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OBJECTIVE

Phenotypic heterogeneity among patients with type 2 diabetes mellitus (T2DM)
and atherosclerotic cardiovascular disease (ASCVD) is ill deﬁned. We used cluster
analysis machine-learning algorithms to identify phenotypes among trial participants with T2DM and ASCVD.

CARDIOVASCULAR AND METABOLIC RISK

RESEARCH DESIGN AND METHODS

We used data from the Trial Evaluating Cardiovascular Outcomes with Sitagliptin
(TECOS) study (n 5 14,671), a cardiovascular outcome safety trial comparing sitagliptin with placebo in patients with T2DM and ASCVD (median follow-up 3.0
years). Cluster analysis using 40 baseline variables was conducted, with associations
between clusters and the primary composite outcome (cardiovascular death, nonfatal myocardial infarction, nonfatal stroke, or hospitalization for unstable angina)
assessed by Cox proportional hazards models. We replicated the results using the
Exenatide Study of Cardiovascular Event Lowering (EXSCEL) trial.
RESULTS

Four distinct phenotypes were identiﬁed: cluster I included Caucasian men with a
high prevalence of coronary artery disease; cluster II included Asian patients with
a low BMI; cluster III included women with noncoronary ASCVD disease; and cluster IV included patients with heart failure and kidney dysfunction. The primary
outcome occurred, respectively, in 11.6%, 8.6%, 10.3%, and 16.8% of patients in
clusters I to IV. The crude difference in cardiovascular risk for the highest versus
lowest risk cluster (cluster IV vs. II) was statistically signiﬁcant (hazard ratio 2.74
[95% CI 2.29–3.29]). Similar phenotypes and outcomes were identiﬁed in EXSCEL.
CONCLUSIONS

In patients with T2DM and ASCVD, cluster analysis identiﬁed four clinically distinct groups. Further cardiovascular phenotyping is warranted to inform patient
care and optimize clinical trial designs.
Despite growing understanding of the pathophysiology of type 2 diabetes mellitus
(T2DM), the associated morbidity and mortality remains high. Similar to other
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identiﬁed that among patients with
T2DM and established atherosclerotic
CV disease (ASCVD), adding sitagliptin
to usual care did not increase the risk of
major CV events (17,18). The primary
aim of the present analysis was to identify whether a cluster analysis algorithm
could identify clusters with distinct CV
phenotypes among patients with T2DM
with prevalent ASCVD using data from
TECOS. Secondarily, we aimed to evaluate whether these clusters were associated with different clinical outcomes
and whether patients in these clusters
had a differential response to sitagliptin.
We subsequently externally replicated
the identiﬁcation of similar cluster phenotypes and the association of the clusters with clinical outcomes using data
from the Exenatide Study of Cardiovascular Event Lowering (EXSCEL) trial (19).
RESEARCH DESIGN AND METHODS
Data Source

TECOS was a double-blind, multinational, placebo-controlled CV safety
study evaluating the long-term effect of
adding sitagliptin, a dipeptidyl peptidase-4 inhibitor, to usual care in patients
with T2DM and established ASCVD. The
design and results have been reported
(17,18). Brieﬂy, TECOS enrolled 14,671
patients who were randomized to the
addition of sitagliptin or placebo to their
existing glucose-lowering therapy in the
context of usual care. Eligible patients
were at least 50 years of age with
T2DM and established ASCVD and had
glycated hemoglobin (HbA1c) values
between 6.5 and 8.0% on treatment
with stable doses of one or two oral glucose-lowering agents or stable treatment with insulin with or without
metformin. Patients were excluded from
enrollment if their estimated glomerular
ﬁltration rate (eGFR) was <30 mL/min/
1.73 m2 or if they had two or more episodes of severe hypoglycemia in the
preceding year. Median follow-up was 3
years.
TECOS was designed and run independently by the Duke Clinical Research
Institute and the University of Oxford
Diabetes Trials Unit in an academic collaboration with the sponsor and funder,
Merck Sharp & Dohme Corp., a subsidiary of Merck & Co., Inc. TECOS was
approved by the ethics committee for
each participating site and monitored

by an independent data and safety
monitoring board. All participants provided written informed consent for trial
participation. Database management
was performed by the Duke Clinical
Research Institute.
Statistical analysis for the current
study was conducted by the Canadian
VIGOUR Centre (at the University of
Alberta in Edmonton, Alberta, Canada).
The authors take responsibility for the
manuscript’s integrity and had control
and authority over its preparation and
the decision to publish. The sponsor
was able to review the manuscript and
provide nonbinding feedback.
End Points

