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ORIGINAL RESEARCH

Derivation and External Validation of a 
High-Sensitivity Cardiac Troponin–Based 
Proteomic Model to Predict the Presence of 
Obstructive Coronary Artery Disease
Cian P. McCarthy, MB, BCh, BAO; Johannes T. Neumann, MD; Sam A. Michelhaugh, BA;  
Nasrien E. Ibrahim, MD; Hanna K. Gaggin, MD, MPH; Nils A. Sörensen , MD; Sarina Schäefer, MD;  
Tanja Zeller, PhD; Craig A. Magaret, MS; Grady Barnes , PhD; Rhonda F. Rhyne , BPharm, MBA;  
Dirk Westermann, MD; James L. Januzzi Jr , MD

BACKGROUND: Current noninvasive modalities to diagnose coronary artery disease (CAD) have several limitations. We sought 
to derive and externally validate a hs-cTn (high-sensitivity cardiac troponin)–based proteomic model to diagnose obstructive 
coronary artery disease.

METHODS AND RESULTS: In a derivation cohort of 636 patients referred for coronary angiography, predictors of ≥70% coro-
nary stenosis were identified from 6 clinical variables and 109 biomarkers. The final model was first internally validated on a 
separate cohort (n=275) and then externally validated on a cohort of 241 patients presenting to the ED with suspected acute 
myocardial infarction where ≥50% coronary stenosis was considered significant. The resulting model consisted of 3 clinical 
variables (male sex, age, and previous percutaneous coronary intervention) and 3 biomarkers (hs-cTnI [high-sensitivity car-
diac troponin I], adiponectin, and kidney injury molecule-1). In the internal validation cohort, the model yielded an area under 
the receiver operating characteristic curve of 0.85 for coronary stenosis ≥70% (P<0.001). At the optimal cutoff, we observed 
80% sensitivity, 71% specificity, a positive predictive value of 83%, and negative predictive value of 66% for ≥70% stenosis. 
Partitioning the score result into 5 levels resulted in a positive predictive value of 97% and a negative predictive value of 89% 
at the highest and lowest levels, respectively. In the external validation cohort, the score performed similarly well. Notably, in 
patients who had myocardial infarction neither ruled in nor ruled out via hs-cTnI testing (“indeterminate zone,” n=65), the score 
had an area under the receiver operating characteristic curve of 0.88 (P<0.001).

CONCLUSIONS: A model including hs-cTnI can predict the presence of obstructive coronary artery disease with high accuracy 
including in those with indeterminate hs-cTnI concentrations.
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The prevalence of atherosclerotic coronary artery 
disease (CAD) remains high. In the United States, 
≈7 million patients visit the emergency department 

(ED) each year for chest pain1; almost half will be found 
to have noncardiac causes.2 Furthermore, the burden 
of chest pain is not limited to the ED, with 9.4 million 

outpatient adults in the United States experiencing an-
gina pectoris.3

In symptomatic patients, the standard evaluation of 
chest pain is evolving. In the ED, the introduction of 
hs-cTn (high-sensitivity cardiac troponin) assays has 
facilitated earlier detection of myocardial injury while 
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also facilitating safe discharge of a large proportion of 
patients.4,5 Yet, approximately one third of patients pre-
senting to the ED will have myocardial infarction (MI) 
neither ruled in nor ruled out using hs-cTn–based ac-
celerated diagnostic pathways. These patients in the 
“indeterminate zone” frequently require further eval-
uation with noninvasive testing for risk stratification.6 

Unfortunately, current noninvasive tests to evaluate for 
CAD are not without drawbacks, including cost, limited 
availability in off hours, and need for contrast or ioniz-
ing radiation.

