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OBJECTIVE

To construct and internally validate prediction models to estimate the risk of long-
term end-organ complications and mortality in patients with type 2 diabetes and
obesity that canbeused to informtreatmentdecisions forpatientsandpractitioners
who are considering metabolic surgery.

RESEARCH DESIGN AND METHODS

A total of 2,287 patients with type 2 diabetes who underwent metabolic surgery
between 1998 and 2017 in the Cleveland Clinic Health System were propensity-
matched1:5 to 11,435nonsurgical patientswithBMI‡30 kg/m2and type2diabetes
who received usual care with follow-up through December 2018. Multivariable
time-to-event regression and random forest machine learning models were built
and internally validatedusingfivefold cross-validation topredict the 10-year risk for
four outcomes of interest. The prediction models were programmed to construct
user-friendly web-based and smartphone applications of Individualized Diabetes
Complications (IDC) Risk Scores for clinical use.

RESULTS

Theprediction tools demonstrated the following discrimination ability basedon the
area under the receiver operating characteristic curve (15 perfect discrimination
and 0.55 chance) at 10 years in the surgical and nonsurgical groups, respectively:
all-cause mortality (0.79 and 0.81), coronary artery events (0.66 and 0.67), heart
failure (0.73 and 0.75), and nephropathy (0.73 and 0.76). When a patient’s data are
entered into the IDC application, it estimates the individualized 10-year morbidity
and mortality risks with and without undergoing metabolic surgery.

CONCLUSIONS

The IDC Risk Scores can provide personalized evidence-based risk information for
patientswith type2diabetes andobesity about future cardiovascular outcomesand
mortality with and without metabolic surgery based on their current status of
obesity, diabetes, and related cardiometabolic conditions.
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Prevention of cardiovascular morbidity
and mortality is a major therapeutic goal
in type 2 diabetes. Several randomized
clinical trials have shown the effective-
ness of metabolic surgery (defined as
procedures that influencemetabolismby
inducing weight loss and altering gastro-
intestinal physiology) for weight loss and
control of type2diabetes inpatientswith
obesity (1–3). Large observational stud-
ies have also reported a lower risk of
microvascular and macrovascular com-
plications of diabetes andmortality after
metabolic surgery compared with usual
care in patientswith diabetes (4–10). The
growing body of evidence on safety
(11) and cardiometabolic benefits of
metabolic surgery has led to inclusion of
metabolic surgery in the treatment al-
gorithm of type 2 diabetes in patients
with obesity (12).
Despite reported benefits of meta-

bolic surgery, according to most esti-
mates,,1%of eligible patients undergo
weight loss surgery (13). One potential
explanation for underutilization is the
lack of information on the treatment
effects of metabolic surgery on health
outcomes for individual patients. Opti-
mized management in patients with
type 2 diabetes should consider the
likelihood of end-organ complications
and mortality. However, tools for pre-
dicting the risk of end-organ complica-
tions of diabetes in individual patients,
with and without metabolic surgery, are
lacking. We recently reported the car-
diovascular effects of metabolic surgery
in a large cohort of patients with obesity
and diabetes compared with patients
who received usual diabetes care (4). The
purpose of the current study was to
identify the predictors of long-term ma-
jor cardiovascular adverse events and
death. We sought to construct a risk
calculator that could be used to inform
treatment decisions for patients and
practitioners who are considering met-
abolic surgery.

RESEARCH DESIGN AND METHODS

The data source of this study was Cleve-
landClinic’selectronichealthrecord(EHR).
The study protocol, definition of study
variables, EHR codes, and construction of
study cohorts have been recently pub-
lished (4). The local Institutional Review
Board approved the study asminimal risk
research using data collected for routine

clinical practice and permitted us to
conduct the research without obtaining
the informed consent from participants.