For this study, we have used the TECOS
four-point primary composite outcome of
time to ﬁrst event of CV death, nonfatal
myocardial infarction (MI), nonfatal
stroke, or hospitalization for unstable
angina. We also explored the three-point
secondary composite outcome of time to
ﬁrst event of CV death, nonfatal MI, or
nonfatal stroke; the components of these
composites individually; and hospitalization for heart failure (HF). All of these CV
events had previously been conﬁrmed by
blinded central adjudication.
Cluster Analysis

The statistical methodology of cluster
analysis has been described previously
(20,21). Multiple steps were included in
the process of identifying patient clusters. The ﬁrst step was variable clustering. Forty candidate baseline variables
were selected for variable clustering
(Supplementary Appendix 1). Using a
criterion of second eigenvalue <1, variables were aggregated into several
clusters; this second eigenvalue reﬂects
a vector variable that provides a statistical threshold to split the population
groups that maximizes correlation
within groups and minimizes correlations between groups. This step was
performed separately on continuous
and binary variables, resulting in 4 clusters of continuous variables and 10 clusters of categorical variables. A summary
score for each individual patient was
calculated based on each of the 14
identiﬁed variable clusters. Then, the 14
summary scores were standardized to
have a mean of zero and SD of 1. From
the standardized summary scores, the
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disease entities (1–3), there is a limited
framework and taxonomy to identify
the potentially signiﬁcant biological heterogeneity with regard to cardiovascular
(CV) disease risk among patients with
T2DM. Such limitations have signiﬁcant
implications for the design of clinical trials and for patient care, as therapeutic
interventions with promising preclinical
and early phase trial results may not
show efﬁcacy in phase 3 trials when
tested on a disease state comprising
several phenotypic variations (4–7).
Recent trials including several thousands of patients with diabetes have
identiﬁed various glucose-lowering therapies that are safe from a CV perspective and some that improve CV
outcomes (7–10). However, it is unclear
how to best tailor these therapies to
individual patients in routine clinical
practice. Having a more precise CV risk
classiﬁcation of patients with T2DM
may allow for more discretely targeted
populations for future clinical trials
and for more effective clinical application in usual care. Recent calls for
improved phenotyping of disease
to aid in diagnosis, prognosis, and
selection of treatments have spurred
intensive investigation into precision
medicine (4,11).
Cluster analysis, a form of machine
learning, has been used as an exploratory technique to analyze molecular
data in various disease states and can
be used to identify clusters of patients
with distinct phenotypes without the
need for historical or arbitrary a priori
assumptions (2,3,12–15). When using
clinical data, cluster analysis coalesces
groups of patients together (into
“clusters”) such that patients in one
particular cluster are more similar (e.g.,
in baseline characteristics, biomarkers,
molecular, and/or genetics data) than
patients in other clusters (2,3). The
resulting clusters may then demonstrate
different natural histories, outcomes,
and potentially therapeutic responses.
While prior biomarker-based analyses
have identiﬁed potential pathobiological
differences between patients with and
without diabetes (16), identifying
patient clusters on the basis of clinical
variables represents an important initial
step for future biomarker and genomic
phenotyping.
The Trial Evaluating Cardiovascular
Outcomes with Sitagliptin (TECOS)
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External Replication

An external replication of the cluster
analysis was conducted using data from
EXSCEL. Brieﬂy, EXSCEL was a multicenter, double-blind study that randomized
14,752 patients with T2DM who had
established ASCVD (70%) or multiple
CV risk factors (30%) to receive subcutaneous injections of once-weekly
extended-release exenatide (EQW) or
matching placebo (19). Patients were
followed for a median of 3.2 years.
Once-weekly extended-release exenatide was noninferior to placebo for the
primary three-point composite outcome
of CV death, nonfatal MI, or nonfatal
stroke.
The same clustering technique used
in TECOS was applied to the EXSCEL
data. The same 40 candidate baseline
variables were selected for the variable
reduction process, resulting in 6 clusters
for continuous variables and 12 clusters
for categorical variables. A semipartial
R2 of 0.05, as used in the main analysis,
was used to determine the ﬁnal number
of clusters; four patient clusters were
identiﬁed.