In the outpatient setting, management strategies for 
obstructive CAD are changing. ISCHEMIA (International 
Study of Comparative Health Effectiveness With 
Medical and Invasive Approaches) recently found that 
an invasive management strategy did not improve 
a composite end point of acute MI, cardiovascular 
death, hospitalization for unstable angina or heart fail-
ure, or cardiac arrest when added to optimal medical 
therapy in patients with stable CAD and moderate or 
severe ischemia.7 On the other hand, earlier and more 
confident recognition of CAD in asymptomatic pa-
tients would improve application of secondary preven-
tion therapies.7 Thus, a noninvasive approach keyed 
to identify obstructive CAD across all venues where 
chest pain is evaluated might improve diagnostic ac-
curacy, triage throughput, and secondary prevention.

A novel noninvasive approach to predicting ob-
structive CAD is the use of biomarkers in combination 
with clinical variables. Using proteomics and artificial 
intelligence, we previously described a clinical/pro-
teomic biomarker panel to predict prevalent obstruc-
tive CAD in patients undergoing diagnostic coronary 
angiography.8 However, hs-cTn, which has been as-
sociated with the presence of CAD, was not evaluated 
in the model.9,10 As hs-cTn is frequently measured in 
symptomatic patients, it was logical to derive and val-
idate a newer biomarker panel inclusive of hs-cTn for 
the diagnosis of obstructive CAD.

METHODS
All study procedures were approved by Partners 
HealthCare’s institutional review board. The data, ana-
lytic methods, and study materials will not be made 
available to other researchers for purposes of repro-
ducing the results.

Study Population: Derivation and Internal 
Validation Cohort
The clinical/proteomic panel was first derived using 
patients enrolled in the CASABLANCA (Catheter 
Sampled Blood Archive in Cardiovascular Diseases) 
study (Clini​calTr​ials.Gov NCT00842868).11 The 
CASABLANCA study was a prospective, single-
center, investigator-initiated, observational cohort 
study performed at the Massachusetts General 
Hospital in Boston, MA. In this study, 1251 patients 
undergoing coronary and/or peripheral angiography 
(with or without intervention) were enrolled between 
2008 and 2011. Informed consent was provided by 
the participants. Patients were referred for these 

CLINICAL PERSPECTIVE

What Is New?
•	 A model inclusive of 3 clinical variables (male 

sex, age, and previous percutaneous coronary 
intervention) and 3 biomarkers (hs-cTn [high-
sensitivity cardiac troponin], adiponectin, and 
kidney injury molecule-1) can accurately pre-
dict the presence of obstructive coronary artery 
disease.

•	 The model predicted obstructive coronary ar-
tery disease in a diverse population of patients 
undergoing coronary angiography for both 
acute and elective indications.

What Are the Clinical Implications?
•	 A clinical/biomarker model inclusive of hs-cTn 

may be useful for the evaluation of acute chest 
pain in the emergency department (including 
patients who had acute myocardial infarction 
neither ruled in nor ruled out) and in outpatients 
presenting for evaluation of stable angina in-
cluding those with renal injury.

Nonstandard Abbreviations and Acronyms

AUC	 �area under the receiver 
operating characteristic curve

BACC	 �Biomarkers in Acute Cardiac 
Care

CAD	 coronary artery disease
CASABLANCA	 �Catheter Sampled Blood Archive 

in Cardiovascular Diseases
CT	 computed tomography
ED	 emergency department
hs-cTn	 high-sensitivity cardiac troponin
ISCHEMIA	 �International Study of 
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Effectiveness with Medical and 
Invasive Approaches

KIM-1	 kidney injury molecule-1
MI	 myocardial infarction
NPV	 negative predictive value
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procedures for numerous reasons including acute 
MI, unstable angina pectoris, and heart failure, and 
for the elective diagnostic evaluation of stable chest 
pain.11 For the patients included in the CASABLANCA 
study, 15 mL of blood was obtained immediately be-
fore angiography through a centrally placed vascular 
access sheath.11

For the purpose of this analysis, 911 patients en-
rolled in the study who underwent coronary angiog-
raphy were randomly divided into a derivation cohort 
of 649 patients (70%) and a separate internal valida-
tion cohort of 278 patients (30%). After excluding pa-
tients with missing data from the derivation cohort 
(n=13) and the interval validation cohort (n=3), the final 
CASABLANCA study cohorts were composed of 636 
patients (derivation) and 275 patients (internal valida-
tion) (Figure S1).

