Conclusions: This cluster-based classification could be appl@thospitalized adult
patients with DM in China. It might help in straiggg for DM patients, and hence,

improve management of DM in these patients.
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1. BACKGROUND
Diabetes mellitus (DM) is a metabolic disorder eltégrized by hyperglycemia caused
due to deficiency of insulin secretion and/or imswction! Its prevalence has risen
globally due to the aging of the population and ¢hanges in lifestylé.In China, its
prevalence has increased remarkedly in the past thecades? that is, from 1% in
1980 to 10.9% in 2013% which highlights the failure of existing preventistrategies.
Classification of DM helps in determining therapewtrategy and thus, plays major
role in its managemen€ Conventionally, DM has been diagnosed based otoghi
levels in blood. As DM is a heterogenous diseast waried patterns of clinical
presentations and progressfofi,it is imperative to consider other relevant vaieab
while classifying patients with DM.

DM is conventionally classified into type 1 and ¢yp: type 1 DM occurs due to
destruction of pancreatic beta-cells by autoani#mds predisposed to ketoacidosis,
and is diagnosed at a younger age compared with 2ypM}!! while type 2 DM is
caused by insulin deficiency and insulin resistaidc€urther, slowly evolving,
immune-mediated diabetes of adults(previously reterto as latent autoimmune
diabetes of adults) is a subtype of type 2 DM cttarized by presence of glutamic
acid decarboxylase antibodies (GADA). Its manifestes are similar to type 2 DM at
diagnosis, but switch todke of type 1 DM over time;”*3however, it progresses slower
than type 1 DM Building on the 2020 European Association for$tedy of Diabetes
(EASD) and American Diabetes Association (ADA) camsus for type 2 DM and

heterogeneity within autoimmune diabetes, C-pept@els and proxy fo-cell
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functions should be chosen to drive therapeutiésiats for LADA. 15

The heterogeneity of DM makes it difficult to indlualize treatment for patients
with diabetes® Previously, Ahlqgvist et al. clustered the newlgghiosed patients with
diabetes based on the presence of GADA, age anas#&y body mass index (BMI),
glycosylated hemoglobin (HbAlc), homeostasis madskessed beta cell function
(HOMA2-B) and insulin resistance (HOMAZ2-IR) to: 1) sevengtoammune DM
(SAID), 2) severe insulin deficiency DM (SIDD), 3gvere insulin resistance DM
(SIRD), 4) mild obesity-related DM (MOD), and 5)lchage-related DM (MARD}/
The study found that the characteristics of pasiemd risk of diabetic complications
significantly varied across the clusters, and thb-dassification provided better
prediction of disease progressignA similar cluster analysis of new-onset diabetes
patients in China and America divided patients Bitoilar five clusters based on age,
BMI, HbAlx, HOMA2-IR and HOMAZ2B, and reported findings consistent with those
of Ahlgvist et al*”:18

However, it is unclear whether the new clusterireghmods can be applied to classify
hospitalized Chinese patients with diabetes. Heweeimplemented the new cluster-
based classification to hospitalized Chinese ptiaith diabetes at our tertiary care
center. Additionally, we determined prevalence ®fi-Bssociated complications, and

family of history of diabetes among different DMogypes.

2. METHODS

2.1 Study design

A total of 1585 Chinese patients with diabetes agitlyears were hospitalized in our

This article is protected by copyright. All rights reserved.



medical center from January 1, 2017 to Decembe2@18. Among them, patients aged
>18 years at the time of first diagnd8isf diabetes, and for whom, complete clinical
data were available were included in the studyieRest were excluded if they aged <18
years at the time of initial diagnosis, had infewtior other complications, or other
conditions requiring fasting or intravenous supmf nutrition, were receiving
glucocorticoid, were diagnosed with pancreatogeliabetes, gestational diabetes or
other secondary diabetes, were previously diagnestdor were hospitalized due to
malignant tumors, or if they had incomplete reldvelmical data. The study was

approved by the ethics committee of Beijing Hodpita

2.2 Measurements

The related indicators included fasting plasmaagedqFPG) and plasma glucose 2
hours after a steamed bread meal, fasting insklNS), 2 hours postprandial insulin
(2hINS), fasting C-peptide (FC-P), 2 hours postgiain C-peptide (2hC-P) and
glycosylated hemoglobin (HbA1C). For the measuranwnblood glucose levels,
automatic biochemical analyzer (BECKMAN COULTER AU®, USA) was used,
whereas insulin and C-peptide levels were measbgedutomatic immunoassay
(SIEMENS ADVIA Centaur XP, Germany). HbAlc was m&asl by Trinity Biotech
Primus Hb9210, USA. Serum GADA was determined byzysre-linked
immunosorbent assay at a wavelength of 405nm.