Characteristics and Outcomes
Comparisons

For each cluster identiﬁed, baseline
characteristics for continuous variables
are reported as means (SDs) or medians
(25th and 75th percentiles) and for
categorical variables as percentages.
Kaplan–Meier survival analyses were
then used to examine the survival functions in the individual clusters, with differences among clusters tested by the
log-rank test.
The relative associations between
cluster membership and clinical outcomes were assessed using Cox proportional hazards regression stratiﬁed by
region deﬁned as Asian Paciﬁc and
other, Eastern Europe, Latin America,
North America, and Western Europe.
The proportional hazards assumption
was evaluated graphically using the
standardized score process and the
supremum test. No violations were
found. Hazard ratios (HRs) and 95% CIs
are reported using cluster II as the reference cluster (as it had the lowest rate
of events for the primary outcome). We
calculated the median validated thrombolysis in MI (TIMI) risk score for secondary prevention across clusters (22).
To test whether sitagliptin modiﬁed
the relationship of cluster membership
and clinical outcomes, the interaction
between study treatment and cluster
membership was examined using Cox
proportional hazards regression.
The analysis was done on an imputed
data set; imputed values were obtained
by the Markov chain Monte Carlo
method or regression methods using
SAS PROC MI. All analyses were based
on the intention-to-treat population,
with two-sided P < 0.05 considered statistically signiﬁcant. Statistical analyses
were performed using SAS software
(version 9.4; SAS Institute, Cary, NC).
RESULTS

From TECOS, four distinct clusters associated with CV outcomes were identiﬁed based on the summary scores
calculated in variable cluster analysis
without knowledge of outcomes
(Supplementary Appendix 2).
Baseline Characteristics

Baseline characteristics by cluster membership are shown in Tables 1 and 2.
Cluster I (40.9% of TECOS participants)

had a mean age of 66.2 years and comprised primarily Caucasian men (90.4%
Caucasian, 77% men). This cluster had
the highest proportion with atherosclerotic coronary heart disease (96.3%) but
the lowest proportion with prior cerebrovascular disease (13.1%) and peripheral arterial disease (6.7%). Cluster I
also had the lowest mean total cholesterol (160 mg/dL), lowest mean LDLcholesterol (86 mg/dL), and the highest
statin use (85.9%). In addition, this cluster had the highest proportion of prior
smokers (48.4%).
Cluster II (23.7% of TECOS participants) had the lowest mean age (63.2
years) and the highest proportion of
Asian patients (85.6%). This cluster had
the lowest mean BMI (26.4 kg/m2) and
blood pressure (133/77 mmHg). This
cluster had the shortest mean duration
of diabetes (11.0 years) and the lowest
median urinary albumin-to-creatinine
ratio (UACR; 8.0 mg/g). These patients
also had the second lowest mean LDLcholesterol (91 mg/dL) and the lowest
mean triglycerides (144 mg/dL).
Cluster III (18.2% of TECOS participants) had the highest proportion of
females (43.1%), the longest mean
duration of diabetes (12.2 years), and
the highest proportion with prior diabetic neuropathy (37.6%). This cluster
had the lowest proportion of patients
with ASCVD (21.3%) but the highest
proportion of patients with prior cerebrovascular disease (55.8%) or prior
peripheral arterial disease (40.6%). This
cluster also had the highest proportion
of patients who were current smokers
(13.2%). These patients also had
the highest mean LDL-cholesterol
(99 mg/dL) and the highest mean HDLcholesterol (46 mg/dL) but the lowest
proportion of statin use at baseline
(67.9%).
Cluster IV (17.1% of TECOS participants) had the highest mean age (66.8
years) and was composed primarily of
Caucasian males (84.2% White, 64.4%
male). This cluster had the highest
median UACR (17.7 mg/g) and the lowest eGFR (71.7 mL/min/1.73 m2). In
addition, this cluster had the second
highest proportion of patients with prior
coronary artery disease (83.5%). Almost
every patient in this cluster had a prior
history of HF (99%).
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second step, patient clustering, was
conducted using the Ward minimum
variance method of clustering (Supplementary Appendix 2). As the primary
analysis of the TECOS trial comparing
sitagliptin to placebo stratiﬁed results
by region, we used a similar approach
in evaluating the association of cluster
membership to clinical outcomes (18).
Given that the determination of
the numbers of clusters was not prespeciﬁed, we used the cubic-clustering
criterion (CCC) combined with visual
examination of the tree diagram. The
CCC can be used to estimate the number of clusters based on minimizing the
within-cluster sum of squares. The tree
diagram was generated to display the
semipartial R2 obtained at each iteration of the patient clustering process.
According to CCC and the tree diagram,
we examined both ﬁve-cluster and fourcluster models. The four-cluster model
retained a semipartial R2 of 0.05 and
formed much clearer patterns of patient
clusters than the ﬁve-cluster model.
Therefore, the four-cluster model is presented in this study, and the ﬁve-cluster
model is shown in Supplementary
Appendix 3.
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Table 1—Baseline characteristics by cluster in TECOS
Cluster II