Briefly, a retrospective cohort of 287,438
patients with type 2 diabetes in the
Cleveland Clinic Health System between
1998 and2017was used to identify 2,287
adult patients (age between 18 and
80 years old) with BMI $30 kg/m2 who
underwent metabolic surgery. Exclusion
criteria were history of solid organ trans-
plant (liver, heart, or lung), history of
severe heart failure (ejection fraction
,20% any time before enrollment), and
presence of active cancer. Application of
enrollment criteria resulted in 39,267
nonsurgical patientswith type 2 diabetes
and obesity (BMI$30) before matching.
Each surgical patient was propensity-
matchedby thenearest-neighbormethod
to five obese patients (BMI $30 kg/m2),
resulting in 11,435 patients who received
usual care. Matching criteria included the
index date, age at index date, sex, BMI at
index date, location of medical center,
insulin use, and presence of diabetes-
related end-organ complications (com-
posite of coronary artery disease, heart
failure, cerebrovascular disease, periph-
eral vascular disease, neuropathy, ne-
phropathy, or requiring dialysis) with
follow-up through December 2018. The
matching procedure was designed to
assemble a cohort of nonsurgical pa-
tients who would be eligible for (but did
not receive) metabolic surgery at the
index date.

Demographic characteristics, medical
history, medication, and laboratory data
were extracted from the EHR for each
patient and used for analysis. Time-to-
event outcomes included all-cause mor-
tality, coronary artery events (unstable
angina, myocardial infarction, or coro-
nary intervention/surgery), heart failure,
and nephropathy (Supplementary Table
1). Patientswhoalready hadexperienced
theseadverseoutcomesbefore the index
date were removed from modeling for
that specific outcome (e.g., heart failure
in the heart failure model). Nephropathy
was defined as the presence of at least
two measures of estimated glomerular
filtration rate (eGFR) ,60 mL/min sep-
arated by at least 90 days without any
intervening values $60 mL/min. The
eGFRwas approximated using theMDRD
Study equation (14). Patients with a
baseline eGFR,60 mL/min and patients
with history of dialysis were excluded

from the risk set of nephropathy out-
come. Death information was retrieved
from a combination of Cleveland Clinic’s
EHR, Social Security, and state death
indices.

Regression (Cox proportional hazards,
exponential, and Fine-Gray) and random
forest machine learning (cause-specific
and competing risk) models were built
with all variables in Table 1 as predictors,
except for those with excessive missing
data (defined as .25% in either treat-
ment group, including HDL, LDL, and
urinary albumin-to-creatinine ratio), im-
practical for future use (including index
date, zip code income, and location), or
rare (,1% in both groups: dialysis).
Within each outcome data set, missing
data were singly imputed using an iter-
ative fully conditional approach (multi-
variate imputationby chainedequations)
(15). Full and stratified models were
tested for each treatment group and
internally validated by fivefold cross-
validation.

Prediction model performance was
primarily assessed with the index of
prediction accuracy (IPA) that combines
discrimination and calibration in one
value, ranging from 1 to21, with higher
IPAs indicating better performance; IPA5
1 is a perfect model, IPA 5 0 is a useless
model, and harmful models have an IPA
,0 (16). Discrimination was also assessed
with the time-dependent area under the re-
ceiver operating characteristic curve (AUC),
and calibrationwas evaluated graphically by
plotting the quintiles of the predicted risk
against the actual outcome proportion. The
closer the points lie along the 45° line, the
better the calibration. For each outcome
and treatment combination, the mod-
eling framework (either regression or
random forest) producing the largest
cross-validated IPA at 10 years was cho-
sen. The R package “riskRegression” was
used (17).

The relative importance computed for
eachpredictor inthefinalmodeldepended
on the modeling framework. For regres-
sion models, variables were ranked by the
increase in Akaike information criterion
after removal from the full model. For
random forest machine learning models,
variables were ranked by the decrease in
C-index for out-of-bag data after random
permutation.