Other biochemical indicators measured were serugaticine (SCr), uric acid,
triglyceride (TG), total cholesterol, low densitgdprotein cholesterol (LDL-C), high

density lipoprotein cholesterol (HDL-C), all detened by automatic biochemical
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analyzer (BECKMAN COULTER AU5400, USA). For urineutine examination,
morning urine samples were analyzed with AUTION MAXAX-4030, Japan, and
urine sediment examination was performed using SEXNJF1000i, USA. Results
were used to diagnose diabetic ketosis (DK), arektdude factors such as hematuria
and proteinuria that may affect the determinatibrurinary microalbumin. Urinary
microalbumin excretion rate was recorded basechemduminescence immunoassay

(SIEMENS IMMULITE 2000).

2.3 Diagnogtic criteria

DK was diagnosed according to an American Diabétesociation consensus
statement? Diabetic retinopathy (DR) was diagnosed basediadds photographs by
an ophthalmologist as described previoi#8Riabetic nephropathy (DN) and its stages
were detected by the presence of microalbuminwiecluding other causes of
proteinuria and microalbuminuria. Diagnosis of rmabuminuria was confirmed with
>2 measurement of urinary albumin excretion rates260 pg/min, or urinary protein
excretion of >300 mg per day, 825 mg/mmol urinary albumin/creatinine in males
and >35 mg/mmol in females. Diabetic peripheralcuésr disease (DPVD) was
detected by presence of atherosclerosis in theestef lower extremity of patients as
suggested by Ahlqvist et #lin whom diagnostic ankle brachial index was peried
in combination with a history of claudicatiéh. Diabetic distal symmetric
polyneuropathy (DSPN) was diagnosed based on thae&h guidelines for the
prevention and treatment of type 2 diabetes (28f1Hypertension was diagnosed as a

systolic blood pressure (SBRP}140mmHg or diastolic blood pressure (DBP)
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>90mmHg*. In addition, levels of LDL-C and HDL-C were alserorded.

2.4 Cluster analysis

Variables used for cluster analysis were GADA, BNHbAlc, HOMA2$,
HOMAZ2-IR and age at diagnosis of DM. HOMARand HOMAZ2-IR were calculated
based on C-peptide concentrations instead of msolcentration, to exclude the effect
of exogenous insulin by the method described bgtlal. as per the formulae given
below?®
HOMA2-$ = 0.27*FC-p [pmol/L] + (FPG [mmol/L]-3.5)

HOMA2-IR = 1.5 + (FPG [mmol/L] * FC-p [pmol/L] + 280)

The cluster analysis was performed with built-imkans algorithm in the scikit-
learn library of Python. Specifically, we normalizthe five numerical variables with
Z-score method. The variable GADA was a binaryatalg and thus we labelled the
positive as numerical value 1 and negative as 8nTk-means clustering was applied
upon the normalized data, yielding the 5 clustéexh cluster corresponded to a type
of diabetes among SAID, SIDD, SIRD, MOD and MARD.

2.5 t-Distributed Stochastic Neighbour Embedding(t-SNE) visualization

As the patient data was distributed in a 6-dimemaispace, it was impractical to
validate the clustering results from k-means intaly. We thus leveraged t-SNE
visualization technique to reduce the normalizeth dato a 2-dimensional space, so
that we could gain intuition about how does theadaok like, and which cluster does
each patient converge to. Specifically, t-SNE waamsupervised nonlinear dimension

reduction technique, and mostly used for modehiigin-dimensional data into a lower-
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dimensional space for better visualization purp@een if the data was cast into a
lower-dimensional space, t-SNE was capable of prage the pair-wise distance
among patients. The implementation of t-SNE analygs also conducted with the

scikit-learn library of Python, whereas the ploswasualized by the matplotlib library.

2.6 Statistical analysis
All the analyses were performed using SPSS 23tvacé. Chi-square test was used
to analyze the differences in prevalence of DR, DRYD, DSPN, DK, coronary heart
disease (CHD) and hypertension (HTN). In addittbe,risk of diabetes in the previous
(parents), current (siblings), and in the next geten (children) among the groups,
and the type of DM were assessed using Chi-sqeste tDL-C and HDL-C were
presented with means and standard deviatidhsvalue <0.05 was considered

significant.

3. RESULTS
Among the study population, the proportion of paisewith type 2 DM, type 1

DM and slowly evolving, immune-mediated diabetesadtilts were 95.45%, 2.54%
and 2.01%, respectively (Figure 1A). Further, 3%5% the total study population were
clustered as MOD, whereas 21.55%, 20.51%, 19.02961886% of the patients were
clustered into MARD, SIDD, SIRD and SAID, respeetiv(Figure 1B).