Cluster III

Cluster IV

6,001 (40.9)

3,490 (23.7)

2,672 (18.2)

2,508 (17.1)

66.2 (7.8)

63.2 (7.8)

65.7 (7.9)

66.8 (8.1)

Women

1,380 (23.0)

870 (24.9)

1,155 (43.2)

892 (35.6)

Race
White
Black
Asian
Other

5,424 (90.4)
161 (2.7)
69 (1.1)
347 (5.8)

219 (6.3)
80 (2.3)
2,986 (85.6)
205 (5.9)

2,202 (82.4)
163 (6.1)
84 (3.1)
223 (8.3)

2,112 (84.2)
43 (1.7)
126 (5.0)
227 (9.1)

Region
Asia Paciﬁc and other
Eastern Europe
Latin America
North America
Western Europe

1,118 (18.6)
1,335 (22.2)
528 (8.8)
1,766 (29.4)
1,254 (20.9)

2,928 (83.9)
103 (3.0)
232 (6.6)
142 (4.1)
85 (2.4)

304 (11.4)
1,084 (40.6)
439 (16.4)
390 (14.6)
455 (17.0)

215 (8.6)
1,443 (57.5)
272 (10.8)
296 (11.8)
282 (11.2)

N
Age (years)a

Ethnicity
Hispanic/Latino

719 (12.0)

263 (7.5)

494 (18.5)

322 (12.8)

Duration of diabetes (years)b

11.8 (8.1)

11.0 (7.7)

12.2 (8.5)

11.4 (8.3)

HbA1c (%)

7.2 (0.5)

7.3 (0.5)

7.2 (0.5)

7.2 (0.5)

HbA1c (mmol/mol)

55.5 (6.7)

56.7 (6.8)

55.7 (7.4)

55.5 (6.9)

BMI (kg/m2)

31.3 (5.5)

26.4 (4.0)

31.1 (5.5)

31.7 (5.6)

Systolic blood pressure (mmHg)

135 (17)

133 (17)

139 (17)

136 (17)

Diastolic blood pressure (mmHg)

76 (11)

77 (10)

78 (10)

79 (10)

75.3 (20.6)

76.4 (20.6)

74.9 (22.3)

71.7 (21.4)

497 (8.3)

263 (7.6)

261 (9.9)

350 (14.1)

2 c

eGFR (mL/min/1.73 m )

eGFR <50 mL/min/1.73 m2c
UACR (mg/g)

10.8 (4.4, 31.8)

8.0 (3.3, 30.1)

12.4 (3.5, 40.0)

17.7 (4.6, 53.9)

Total cholesterol (mg/dL)

160 (43)

162 (42)

178 (49)

173 (49)

LDL-cholesterol (mg/dL)

86 (76)

91 (36)

99 (41)

97 (40)

HDL-cholesterol (mg/dL)

43 (12)

43 (11)

46 (14)

44 (13)

Triglycerides (mg/dL)

178 (122)

144 (71)

163 (81)

166 (83)

Triglycerides (mmol/L)

2.0 (1.4)

1.6 (0.8)

1.8 (0.9)

1.9 (0.9)

2,420 (69.3)
1,079 (30.9)
1,897 (54.4)
1,190 (34.6)
786 (22.5)

570 (21.3)
319 (11.9)
238 (8.9)
154 (5.8)
161 (6.0)

2,095 (83.5)
1,537 (61.3)
1,326 (52.9)
1,043 (42.1)
686 (27.4)
629 (25.1)

Prior atherosclerotic coronary disease
MI
$50% coronary stenosis
Prior PCI
CABG

5,778
3,320
4,226
3,327
2,031

(96.3)
(55.3)
(70.4)
(56.4)
(33.8)