Further assessment of model perfor-
mance was performed by using data of
27,832 eligible nonsurgical patients who
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Table 1—Characteristics of patients undergoing metabolic surgery and matched nonsurgical patients at the index date

Baseline variable Metabolic surgery (N 5 2,287) Matched nonsurgical (N 5 11,435)

Demographic data
Index date January 2013 (July 2010, April 2015) July 2013 (May 2011, April 2015)
Sex
Female 1,499 (65.5) 7,339 (64.2)
Male 788 (34.5) 4,096 (35.8)

Age (years) 52.5 (43.7, 60.5) 54.8 (46.2, 62.5)
BMI (kg/m2) 45.1 (40, 51.8) 42.6 (39.4, 47.2)
BMI category (kg/m2)
30–34.9 109 (4.8) 495 (4.3)
35–39.9 465 (20.3) 2,595 (22.7)
$40 1,713 (74.9) 8,345 (73.0)

Race
White 1,734 (75.8) 7,994 (69.9)
Black 441 (19.3) 2,804 (24.5)
Other 54 (2.4) 234 (2.1)
Missing 58 (2.5) 403 (3.5)

Annual zip code income ($) 49,855 (39,964, 62,273) 48,732 (36,951, 61,512)
Missing 70 (3.1) 125 (1.1)

Smoking status
Never 1,231 (53.8) 5,615 (49.1)
Former 828 (36.2) 4,012 (35.1)
Current 170 (7.4) 1,607 (14)
Missing 58 (2.5) 201 (1.8)

Location
Ohio 1,816 (79.1) 9,834 (86.0)
Florida 471 (20.6) 1,601 (14.0)

Medical history
Hypertension 1,953 (85.4) 8,565 (74.9)
Dyslipidemia 1,686 (73.7) 7,457 (65.2)
Peripheral neuropathy 242 (10.6) 1,203 (10.5)
Heart failure 238 (10.4) 1,342 (11.7)
Coronary artery disease 237 (10.4) 1,104 (9.7)
COPD 206 (9.0) 1,188 (10.4)
Nephropathy 191 (8.4) 1,219 (10.7)
Peripheral arterial disease 123 (5.4) 755 (6.6)
Cerebrovascular disease 42 (1.8) 358 (3.1)
Dialysis 14 (0.6) 78 (0.7)

Clinical and laboratory data
HbA1c (%) 7.1 (6.3, 8.2) 7.1 (6.4, 8.4)
HbA1c (mmol/mol) 54 (45, 66) 54 (46, 68)
Missing 159 (7.0) 1,288 (11.3)

Systolic blood pressure (mmHg) 138 (127, 148.43) 130.2 (121, 142)
Missing d 54 (0.5)

Diastolic blood pressure (mmHg) 71.5 (65, 79) 78 (70, 84)
Missing d 54 (0.5)

eGFR (mL/min/1.73 m2)a 90.3 (72.3, 108.3) 91.9 (72.5, 111.9)
Missing 1 (0) 432 (3.8)

HDL (mg/dL) 44 (37, 52) 43 (36, 51)
Missing 792 (34.6) 3,512 (30.7)

LDL (mg/dL) 92 (72, 115) 93 (72, 118)
Missing 208 (9.1) 2,947 (25.8)

Triglycerides (mg/dL) 146 (101, 209) 146 (103, 208)
Missing 160 (7) 1,816 (15.9)

UACR (mg/g) 14 (5.7, 40.1) 14 (5, 43)
Missing 1,003 (43.9) 4,224 (36.9)

Medication history
Noninsulin diabetes medications 1,869 (81.7) 9,253 (80.9)
Insulin 776 (33.9) 3,806 (33.3)
Lipid-lowering medications 1,195 (52.3) 5,998 (52.5)
Renin-angiotensin system inhibitorsb 1,396 (61.0) 7,102 (62.1)
Other antihypertensive medications 1,649 (72.1) 8,066 (70.5)
Aspirin 731 (32.0) 4,627 (40.5)
Warfarin 190 (8.3) 943 (8.2)

Data are n (%) or median (interquartile range). COPD, chronic obstructive pulmonary disease; UACR, urinary albumin-to-creatinine ratio. aeGFR was
approximated using theMDRD Study equation (14). bIncluding ACE inhibitors and angiotensin receptor blockers. Adapted andmodified from Aminian
et al. (4).