For biomarker analysis, 200 μL of plasma was an-
alyzed for a panel of 108 biomarkers reflecting acute 
phase reactants, inflammation, and atherosclerosis 
pathophysiology on a Luminex 100/200 xMAP tech-
nology platform (Luminex Corporation) (Table S1 and 
Table  1). This technology utilizes multiplexed, mi-
crosphere-based assays in a single reaction vessel 
where the assay-specific capture antibody on each 
microsphere binds to the protein of interest. hs-cTnI 
(high-sensitivity cardiac troponin I) was measured in 
the CASABLANCA study cohort using the Siemens 
Atellica hs-cTn I assay (Siemens Healthcare GmbH). 
This assay has a limit of detection of 1.27 ng/L, a limit 
of quantification of 2.51 ng/L, and an upper reference 
limit 99th percentile of 34 ng/L in women and 53 ng/L 
in men. For this study, the assay had a between-run 
coefficient of variation <10% (8.2% and 6.7%) at these 
99th percentile values.

External Validation Cohort
The clinical/proteomic panel was externally validated in 
a cohort of patients enrolled in the BACC (Biomarkers 
in Acute Cardiac Care) study (Clini​calTr​ials.Gov 
NCT02355457).12 The BACC study is a prospective ob-
servational study that enrolled patients presenting with 
acute chest pain in the ED of the University Medical 
Center Hamburg-Eppendorf in Germany beginning in 
July 19, 2013.12 Informed consent was provided by the 
participants. For the purpose of this analysis, the first 
303 patients who underwent a coronary angiogram for 
evaluation of their symptoms were included in this co-
hort. After excluding those with ST-segment–elevation 
MI (n=46) and those with missing protein concentra-
tions (n=16), we identified 241 patients for inclusion in 
our analysis (Figure S1). Enrollees in the BACC study 
had blood drawn immediately on presentation to the 
ED with their symptoms as described.12 In the BACC 
study validation cohort, the ARCHITECT i1000SR 
(Abbott Diagnostics) hs-cTnI was used. The limit of de-
tection for the assay is 1.2 ng/L and the 99th percentile 
is 34 ng/L for men and 16 ng/L for women.

Outcome: Obstructive CAD
In the derivation and internal validation cohort from the 
CASABLANCA study, “significant” obstructive coro-
nary artery stenosis was defined as ≥70% luminal ob-
struction in at least 1 coronary vessel, determined by 
invasive coronary angiography. Study investigators ad-
judicating angiographic severity of CAD were blinded 
to results of all biomarker testing.

In the external validation BACC study cohort, ob-
structive CAD was recorded as a ≥50% luminal ob-
struction in at least 1 coronary artery. This was 

Table 1.  Baseline Characteristics of Patients in the Derivation Cohort With and Without Obstructive CAD

With Obstructive CAD (≥70% Stenosis) 
(n=421)

Without Obstructive CAD (70% 
Stenosis) (n=215) P Value

Demographics

Age, y (SD) 67.4 (11.5) 64.2 (11.7) 0.001

Men, No. (%) 330 (78.4) 125 (58.1) <0.001

Body mass index (SD) 29.2 (5.4) 28.8 (6.3) 0.41

Medical history, No. (%)