Prior cerebrovascular disease

787 (13.1)

682 (19.5)

1,490 (55.8)

Prior peripheral arterial disease

403 (6.7)

639 (18.3)

1,085 (40.6)

306 (12.2)

Prior HF
NYHA class 3 or higher

57 (0.9)
22 (38.6)

12 (0.3)
6 (50.0)

67 (2.5)
29 (43.3)

2,507 (100.0)
316 (12.6)

Cigarette smoking
Current smoker
Prior smoker
Never smoked

768 (12.8)
2905 (48.4)
2,328 (38.8)

288 (8.3)
982 (28.1)
2,220 (63.6)

352 (13.2)
962 (36.0)
1,358 (50.8)

270 (10.8)
995 (39.7)
1,243 (49.6)

Diabetic neuropathy

1,051 (17.5)

547 (15.7)

1,006 (37.6)

750 (29.9)

619 (10.3)

314 (9.0)

512 (19.2)

419 (16.7)

3 (2, 3)

2 (2, 3)

3 (2, 4)

4 (3, 4)

Retinopathy
TIMI risk score for secondary prevention

Data for continuous variables are mean (SD) or median (Q1, Q3), and categorical variables are n (%). UACR data available for only 5,148
patients. SI conversion factors: UACR (mg/g to g/mol), multiply by 0.1131; total cholesterol, LDL-cholesterol, and HDL-cholesterol (mg/dL to
mmol/L), multiply by 0.0259; and triglycerides (mg/dL to mmol/L), multiply by 0.0113. CABG, coronary artery bypass graft; NYHA, Hew York
Heart Association; PCI, percutaneous coronary intervention. aAge missing among patients in Lithuania as birth date could not be provided.
b
Duration 5 (year of randomization year of diagnosis) 1 1. cMDRD formula used to calculate eGFR. Site-reported values are presented.
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Table 2—Baseline glucose-lowering and cardiac-related medication use by
cluster in TECOS
Cluster I

Cluster II

Cluster III

Cluster IV

N

6,001 (40.9)

3,490 (23.7)

2,672 (18.2)

2,508 (17.1)

Metformin

4,964 (82.7)

3,062 (87.7)

2,115 (79.2)

1,825 (72.8)

Sulfonylurea

2,291 (38.2)

2,162 (61.9)

1,114 (41.7)

1,078 (43.0)

Thiazolidinedione

220 (3.7)

86 (2.5)

53 (2.0)

37 (1.5)

Insulin

1,573 (26.2)

359 (10.3)

770 (28.8)

706 (28.1)

More than two agents above

3,494 (58.2)

2,498 (71.6)

1,486 (55.6)

1,342 (53.5)

b-Blocker

4,335 (72.2)

1,765 (50.6)

1,248 (46.7)

1,974 (78.7)

4,896 (81.6)

2,332 (66.8)

2,187 (81.8)

2,140 (85.3)

Calcium channel blocker

2,013 (33.5)

1,030 (29.5)

1,045 (39.1)

873 (34.8)

Diuretic
Thiazide

2,425 (40.4)
1,478 (60.9)

796 (22.8)
523 (65.7)

1,320 (49.4)
839 (63.6)

1,479 (59.0)
624 (42.2)

Aspirin

5,049 (84.1)

2,803 (80.3)

1,773 (66.4)

1,893 (75.5)

Other antiplatelet

1,263 (21.0)

1,143 (32.8)

332 (12.4)

449 (17.9)

Statin

5,157 (85.9)

2,813 (80.6)

1,813 (67.9)

1,936 (77.2)

461 (7.7)

106 (3.0)

119 (4.5)

75 (3.0)

1,343 (22.4)

657 (18.8)

220 (8.2)

593 (23.6)

Ezetimibe
Nitrates

Data are n (%). ARB, angiotensin receptor blocker.

Clinical Outcomes by Cluster

The highest incidence of the four-point
primary composite outcome occurred
in cluster IV (16.8%) and the lowest in
cluster II (8.6%), with an HR of 2.74
(Figs. 1 and 2 and Supplementary
Table 1). The incidence of the primary
outcome was numerically similar for

clusters I and III (11.6% and 10.3%,
respectively). Compared with cluster II,
the risk of the primary outcome was
signiﬁcantly increased in cluster I (HR
1.57 [95% CI 1.34–1.85]; P < 0.001),
cluster III (HR 1.55 [95% CI 1.28–1.88];
P < 0.001), and cluster IV (HR 2.74
[95% CI 2.29–3.29]; P < 0.001) (Fig. 2).