854 IDC Risk Scores Diabetes Care Volume 43, April 2020

D
ow

nloaded from
 http://ada.silverchair.com

/care/article-pdf/43/4/852/532252/dc192057.pdf by guest on 19 M
ay 2023



were not matched in the 1:5 matching
process. Performance of Individualized
Diabetes Complications (IDC) Risk Scores
equations for nonsurgical groups was
comparedwith that of the Risk Equations
for Complications of Type 2 Diabetes
(RECODe) (18,19) by comparing IPA,
time-dependent AUC, andmodel calibra-
tion for the outcomes of all-cause mor-
tality, heart failure, and nephropathy.
RECODe equations (18,19) were origi-
nally derived from the Action to Con-
trol Cardiovascular Risk in Diabetes
(ACCORD) randomized trial (20) and val-
idated with the Diabetes Prevention
Program Outcomes Study (DPPOS) (21)
and Look AHEAD (Action for Health in
Diabetes) randomized trials (22). It has
beenshownthatRECODeequationshave
better discrimination and calibration as
compared with the UK Prospective Di-
abetes Study OutcomesModel 2 (UKPDS
OM2) (23). Among 27,832 nonsurgical
patients who were not included in the
training data set, 12,816 patients had all
required data for the IDC Risk Scores and
RECODe formulas. Although the defini-
tions were not exactly the same, an
exploratory comparison between two
models was performed for nephropathy
outcome.Per theACCORDtrial, nephrop-
athy-3 outcome was defined as devel-
opment of renal failure: end-stage renal
disease, or initiation of dialysis, or rise of
serum creatinine.3.3 mg/dL in absence
of an acute reversible cause. Because the
IDCRisk Scores estimate the incident cor-
onary artery events (including unstable
angina, myocardial infarction, or coro-
nary intervention/surgery), and RECODe
equations predict myocardial infarction
only, comparison of model performance
was not performed for that outcome.
Thepredictionmodelswereprogrammed

in user-friendlyweb-based and smartphone
applications of IDC Risk Scores for clinical
use.

RESULTS

Baseline characteristics of 13,722 pa-
tients, including 2,287 patients under-
going metabolic surgery and 11,435
matched nonsurgical patients, are pre-
sented in Table 1. At enrollment, 73%
had a BMI$40, 22% had a BMI between
35 and 39.9, and 4% had a BMI between
30 and 34.9 kg/m2. Metabolic surgical
procedures includedRoux-en-Y gastric by-
pass (n5 1,443; 63%), sleeve gastrectomy

(n5 730; 32%), adjustable gastric band-
ing (n 5 109; 5%), and duodenal switch
(n 5 5).

In themetabolic surgerygroup,65%were
femalewith amedianageof 52.5 years, BMI
of45.1kg/m2,HbA1c levelof7.1%(54mmol/
mol), and eGFR of 90.3 mL/min. The per-
centages of patients taking insulin and non-
insulin diabetes medications were 34% and
82%, respectively. In the nonsurgical group,
64%were female,with amedianageof 54.8
years,BMIof42.6kg/m2,HbA1c levelof7.1%
(54 mmol/mol), and eGFR of 91.9 mL/min.
The percentages of patients taking insulin
and noninsulin diabetes medications were
33% and 81%, respectively.

In a median follow-up time of 3.9 years
(interquartile range 1.9–6.1), 112 patients
in the metabolic surgery group and 1,111
patients in the nonsurgical group died. At
the end of study, in the surgical group and
nonsurgical group, 84 and 676 patients
had coronary artery events, 76 and 1,055
patients had heart failure, and 69 and
810 patients had nephropathy, respec-
tively. Comparisons of adjusted incidence
of these outcomes across groups have
previously been published (4).

Random forest models had a slightly
higher10-year IPA in twoofeightmodels,
including coronary artery events in the
surgical patients and nephropathy in the
nonsurgical patients. Regression models
werechosen for theother sixmodels. The
largest cross-validated IPAs at 10 years
were 0.13 and 0.24 for all-cause mortal-
ity, 0.03 and 0.04 for coronary artery
events, 0.05 and 0.14 for heart failure,
and 0.07 and 0.14 for nephropathy in the
surgical and nonsurgical groups, respec-
tively (Table 2).