3.1 Characteristics of patientsin different subgroups
Cluster analysis revealed that each of the fivelypads had specific characteristics
(Figure 2). SAID was characterized by poor metabotintrol (Figure 2A), relatively

lower BMI (Figure 2B), onset in youth (Figure 2@)sulin deficiency due to impaired
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beta cell function (HOMAZ; Figure 2D) and relatively lower insulin resistanc
(HOMAZ2-IR; Figure 2E). Characteristics of SIDD wesienilar to that of SAID; except
for GADA which was negative in SIDD, and insulirfideency due to non-autoimmune
diseases. SIRD group patients were overweight (Eig@B), had islet cells producing
insulin, but were suffering of insulin resistanégg(ire 2E). MOD was prevalent in
overweight patients who had better metabolic cdrtompared with those of SIRD
group (Figure 2B). MARD patients had poor metabobatrol and were older at onset
compared with patients in other groups (Figure 24 2C).

3.2 t-SNE visualization of patient data and the k-means results

As shown in Fig 3, we adopted t-SNE to visualize thata with the k-means
clustering results. It was particularly noticeatblat the five clusters that formed from
the k-means results were similarly distributeduntsa 2-dimensional space. Notably,
as all patients of SAID were positive with GADA, modiscrimination could be
observed in Cluster 1 compared with other clustéfsr the remaining data
representations, the clusters formed by k-mearsslgleeparated them as four groups
corresponding to the rest of four types of diahedesording to the observation above,
we further validated our clustering outcomes frow k-means algorithm.

3.3 Risk of complications in different subgroups

Table 1 presents data of complications and famiyohy of DM in among the
clusters. The prevalence of majority of complicasi@and family history of DM (except
DSPN, smoking, and next generation suffering fraabeltes) significantly differed

among the groupsP(values: <0.0001 for DPVD, DK, HTN and family hisgoof
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diabetes; 0.0003 for DR and CHD; <0.01 for LDL-IHC and siblings with DM;
0.0059 for alcohol consumption; Table 1).

SIDD group had the highest prevalence of DR, DK,LKD, HDL-C and had
parents suffering of DM (0.39%, 0.22%, 3.36 = 9rA§/dL, 1.57 + 8.33 mg/dL and
0.59, respectively; Table 1). Prevalence of DN @D was highest in the SIRD group
(0.32% and 0.27%, respectively), whereas alcohmdgmption and DM in siblings was
highest in the MOD group (0.41% and 0.35%, respelyt). The SIRD group had the
lowest levels of HDL-C (0.97 £ 0.20 mg/dL). Theraswmno significance difference in

the prevalence of diabetes in children of DM paseamong different subtypes.

4. DISCUSSION

The new cluster-based classification method hagiqusly been used to classify
Nordic and Chinese patients with diabét€$.To the best of our knowledge, this is the
first study that implemented this typing methochtspitalized Chinese patients with
DM. We included an additional variable, GADA, whialas not used in the previous
study in Chinese populatidfiThe results showed that this classification mettmad
also be generalized to hospitalized patients withiB China. Additionally, this study,
for the first time, revealed difference in the mknce of diabetes-related
complications and family history of diabetes amdmg classified clusters in Chinese
inpatients with DM. Together with the findings afepious studies, the current study
confirms that this cluster-based classification hodt could be generalized to adult
patients with DM from varied ethnicitié$1826

This cluster-based method is especially importabietimplemented for type 2 DM
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which is highly heterogeneo8sBy subgrouping patients based on six DM-related
variables, we can determine the risk of differer¥-Bssociated complications.
Additionally, this would enable physicians to tailondividualized treatment for
patients based on their clustering characteristic.

Previously, Ahlqgvist et al. found that majority thie patients with DM had MARD
(39.1%) followed by MOD, SIDD, SIRD and SAID (21.6%7.5%, 15.3% and 6.4%,
respectively)-” Similar distribution was also observed by Zou let MARD was the
most common subtype (45.1%), followed by MOD, SiBid SIRD (32.7%, 13.5%
and 8.6%, respectively§.Our results differ from these previous report$3D was
the most common subtype in the current study, W by MARD, SIRD, SIDD and
SAID. This might be due to the fact DM patients limted in this study were
hospitalized, whereas those included in previoudies were newly diagnosed with
DM.1"18Moreover, Ahlqvist et al. had reported that theabelic control in patients in
the MARD group was better than that of MOD patientsich might have reduced the
possibility of hospitalization in MARD patients abserved in the current stuéfy.
However, there is no epidemiological evidence topsut this hypothesis at present.
Ahlqgvist et al. also reported that 4.5% of the gail$ had either GADA positive and/or
slowly evolving, immune-mediated diabetes of adtilttn China, the incidence of
GADA positive slowly evolving, immune-mediated debs of adults was 5.9%, with
higher prevalence in the northern region comparigi southern regiof At the same
time, phenotypical and genetic characteristics ADA were associated with gender