Clinical Outcomes by Sitagliptin
Assignment and Cluster Membership

There were no differential treatment
effects for the four-point primary composite outcome according to sitagliptin
assignment across the clusters despite
the different risks for this outcome by
cluster membership (interaction P 5
0.9) or for the three-point secondary
composite outcome (interaction P 5
0.7) (Supplementary Fig. 2). The TIMI
risk score for secondary prevention was
highest among cluster IV, the cluster
with the highest overall event risk
(Table 1).
External Replication in the
EXSCEL Trial

Using data from EXSCEL, four clusters
were also identiﬁed with similar baseline demographic proﬁles as TECOS
(Supplementary Tables 2 and 3). Furthermore, the tree diagram identiﬁed
similar cluster grouping in EXCEL and
TECOS (Supplementary Appendix 2).
Aligned with the TECOS data, the cluster
with the greatest prevalence of patients
from Asia (cluster II) had the lowest risk
of the three-point primary major
adverse CV event outcome (Supplementary Table 4). In comparison, the
cluster that had all patients with baseline HF (cluster IV) had the highest
risk of three-point major adverse CV
event, CV death, and HF hospitalization
(Supplementary Table 4).
CONCLUSIONS
Figure 1—Kaplan-Meier estimated cumulative incidence of CV death, nonfatal MI, nonfatal
stroke, or hospitalization for unstable angina end point by cluster.

We evaluated the ability of a cluster
analysis algorithm to identify phenotypically distinct clusters with regard to CV
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ACE inhibitor or ARB

These relationships were similar for
the three-point secondary composite
outcome, with cluster IV having the
highest event rate (15.1%) and
cluster II the lowest event rate (7.6%)
(Fig. 2 and Supplementary Table 1).
When individual end points were evaluated, cluster IV had the highest risk of
CV death and HF hospitalization (compared with cluster II) (Supplementary
Fig. 1). For fatal or nonfatal MI, clusters I and IV had a similarly higher risk
compared with cluster II. For unstable
angina hospitalization, compared with
cluster II, only clusters I and IV had a
signiﬁcantly higher risk (Supplementary
Fig. 1).
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HR(95%CI)*

Primary composite CV outcome: CV
death, nonfatal MI, nonfatal stroke, or
hospitalizaon for unstable angina

Cluster I vs II

Cluster III vs II
Cluster IV vs II

Cluster III vs II
Cluster IV vs II

0

1

2

3

4

*straﬁed by regions

Figure 2—Association between cluster and clinical outcomes (cluster II as reference category).

risk among patients with T2DM at high
CV risk. Using data from TECOS, we
identiﬁed the following major ﬁndings:
1) four distinct clusters had clinically different phenotypes; 2) these clusters
were associated with different risks of
CV outcomes; 3) sitagliptin did not modify the association between clinical outcomes and cluster groups, even among
the highest risk groups, nor was there
heterogeneity of the effect of sitagliptin
on CV outcomes across the clusters; and
4) the proﬁles of the clusters and the
association of the clusters with clinical
outcomes were externally replicated
using data from EXSCEL. Clustering
appears to occur primarily around concomitant comorbidities such as macrovascular disease, microvascular disease,
HF, and kidney dysfunction. Our results
demonstrate that an agnostic, datadriven approach is able to identify clinically distinct phenotypes of patients
with different trajectories of risk. Furthermore, these ﬁndings highlight the
clinical heterogeneity in CV risk that
exists among patients with T2DM who
have prevalent ASCVD or multiple CV
risk factors.
The identiﬁcation of clustering of clinically distinct groups associated with
variable CV risk highlights the signiﬁcant