The prediction tools demonstrated the
following discrimination ability based on
the AUC (1 5 perfect discrimination and
0.5 5 chance) at 10 years in the surgical
and nonsurgical groups, respectively: all-
cause mortality (0.79 and 0.81), coronary
artery events (0.66and0.67), heart failure
(0.73 and 0.75), and nephropathy (0.73
and 0.76).

Thecalibrationofcross-validated10-year
risks for each outcome stratified by treat-
ment group is shown in Fig. 1. The relative
contribution of each variable in explaining
theoutcomesinfinalmodels isshowninFig.
2andSupplementaryTable2. Thefivemost
important variables in the prediction mod-
els of all-cause mortality were age, BMI,
history of heart failure, insulin use, and
smoking status.

Further assessment of nonsurgical mod-
els on 12,816 patients of the Cleveland
Clinicwhowerenot included in the training
data set was performed by direct compar-
ison of IDC Risk Scores and RECODe for-
mulas. The IDC Risk Scores outperformed
RECODeonallexaminedoutcomes interms
of IPA, AUC, and calibration (Table 2 and
Supplementary Fig. 1). The IPAs at 10 years
for the IDCRisk Scores andRECODemodels
were 0.20 and 0.12 for all-cause mortality,
0.15 and 0.004 for heart failure, and 0.18
and 20.19 for nephropathy, respectively.

Thefinalmodelswere integrated into the
IDC risk calculator, which allows entry of
patient information to obtain individualized
predictions of each outcomewith andwith-
out undergoing metabolic surgery. For ex-
ample, for a 50-year-old African American
female patient with a BMI of 35 kg/m2,
glycated hemoglobin of 7.8%, blood pres-
sure of 130/70 mmHg, serum creatinine of
1 mg/dL, and triglycerides of 150 mg/dL,
without history ofmacrovascular andmicro-
vascular complications from diabetes, who
is taking statin for dyslipidemia and insulin,
the models predict a 10.9% risk of all-cause
mortality,7.7%riskofcoronaryarteryevents,
12.2% risk of heart failure, and 24.8% risk of
diabetic nephropathy with usual care in 10
years.Aftermetabolic surgery, theestimated
10-year risk of these adverse events is 5.6%,
5.6%, 4.2%, and 8%, respectively.

CONCLUSIONS

Using long-term data on cardiovascular
outcomes of metabolic surgery and non-
surgical patients and rigorous statistical
techniques, accurate prediction models
were constructed and integrated into a
risk calculator to estimate the likelihood
of long-term end-organ complications
and death in patients with type 2 di-
abetes and obesity. The area under the
curve of prediction models ranged from
0.66 to 0.81, with the best discrimina-
tion ability for all-cause mortality. The
calibration curves indicated that the
prediction models do not substantially
overestimate or underestimate risk. Di-
rect comparison of IDC Risk Scores with
RECODe models on a separate cohort of
nonsurgical patients suggested better
performance of new models.

Although risk factors for cardiovascu-
lar morbidity and mortality in patients
with type 2 diabetes have been widely
described, there are few published pre-
diction models. The most widely used
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diabetes-specific prediction model is the
UKPDSriskengine. It estimates10-year risk
ofcoronaryarteryeventsandstrokefroma
noncontemporary cohort of ;5,000 pa-
tients with type 2 diabetes without heart
disease who were enrolled between 1977

and 1991. Ten predictive factors included
age, sex, ethnicity, smoking status, dura-
tion of diabetes, HbA1c, systolic blood
pressure, total cholesterol, HDL choles-
terol, and atrial fibrillation (24,25). How-
ever, the validity of this model for patients

withdiabetes treatedwithcontemporary
medications remains uncertain.