and age?°3° However, there was only GADA that was evaluatedhigvist's study
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and no other autoimmune antibodies were preselbADA. In LADA subjects, high
GADA titer was related to a severe autoimmunityfigg@nd routine screening for other
antibodies was recommendél.

Further, in the NHANES 11l study, level of HbAlaw highest in the SIDD group,
whereas in the current study, it was highest ilMi#&kD group?® This could be due to
the fact that 98.2% of the MARD patients in thisdst had type 2 DM and the inpatients
in our study center were also mostly elderly pasievith DM. For elderly DM patients
with poor health or short life expectancy, the colniarget of HbAlc can be relaxed to
8.0% or even 8.5%!-33while the target HbAlc should be <7.5% for heakkgerly
DM patients who have relatively longer life expexta3?

In the Nordic study, each subtype was associateld @ifferent complications
(mainly DR, DN, DK)!’ DR was most common in the SIDD subgroup (Odd® rati
[OR]: 1.6; 95% CI: 1.3, 1.9), which is consistenthnour findings!’ Risk of DN was
also highest in the SIRD subgroup (Risk ratio: 4896 2.68, 8.932<0.0001) which
was in accordance to our current study. Howeveg, ititer-subgroup difference
observed in the current study was insignificéht(0.0508), which might be due to the
small sample size. Our results showed highest feega of DK in the SIDD subgroup
which in accordance to the findings of Ahlqvistagt Interestingly, the Nordic study
suggested HbAlc as a predictor of risk for DK (GQR73; 95% CI: 2.47, 3.03;
P<0.0001)" In contrast, in the present study, MARD subgroag highest HbAlc, but
highest prevalence of DK was found in the SIDD.sThiight be due to the clinical

differences between newly diagnosed DM patientsiapatients with DM. Moreover,
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SAID, SIDD and MOD subtypes were associated witbveer risk of coronary heart
disease in the previous stutlyOn the contrary, our study found highest prevadesfc
CHD in SIRD subgroup.

Furthermore, the Nordic study did not evaluate 8ldipids in the included
patientst’ We found that SIDD and SIRD subgroups had thedsghisk of elevated
LDL and reduced HDL, respectively. Additionally,ghiest prevalence of HTN was
observed in SAID subgroup in the current study clvlwas not assessed in the previous
study?t’

The German Diabetes Study reassessed the dlastéts after a 5-year follow-up.
The prevalence of SAID was slightly higher in tetady, whereas the distribution of
the other clusters was similar with the Swedishtihey found that patients in cluster
membership could change as the disease progressiaas worth noting that the
repeatability of the clustering algorithm appliedpatients with 5-year duration was
only 77%. At the same time, testing of more thaa istet-related antibody could result
in more patients being classified with autoimmuraddtes. This study also interpreted
the relationship between clusteration and diabetleded complications. Patients in
SIRD cluster had decreased eGFR and increasedtinyStdevels, suggesting a
significant correlation between insulin resistaracel early progression of diabetic
nephropathsf .

Also another studgonfirmed that the data-driven clusters of Ahlgsigroup were
reproducible in randomized controlled trial dathey had a new discovery that there

would be better clinical utility from modelling oical features, rather than from
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clustering patients with different clinical featarmto different subgroups. According
to the analysis, SAID, SIDD and MOD had an increlassk of glycaemic progression.
SIRD and MARD had a faster progression of rena@alge. Another difference between
this study and Ahlgvist’s study is the cluster elifin response to diverse hypoglycemic
treatment. There was a particular benefit for SN using thiazolidinediones, and
for MARD with using sulfonylure@8. These results raise the possibility that
hypoglycemic treatment of the diverse drugs mightdentifiable through combining
clinical features in a model for drug selection.

We included GADA, age at diagnosis, BMI, HbAlc, HABR4B and HOMA2-IR
as variables for cluster analysis. In the studgbfai et al., the duration of disease was
also included in addition to the aforementionedaldes?® After cluster analysis, the
researchers categorized DM patients into five qadsyautoimmune islet failure DM,
short-term insulin resistance DM, non-autoimmuet igilure DM, long-term insulin
resistance DM and DM with metabolic syndrome. Tél®ws that the choice of
variables directly influences the type of resultsmbgroups. Therefore, future studies

using different variables might further improve thethod of clustering DM patients.