phenotypic heterogeneity among patients
with T2DM and ASCVD. Our data identiﬁed several distinct clusters of patients
based on macrovascular disease, microvascular disease, and metabolic proﬁles.
Cluster I reﬂects a group of patients primarily with coronary artery disease, while
cluster III suggests a noncoronary ASCVD
cohort of patients. Cluster II represents a
group of Asian patients with low BMI,
while cluster IV suggests a group with
primarily HF and kidney dysfunction. Differences were also seen with the distribution of microvascular disease. Cluster III
had the highest prevalence of diabetic
neuropathy, while cluster II had the lowest; cluster IV had the highest UACR,
while cluster II had the lowest. In addition
to the distribution of macrovascular and
microvascular disease, distinctive patterns
of LDL-cholesterol, HDL-cholesterol, and
triglycerides were identiﬁed across the
clusters. These results build on previous
reports of cluster analyses that have identiﬁed patterns of comorbidities and lipids
among patients with diabetes associated
with CV risk (14,21,23–25). Subclassiﬁcation of T2DM based on distribution of
vascular disease, comorbidities, and metabolic proﬁles may lead to an improved
understanding of the underlying biology
of patients with T2DM and ASCVD.
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Cluster I vs II
Secondary composite CV outcome:
CV death, nonfatal MI, nonfatal
stroke

Traditional modeling has demonstrated mixed results in identifying
patient cohorts at different risks of CV
outcomes across a spectrum of disease
states, including diabetes (12,26–29).
Machine-learning algorithms represent
a tool for analysis of large data sets to
aid in the identiﬁcation of comparatively high- and low-risk patients (11).
Extending results from other populations without T2DM (13,14,30), the present analyses demonstrate that among
patients with T2DM and ASCVD, cluster
analysis identiﬁed patients at high and
low risk of CV outcomes. These results
likely reﬂect the prevalence of HF in
cluster IV, which is associated with signiﬁcantly increased risk of CV outcomes
among patients with diabetes (31); furthermore, a lower risk of CV outcomes
has been seen in Asian patients (32).
Although use in populations outside of
the clinical trial setting remains to be
examined, these results suggest that
cluster analysis may play a complementary role to traditional modeling in identifying patients at different risk of CV
events. Yet, compared with traditional
risk modeling, such as the UK Prospective Diabetes Study (UKPDS) Risk Engine
and Outcomes Model, challenges are
present using cluster analysis for robust
prognostication for CV events (33,34).
The principal challenge is the need to
access a large number of baseline variables for a given patient to identify cluster membership, which would enable
the subsequent identiﬁcation of future
CV risk. Future work will be needed to
determine whether such agnostic datadriven strategies can improve prognostication above traditional modeling.
Despite similarities across the clusters
in TECOS and EXSCEL, there are some
differences that warrant further discussion. Baseline sulfonylurea use was
highest in cluster II across TECOS and
EXSCEL, but the prevalence was higher
in TECOS compared with EXSCEL (61.9%
and 41.8%, respectively). Similarly, baseline insulin use was highest in cluster III
across TECOS and EXSCEL, but the prevalence was higher in TECOS than EXSCEL
(28.8% and 51.3%, respectively). The differences in prevalence seen across clusters likely reﬂect variations in baseline
characteristics and practice patterns of
sites enrolling across trials. In TECOS,
baseline use of sulfonylurea and insulin
was 45.3% and 23.2%, respectively; in
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Implications of Cluster Analysis
Results on Patient Care and
Clinical Trials Planning

These results may have direct implications for patient care. Patients who
resemble cluster I may beneﬁt from
intensiﬁcation of therapies that may
reduce vascular risk given the high rates
of fatal and nonfatal MIs (37). Patients
in cluster IV may beneﬁt from intensiﬁcation of therapies that reduce HF outcomes. For instance, sodium–glucose
cotransporter 2 inhibitors that have
demonstrated efﬁcacy in reducing the
risk of HF hospitalization in patients
with T2DM and CV disease may be
considered given the beneﬁcial HF outcomes (8). Other glucose-lowering therapies that may have attenuated beneﬁt
in patients with T2DM and HF can be
avoided (38). Tailoring therapies to risk