The available prediction models to
estimate the future risk ofmacrovascular
complications, microvascular adverse
events, and mortality in patients with
type 2 diabetes have some limitations
(18,24–34). They usually only address
single outcome (mainly risk of all-cause
mortality) and do not simultaneously
provide estimates for multiple clinically
important end points for individual pa-
tients with type 2 diabetes and obesity.
Furthermore, most available models
use a limited number of baseline var-
iables to estimate the risk for a shorter
time horizon (i.e., 5-year risk predic-
tion) in patients without major base-
line comorbidities. In the current study,
26 diverse baseline variables, including
demographic data, history of medical
comorbidities, laboratory data, and
medications, were considered in our
models to predict the 10-year risk. More
importantly, the common statistical tech-
nique used for construction of available
prediction models in the literature has
been the Cox proportional hazards mod-
eling. To develop the IDC risk scores, in
addition to classical regression models
(including the Cox proportional hazards),
weusedamachine learning approach and
built random forest predictionmodels. The
machine learning–derived risk-prediction
models yielded favorable discrimina-
tion and larger cross-validated IPA at
10 years compared with traditional re-
gression models for two of the eight
outcomes of interest. In addition, to the
best of our knowledge, there is no other
prediction model to estimate future risk

Table 2—Performance of IDC Risk Scores on training data set and comparisonwith the RECODemodels for nonsurgical patients

Outcome Group

Model comparison*

Performance of IDC Risk Scores IDC RECODe

Model IPA AUC IPA AUC IPA AUC

All-cause mortality Metabolic surgery Regression 0.13 0.79 d d d d

All-cause mortality Usual care Regression 0.24 0.81 0.20 0.78 0.12 0.76

Coronary artery events Metabolic surgery Random forest 0.03 0.66 d d d d

Coronary artery events Usual care Regression 0.04 0.67 d d d d

Heart failure Metabolic surgery Regression 0.05 0.73 d d d d

Heart failure Usual care Regression 0.14 0.75 0.15 0.75 0.004 0.73

Nephropathy Metabolic surgery Regression 0.07 0.73 d d d d

Nephropathy Usual care Random forest 0.14 0.76 0.18 0.77 20.19 0.60

*Assessment of nonsurgical models on 12,816 patients at the Cleveland Clinic who were not included in the training data set was performed by direct
comparisonof IDCRisk Scores and theRECODe formulas (18,19). The IDCRisk ScoresoutperformedRECODe for all threeexaminedoutcomes (mortality,
heart failure, and nephropathy) in terms of IPA, AUC, and calibration.

Figure 1—Calibration of cross-validated 10-year risks for each outcome, stratified by treatment
group. Cross-validated risks were binned into 10 subgroups, and each subgroup’s average risk was
plotted against the observed cumulative incidence of the subgroup (Kaplan-Meier for all-cause
mortality). Local regression smoothers were then drawn through the points. The closer the points
lie along the 45° line, the better the calibration.
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of end-organ complications of diabetes
and obesity after metabolic surgery.
These prediction models may be clin-

ically useful for health care professionals,
including primary care physicians, endo-
crinologists, cardiologists, and bariatric
surgeons, and patients with type 2 di-
abetes and obesity to provide evidence-
based predictions of the 10-year risk of
adverse cardiovascular outcomes based
on the current health status. The calcu-
lator uses clinical and laboratory infor-
mation that is readily available in clinical
practice.
A web version of the IDC Risk Scores is

accessible at https://riskcalc.org (under
the Obesity menu) and as a smartphone
application (BariatricCalc). When the

required values are entered into the
calculator, the IDC Risk Scores are com-
puted to assist in shared decisionmaking
for patients who are considering meta-
bolic surgery for management of their
obesity and diabetes. Particularly, the
models would be clinically useful to
identify individuals who have a high
risk of death and major end-organ com-
plications of diabetes with continuation
of usual care. Within this group, if the
predicted risk estimates are substantially
lower after metabolic surgery, a decision
to undergo surgical intervention might
represent an opportunity for improved
patient management. Conversely, when
the risk estimates of adverse cardiovas-
cular events are relatively comparable or

higher after surgical intervention, contin-
uation of usual care might be recommen-
ded. The IDC Risk Scores potentially
address physician and patient concerns
in preventing a wide range of life-threat-
ening adverse events of diabetes and
obesity.