Hypertension 331 (78.6) 143 (66.5) 0.001

Type 1/type 2 diabetes mellitus 132 (31.4) 32 (14.9) <0.001

Previous coronary 
percutaneous intervention

180 (42.8) 6 (2.8) <0.001

Laboratory tests

Adiponectin, μg/mL 3.4 (2.2–5.1) 4.5 (2.9–7.2) <0.001

KIM-1, ng/mL 0.04 (0.01–0.07) 0.03 (0.01–0.05) <0.001

hs-cTnI, ng/L 9.7 (4–35.7) 5.9 (3–13.6) <0.001

Values are expressed as mean and standard deviation unless otherwise indicated. CAD indicates coronary artery disease; hs-cTnI, high-sensitivity cardiac 
troponin I; and KIM-1; kidney injury molecule-1.

http://ClinicalTrials.Gov
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determined by invasive coronary angiography and ad-
judicated by the BACC study investigators.

Statistical Analysis
Baseline characteristics were compared in the 
CASABLANCA study derivation cohort between those 
with and without ≥70% coronary stenosis in at least 
1 major coronary artery. The dichotomous variables 
were compared using 2-sided Fisher exact tests, and 
continuous variables were compared using 2-sided 
2-sample Student t tests. The biomarkers were tested 
with the Wilcoxon rank sum test because their con-
centrations were not normally distributed. For any 
biomarker result that was unmeasurable, a standard 
approach of imputing concentrations 50% below the 
limit of detection was used.

For this analysis, we utilized machine learning, a 
subset of artificial intelligence, to identify predictors 
of significant CAD. The concentration values for all 
proteins underwent the following transformations: (1) 
they were log-transformed to achieve a normal dis-
tribution; (2) outliers were clipped at the value of 3 
times the median absolute deviation; and (3) the val-
ues were rescaled to a distribution with zero mean 
and unit variance. The starting sets of variables con-
sisted of all 109 proteins as well as 6 clinical factors 
(sex, age, body mass index, history of type 2 diabe-
tes mellitus, history of hypertension, and prior percu-
taneous coronary intervention) in the CASABLANCA 
study data set. Candidate panels of proteins and 
clinical features were generated via least-angle re-
gression.13 In this method, factors were included in 
the model one at a time, with their coefficients de-
termined by their correlation with the outcome. This 
was repeated until all factors were included in the 
model, and the step at which the performance pla-
teaued resulted in our initial panel of interest.

We then conducted backwards elimination, starting 
with this initial panel of interest and iteratively removing 
the factor that contributed the least, as determined by 
its P value. This process concluded when all features 
had P<0.05 for their contribution to the model, resulting 
in our final panel. All predictive analyses during back-
wards elimination were run using the least absolute 
shrinkage and selection operator with logistic regres-
sion,14 via 400 iterations of Monte Carlo cross-valida-
tion, predicting the outcome of obstructive CAD. Once 
our final panel was selected, we trained the final di-
agnostic model from the entire training set using least 
absolute shrinkage and selection operator with logistic 
regression, predicting the outcome of obstructive CAD 
from the final panel. We then assessed the discrimina-
tion and calibration of this model’s contributing features 
with the Akaike and Bayesian information criteria, and 
the goodness of fit with Hosmer-Lemeshow testing.

This final model was then evaluated to predict 
obstructive CAD in the internal validation cohort. We 
generated a receiver operating characteristic curve to 
calculate the area under the receiver operating char-
acteristic curve (AUC), and, using a cutoff determined 
by the optimal Youden index with the training set, we 
calculated sensitivity, specificity, positive predictive 
value (PPV), and negative predictive value (NPV).

In addition, the predictive score generated by the 
diagnostic model was linearly rescaled to the range 
of 0 to 10, to facilitate interpretation, and we strati-
fied this score into a 5-level risk score correspond-
ing to multiple levels of CAD risk. The boundaries of 
these risk levels were determined from the model’s 
performance in the training set, with level 5 (highest 
risk) being >95% PPV, level 4 being >90% PPV, level 1 
(lowest risk) being >90% NPV, and level 2 being >80% 
NPV. PPVs were calculated for the 2 high-risk levels, 
and NPVs were calculated for the 2 low-risk levels.