proﬁles represents a fundamental focus
of precision medicine, and data-driven
approaches to identifying patient phenotypes may represent one approach in
identifying these proﬁles. While the
clusters demonstrated varying degrees
of risk as identiﬁed by the TIMI risk
score for secondary prevention, the use
of cluster analysis as a tool for risk stratiﬁcation would require further validation against other risk stratiﬁcation
tools and in other patient populations.
The present results may also have
important implications for the design of
clinical trials among patients with
T2DM. The wide ASCVD risk heterogeneity among patients observed in
recent clinical trials of patients with
T2DM may contribute to the apparent
lack of efﬁcacy of seemingly promising
therapies (38). Therapeutic interventions that may be effective in more precisely targeted patient populations may
not show beneﬁt in study populations
with signiﬁcant phenotypic variations in
etiology, clinical features, and risk of
outcomes (13). Cluster analysis may
provide a strategy to identify patient
populations who should be enrolled
within clinical trials and as a complement to traditional subgroup analyses
of clinical trials.
To operationalize the use of clusters,
speciﬁc calculators could be created
within electronic health record systems
that could assign cluster membership
based on available characteristics. Future
studies will be needed to deﬁne whether
implementation of therapeutic decisionmaking based on cluster membership
would change outcomes. Furthermore,
whether identiﬁcation of a few cluster
variables is sufﬁcient to deﬁne the entire
cluster for prognosis or response to therapies warrants further evaluation.
Limitations

These analyses are subject to the limitations of a post hoc evaluation. TECOS
enrolled a population with ASCVD, and
EXSCEL predominantly had participants
with ASCVD (75.1% of total trial population). Hence, our results are not
generalizable to populations predominantly without preexisting ASCVD. The
use of a selected clinical trial population may not allow for generalizability
to a nontrial population The phenotypes ascribed to different clusters are

primarily descriptive; however, similar
approaches have been used in other
cluster analyses (13,14,30,37). The clustering algorithms may have different
results depending on the variables used
and the quality and completeness of the
available data; however, in the context
of a CV safety trial, extensive baseline
demographics and clinical characteristics, combined with adjudicationconﬁrmed clinical outcomes available
for analyses, represent high-quality data.
The choice of a stopping rule of the
cluster algorithm at ﬁve clusters is
somewhat arbitrary; although an
increased number of clusters would
allow for more discrete phenotypes, the
smaller number of patients (and therefore events) per cluster would limit evaluation of differential clinical outcomes
and treatment differences across clusters. The relatively short follow-up in the
clinical trials may not have allowed for
ﬁndings of greater differences in event
rates between the clusters; studies of
longer follow-up in diverse populations
outside of clinical trials would enable a
further evaluation of the utility of clustering analyses. The clustering algorithm
did not identify groups that had a
reduced risk of CV outcomes with sitagliptin; however, none of the clusters
had an increased risk of CV outcomes
associated with sitagliptin. These results
provide further reassurances of the CV
safety of sitagliptin in patients with
T2DM and established ASCVD. The replication of our results in EXSCEL, which
enrolled patients with T2DM who had
ASCVD or multiple CV risk factors, further demonstrates the feasibility of
using data-driven approaches to identify
phenotypes of patients with T2DM at
high risk of CV disease. Furthermore,
while our TECOS results were replicated
in EXSCEL, the ability to classify patients
with T2DM into speciﬁc clusters for
prognostication and to enable speciﬁc
medical action requires future validation
in prospective studies. Our analysis did
not include medication in the clustering,
as medication use is often dictated by
local practice patterns, guidelines, access
to therapies, and resources of countries.
Hence, baseline or postbaseline medication use and associations with outcomes
may be confounded.
In conclusion, we found that a datadriven algorithm used among patients
with T2DM and established ASCVD
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EXSCEL, baseline use of sulfonylurea
and insulin was 36.6% and 46.3%,
respectively. In addition, there are
demographic differences between the
trials. In TECOS, the total prevalence of
Hispanic/Latino participants was 12.3%,
with the maximum number seen in cluster III (18.5%). In EXSCEL, the total prevalence of Hispanic/Latino participants
was 20.5%, with the maximum number
seen in cluster II (59.9%). Such differences may have arisen due to the difference in enrollment across regions.
Hence, our results also provide further
insights into some of the challenges of
cluster analysis, namely that baseline
characteristics, differences in practice
patterns, and regional differences in
enrollment may inﬂuence cluster
characteristics.
In the TECOS study, sitagliptin had no
impact on the risk of adverse CV events
(19,35). Traditional subgroup analyses of
interventions focus on the presence or
absence of an individual risk factor and
rarely capture the complexity and heterogeneous nature of the patient
population in clinical practice. Previous
cluster analyses in populations without
diabetes have identiﬁed differential
treatment effects of some interventions
(13,14,30,36). Cluster analysis may represent a methodology to extend upon
and complement traditional subgroup
analyses by grouping patients into phenotypically and clinically distinct groups
and assessing the risk of CV events
across these groups.
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