This study has several limitations. First,
the aim of this study was to build pre-
diction models to optimally discriminate
the outcomesof interest. The aimwasnot
to build causal models. The rank of each
variable inFig.2doesnotnecessarily show
the importance of that variable in the
chain of causation. For example, use of
aspirin as one of the most important var-
iables in the models of coronary artery
events does not mean aspirin causes

Figure 2—The relative rankings of importance of each baseline variable in final prediction models for each outcome (all-cause mortality [A], coronary
artery disease [B], heart failure [C], nephropathy [D]) stratified by treatment group. For regression models (six of eight models depicted in gray), the
increase in Akaike information criterion (AIC) upon removal from the full model was computed for each variable and ranked. For random forest
models (two of eight models depicted in orange, including coronary artery events in the surgical patients and nephropathy in the nonsurgical
patients), a permutation techniquewas used by comparing the out-of-bag prediction accuracy (based on the C-index) of the original forestwith that
after randomly permuting each variable. COPD, chronic obstructive pulmonary disease.
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coronary artery events. Second, data from
the EHR were retrospectively obtained,
which would be associated with coding
errors andmisclassification. Furthermore,
although a comprehensive propensity
matching was performed, residual mea-
sured or unmeasured confounders could
have influencedtheoutcomes. Todevelop
prediction models, a large sample size is
needed, which was made possible using a
retrospective design. Similar to previous
studies, the mortality risk models had the
best discrimination ability amongourmod-
els. That is probably due to the fact that
mortality is a well-defined outcome with
minimal risk of misclassification. Third,
somepossible important variables, includ-
ing duration of diabetes, family history of
coronary artery disease, LDL, HDL, and
urinary albumin-to-creatinine ratio, were
missing from toomanypatients and could
not be included in the models. Fourth,
because 95% of surgical patients under-
went either gastric bypass or sleeve gas-
trectomy, the predictive surgical models
maynotbegeneralizabletoothermetabolic
surgicalprocedures.Nonetheless, thesetwo
procedures are the two most common
metabolic procedures in the current prac-
tice.Fifth,relativelyfewnonsurgicalpatients
were exposed to newer classes of diabetes
medications that are associated with sig-
nificant cardiovascular benefits. In a sim-
ilar fashion, 5% of the surgical group had
gastric banding, which is the least effec-
tivesurgicalprocedurefor type2diabetes.
Ideally, the prediction models should be
periodically updated in order to estimate
the risk for contemporary medical and
surgical treatments, and not for old sub-
optimal therapies. Sixth, development of
prediction models to estimate short- and
long-term major complications of meta-
bolic surgery would be the subject of
future projects. Seventh, although internal
cross-validation and comparison with the
RECODe models were done, lack of an
external validation cohort and evidence
on clinical usefulness of prediction mod-
els are other limitations. However, it is
challenging to find appropriate cohorts
with adequate follow-up time to assess
cardiovascular outcomes aftermetabolic
surgery for external validation. Despite
these limitations, this was the first effort
to identify predictors and construct a
risk calculator using both traditional re-
gressionmethods and amachine learning
approach with sufficient accuracy in cal-
ibrationanddiscriminationtopredict long-

term cardiovascular outcomes after met-
abolic surgery.

In conclusion, this study showed that
major adverse cardiovascular events (all-
cause mortality, coronary artery events,
heart failure, and nephropathy) are pre-
dictable outcomes in patientswith type 2
diabetes and obesity who undergo met-
abolic surgery or receive usual diabetes
care. The IDC Risk Scores can provide
personalized evidence-based risk infor-
mation for patients with type 2 diabetes
and obesity about future cardiovascular
outcomes and mortality with and with-
out metabolic surgery, based on their
current status of obesity, diabetes, and
related cardiometabolic conditions. The
prediction models would benefit from
external validation.
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