Since computed tomography (CT) coronary angi-
ography is contraindicated in patients with severe renal 
failure, in a subgroup analysis, we sought to determine 
how this model performed on patients with renal in-
jury. Our criterion for renal injury was defined as cre-
atinine ≥1.5 mg/dL, and since the number of patients 
meeting this criterion was small on the CASABLANCA 
study derivation and internal validation sets separately, 
we combined them both to get a larger population 
(n=122). In addition, we assessed the performance of 
the model in lower-risk patients without acute MI.

We then assessed the performance of the model in 
the exertional validation cohort (BACC study patients): 
we calculated the model’s AUC, sensitivity, specificity, 
PPV, and NPV at the same optimal cutoff. In subgroup 
analyses of the BACC study external validation cohort, 
we assessed the performance of the model among: (1) 
patients who had acute MI neither “ruled in” nor “ruled 
out” using the European Society of Cardiology 0/3-
hour hs-cTnI–based accelerated diagnostic pathway 
(Table S2),15 ie, indeterminate zone (n=65); (2) patients 
with renal injury (defined as a creatinine level ≥1.5 mg/
dL); and (3) patients without acute MI.

All statistics were performed using R software, 
version 3.4 (R Foundation for Statistical Computing). 
P values were 2-sided, with a value <0.05 considered 
significant.

RESULTS
Patient Characteristics of the Derivation 
Cohort
Of the 636 patients included in the derivation cohort, 
421 (66.2%) had obstructive CAD. Patients with obstruc-
tive CAD were older, more likely to be male, and had a 
higher prevalence of hypertension, prior percutaneous 



J Am Heart Assoc. 2020;9:e017221. DOI: 10.1161/JAHA.120.017221� 5

McCarthy et al� hs-cTn–Based Proteomic Model to Predict CAD

coronary intervention, and diabetes mellitus (Table 1). 
Patients with obstructive CAD had higher concentra-
tions of kidney injury molecule-1 (KIM-1) and hs-cTnI, 
and lower concentrations of adiponectin (Table 1).

Final Panel and Diagnostic Model
After the machine learning model-building process, the 
final panel consisted of 3 clinical variables (age, sex, and 
prior percutaneous coronary intervention) and 3 biomark-
ers (adiponectin, KIM-1, and hs-cTnI). The final model 
trained on these features yielded an in-sample AUC of 
0.83 (95% CI, 0.80–0.87; P<0.001). Iterative model fitting 
performed on the derivation cohort (Table S3) shows that 
adding the individual biomarkers to the clinical variables 
improves the model’s discrimination and calibration, as 
evidenced by the increasing AUC, the decreasing of the 
Akaike or Bayesian information criteria, and the goodness 
of fit in Hosmer-Lemeshow testing. When compared with 
commonly used biomarkers in clinical practice such as 
C-reactive protein, N-terminal pro-B-type natriuretic pep-
tide, and hs-cTnI alone or in combination with the clini-
cal variables, the model outperformed these variables 
(Table S4). With the data represented in the 0 to 10 scale, 
the optimal cutoff for the score was determined to be 
2.97, using the optimal Youden index. This cutoff was 
also used with the CASABLANCA study internal valida-
tion and BACC study external validation cohorts.

Model Performance in the Internal 
Validation Cohort
Of the 275 patients in the CASABLANCA study in-
ternal validation cohort, 177 (64.4%) had obstructive 

CAD. Evaluating the model on this cohort yielded an 
AUC of 0.85 (95% CI, 0.80–0.90). At the optimal cut-
off, the score had a sensitivity of 80% (95% CI, 74%–
86%), specificity of 71% (95% CI, 62%–80%), PPV of 
83% (95% CI, 79%–89%), and NPV of 66% (95% CI, 
57%–75%) (Figure  1). We found a higher prevalence 
of obstructive CAD in patients with higher scores and 
lower prevalence among patients with lower scores 
(Figure  S2). Partitioning the score into 5 risk levels 
yielded a PPV of 97% for level 5 (highest risk, n=99) and 
an NPV of 89% for level 1 (lowest risk, n=9) (Table 2). 
These 5 risk levels correlate with an increasing degree 
of CAD stenosis (Figure 2).