With the continuous development of artificial itigénce, the clustering analysis
method can be further optimized by continuous irgegn and exploration of the two
disciplines®® Application of the new cluster-based classificatimethod in clinical
practice will help physicians to individualize DMeatment. However, large-scale,
prospective, multi-center and multi-parameter sisdare warranted to support this

assertion.
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This study had few limitations. Firstly, the sampilee of this study is small. A
future study with larger sample size would re-atffihe findings of this study. Secondly,
as only hospitalized patients were included in ghely, data on the six assessed at
initial diagnosis and subsequent follow-up was anailable. Thirdly, as we did not
have data from the initial diagnosis, we could eetluate the development of each
subtype. Finally, we did not subclassify patierésdal on treatment regimen, which

might have revealed the pattern of treatment pitgan for different subtypes.

CONCLUSIONS

The new cluster-based classification of diabetes loa implemented in Chinese
inpatients with DM. GADA, which was not included previous study on Chinese
patients with DM, is an important variable that gliobe considered while classifying
Chinese patients with DM. Future studies are waehto explore differences among
different races, nationalities or even between genthat should be taken into account
while classifying and treating DM patients.
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TABLE 1 Prevalence complications and family history of Divdifferent cluster

Variables Clusterl Cluster2 Cluster3 Cluster4 Cluster5 Total P value
(SAID; (SIDD; (SIRD; (MOD;  (MARD; n=245), (n=1143)
n=50), % n=235), % n=218), % n=395), % %
DR 0.35 0.39 0.29 0.28 0.20 0.29 0.0003
DN 0.16 0.27 0.32 0.23 0.26 0.26 0.0508
DPVD 0.73 0.67 0.80 0.83 0.89 0.61 <<0.0001
DSPN 0.39 0.48 0.50 0.49 0.56 0.50 0.1539
DK 0.18 0.22 0.11 0.05 0.16 0.12  <0.0001
CHD 0.18 0.11 0.27 0.24 0.23 0.21 0.0003
HTN 0.63 0.60 0.26 0.44 0.35 0.35 <0.0001
LDL-C (mg/dL), 2.49+0.82 3.36+9.08 2.44+0.87 2.82+8.34 2.61+0.94 .80£6.43 <0.01
mean+SD
HDL-C (mg/dL), 1.18+0.31 1.57+8.33 0.97+0.20 1.08+0.30 1.06+£0.28 .16#43.79 <0.01
mean+SD
Smoking 0.41 0.45 0.48 0.46 0.37 0.36 0.1082
Alcohol consumption 0.33 0.39 0.40 0.41 0.28 .310 0.0195
FH1 0.37 0.59 0.52 0.44 0.31 0.45 <0.0001
FH2 0.14 0.27 0.31 0.35 0.25 0.29 0.0059
FH3 0.02 0.03 0.02 0.03 0.05 0.03 0.2155
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DR, Diabetic Retinopathy; DN, Diabetic Nephropathy; DPVD, Diabetic Peripheral
Vascular Disease; DPSN, Diabetic Distal Symmetric Polyneuropathy; DK, Diabetic
Ketosis; CHD, Coronary Heart Disease; HTN, Hypertension; LDL-C, Low Density
Lipoprotein Cholesterol; HDL-C, High Density Lipoprotein Cholesterol; FH1(family
history), previous generation (parents) suffered from diabetes; FH2, siblings suffered

from diabetes; FH3, next generation (children) suffers from diabetes.
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FIGURE LEGENDS:

Figure 1. Proportion of each type in the classical typing method and clustering
analysis typing method. A) Patient distribution using WHO typing method; B)
Patient distribution using cluster analysis method. SAID, severe autoimmune
diabetes; SIDD, severe insulin-deficient diabetes; SIRD, severe insulin-r esistant

diabetes; MOD, mild obesity-related diabetes; MARD, mild age-related diabetes.

Figure2. Classification char acteristics of diabetes mellitus. Distribution of HbA1c,
BMI, age at diagnosis, HOMA2-p and HOMAZ2-IR in patients admitted to the
study group after stratification. SAID, severe autoimmune diabetes; SIDD, severe
insulin-deficient diabetes; SIRD, severe insulin-resistant diabetes; MOD, mild

obesity-related diabetes; MARD, mild age-related diabetes.

Figure 3. t-SNE visualization of the patient data in a 2-dimensional space. All data

points are labelled with the clustering results from k-means.
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