Among all CASABLANCA study patients with renal 
injury (n=122; defined as a creatinine level ≥1.5 mg/dL), 
the model yielded an AUC of 0.79 (95% CI, 0.69–0.89) 
with this cohort, and using the optimum cutoff, it per-
formed with a sensitivity of 85% (95% CI, 77%–92%), 
specificity of 60% (95% CI, 42%–78%), PPV of 87% 
(95% CI, 80%–94%), and NPV of 56% (95% CI, 39%–
73%) (Figure S3).

In a subgroup analysis of patients in the 
CASABLANCA study internal validation set without 
acute MI (n=245), the score had an AUC of 0.84 (95% 
CI, 0.79–0.90).

Model Performance in the External 
Validation Cohort
Of the 241 patients included in the external valida-
tion cohort, the majority had obstructive CAD (n=199). 
Patients with obstructive CAD were older, more likely 
to be male, and had a higher prevalence of hyperten-
sion, hyperlipidemia, and history of MI (Table  S5). In 

Figure 1.  Receiver operating characteristic curve for (A) the internal validation cohort (n=275) 
and (B) the external validation cohort (n=241).
ACC indicates predictive accuracy; AUC, area under the receiver operating characteristic curve; NPV, 
negative predictive value; PPV, positive predictive value; Sn, sensitivity; and Sp, specificity.
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this cohort (n=241), the model predicted ≥50% steno-
sis with an AUC of 0.86 (95% CI, 0.79–0.93, P<0.001), 
sensitivity of 78% (95% CI, 73%–84%), specificity of 
79% (95% CI, 66%–91%), PPV of 95% (95% CI, 91%–
98%), and NPV of 43% (95% CI, 32%–55%) at the op-
timal cut-off (Figure 1). Partitioning the score into the 
five risk levels yielded a PPV of 97% for level 5 (highest 
risk, n=112) and an NPV of 67% for level 1 (lowest risk, 
n=3) (Table S6).

In a subgroup of patients in the BACC study external 
validation set who had acute MI neither ruled out nor 
ruled in, ie, patients in the indeterminate zone (n=65), 
the majority had obstructive CAD (n=53; 81.5%). When 
evaluated in this cohort, the score had an AUC of 0.88 
(95% CI, 0.75–1.0; P<0.001), sensitivity of 81% (95% 
CI, 71%–92%), specificity of 75% (95% CI, 51%–100%), 

PPV of 93% (95% CI, 86%–100%), and NPV of 47% 
(95% CI, 25%–70%).

In a subgroup of BACC study patients with renal 
injury (n=30; defined as a creatinine level ≥1.5 mg/dL), 
the score had an AUC of 0.92 (95% CI, 0.76–1.00), 
and using the optimal cutoff, it had a sensitivity of 88% 
(95% CI, 74%–100%), specificity of 67% (95% CI, 29%–
100%), PPV of 91% (95% CI, 80%–100%), and NPV of 
57% (95% CI, 20%–94%) (Figure S4).

Last, in patients in the BACC study without acute 
MI (n=138), the score had an AUC of 0.87 (95% CI, 
0.79–0.95) as compared with an hs-cTnI AUC of 0.57 
(95% CI, 0.45–0.68) for CAD assessment.

DISCUSSION
We describe a novel clinical/proteomic model inclusive 
of hs-cTnI capable of predicting severe CAD across a 
wide variety of patient types that had excellent perfor-
mance in the internal (AUC 0.85) and external (AUC 
0.86) validation cohorts. The performance of the di-
agnostic model was far superior to hs-cTnI alone. 
Notably, among patients with acute chest discomfort 
but nondiagnostic (but abnormal) troponin concen-
trations—the patient in the common indeterminate 
zone—the panel had consistent discrimination, spe-
cifically up-classifying nearly two thirds of patients to a 
higher risk category.

Derived from more than 100 biomarkers in a tar-
geted proteomics approach, the final panel contains 
3 biomarkers (adiponectin, KIM-1, and hs-cTnI) pre-
viously associated with atherosclerotic disease. Low 
concentrations of adiponectin have been previously 
associated with the presence of CAD and predicted 
progression of carotid artery disease,16,17 and, simi-
larly, higher adiponectin concentrations have a neg-
ative influence in our final diagnostic model. KIM-1 is 
a proximal renal tubular biomarker whose concentra-
tions have been linked to the presence of CAD and 
predicts major adverse cardiovascular events.8,18 
Last, in angiographic studies, we reported that hs-
cTnI was associated with a higher prevalence of CAD 
and prediction of incident MI, cardiovascular death, 
and all-cause mortality.9 Although hs-cTnI is com-
monly used in clinical practice, KIM-1 and adiponec-
tin are not. Addition of these biomarkers did lead to 
the model’s diagnostic performance, with improve-
ment in discrimination, calibration, and reclassifica-
tion (Table  S3). However, further evaluation of their 
cost benefit is needed.

Our results may have clinical utility in several im-
portant clinical settings. In the acute evaluation of 
chest pain in the ED, the clinical/biomarker algo-
rithm could be useful for triage. In patients present-
ing to the ED for evaluation of chest pain, we found 

Table 2.  Predictive Performance as a 5-Level Risk Score 
for the Internal Validation Cohort (n=275)

Score No. of Patients PPV NPV

5 99 0.97 …

4 43 0.70 …

3 95 N/A N/A

2 29 … 0.76

1 9 … 0.89

N/A indicates not available; NPV, negative predictive value; and PPV, 
positive predictive value.

Figure 2.  Stenosis associated with 5-level score for the 
internal validation cohort (n=275), shown as the sample 
mean with 95% CIs for the population mean. 
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excellent performance, including among patients 
with “indeterminate” hs-cTnI results. Such patients 
with nondiagnostic hs-cTnI frequently require fur-
ther observation with serial troponin measurements 
over several hours (which often requires a stay in an 
observation unit) or further testing with noninvasive 
imaging such as CT coronary angiography or stress 
testing. However, these tests have limitations includ-
ing restricted availability (including off hours), cost, 
and need for exposure to radiation. For these patients 
with indeterminate hs-cTnI alone, our model may be 
identifying those who require admission for invasive 
coronary angiography rather than further noninvasive 
testing. A prospective evaluation with a score-based 
decision on invasive or noninvasive strategy should 
be considered in the future.

Importantly, the panel performed well in patients 
with renal impairment, a cohort where CT coronary 
angiography is contraindicated. As patients with 
acute and chronic renal disease commonly have 
elevated troponin concentrations through various 
mechanisms, hs-cTn at first draw has reduced utility 
to predict the presence of obstructive CAD. It should 
be noted, however, that the number of patients with 
renal impairment in these cohorts is small so these 
results may exhibit some bias as a result of their small 
sample sizes.

With respect to the clinical role of this clinical/bio-
marker-based diagnostic model, in addition to testing 
those patients who are presenting more acutely, this 
model might have a role in lesser-acute patients. The 
CASABLANCA study predominantly included patients 
undergoing elective coronary angiography.11 Indeed, 
after excluding patients with acute MI, the panel per-
formed similarly well. Thus, it appears that the model is 
well-validated for the evaluation of outpatients present-
ing with symptoms concerning stable angina. In this 
cohort, the score may be useful for identifying patients 
presenting with chest pain who have a high likelihood 
of obstructive CAD, thereby reducing the need for 
stress testing or CT coronary angiography.

Study Limitations
Although novel, our study has limitations. Biomarkers 
were measured at a single point in time, which may 
not reflect levels at future time periods. As the rates 
of stress testing and CT coronary angiography were 
variable in both cohorts (CASABLANCA and BACC 
studies), comparisons of their diagnostic performance 
cannot be made. However, the score performs well 
when compared with the gold standard, invasive cor-
onary angiography. Last, the definition of obstructive 
CAD differed in each cohort as a result of differences 
in adjudication in the CASABLANCA and BACC study 
cohorts.

CONCLUSIONS
We have derived and externally validated a clinical/
proteomic panel that can predict the presence of ob-
structive CAD with high accuracy. The score performs 
similarly well in the evaluation of acute chest pain in the 
ED (including patients who had MI neither ruled in nor 
ruled out) and in outpatients presenting for evaluation 
of stable angina including those with renal injury.
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Table S1. Concentrations of biomarkers in patients in the derivation cohort with and 

without obstructive CAD. 

 

Biomarker With obstructive 

CAD (≥70% 

stenosis) 

N=421 

Without 

obstructive CAD 

(<70% stenosis) 

N=215 

P Value 

Adiponectin (ug/mL) 3.4 (2.2, 5.1) 4.5 (2.9, 7.2) p < 0.001 

Alpha-1-Antitrypsin (AAT) (mg/mL) 1.8 (1.5, 2.1) 1.8 (1.5, 2.1) p = 0.25 

Alpha-2-Macroglobulin (A2Macro) 

(mg/mL) 

1.9 (1.6, 2.3) 1.9 (1.6, 2.3) p = 0.82 

Angiopoietin-1 (ANG-1) (ng/mL) 6.7 (5, 9.6) 7.35 (5, 11) p = 0.18 

Angiotensin-Converting Enzyme 

(ACE) (ng/mL) 

79 (60, 103.3) 78 (59.8, 105) p = 0.95 

Apolipoprotein(a) (Lp(a)) (ug/mL) 193.5 (68, 457.3) 152 (56, 446.5) p = 0.30 

Apolipoprotein A-I (Apo A-I) 

(mg/mL) 

1.7 (1.4, 2.1) 1.8 (1.6, 2.2) p < 0.001 

Apolipoprotein A-II (Apo A-II) 

(ng/mL) 

309 (247, 371.3) 308 (255, 376.3) p = 0.66 

Apolipoprotein B (Apo B) (ug/mL) 1350 (1040, 1790) 1390 (1150, 

1852.5) 

p = 0.11 

Apolipoprotein C-I (Apo C-I) 

(ng/mL) 

307 (252, 367.8) 336.5 (277.8, 

391.3) 

p < 0.001 

Apolipoprotein C-III (Apo C-III) 

(ug/mL) 

218 (164, 271.8) 212 (155.8, 

267.3) 

p = 0.69 

Apolipoprotein H (Apo H) (ug/mL) 331 (270, 390.5) 343.5 (268, 384) p = 0.99 

Beta-2-Microglobulin (B2M) 

(ug/mL) 

1.7 (1.4, 2.5) 1.6 (1.4, 2.1) p = 0.01 

Brain-Derived Neurotrophic Factor 

(BDNF) (ng/mL) 

2.2 (0.9, 4.3) 2.8 (1.1, 4.7) p = 0.02 

C-Reactive Protein (CRP) (ug/mL) 3.8 (1.6, 11) 3.1 (1.2, 7.) p = 0.01 

Calbindin (ng/mL) 8 (8, 8) 8 (8, 8) p = 0.79 

Carbonic anhydrase 9 (CA-9) 

(ng/mL) 

0.16 (0.09, 0.26) 0.14 (0.09, 0.22) p = 0.06 

Carcinoembryonic antigen-related 

cell adhesion molecule 1 

(CEACAM1) (ng/mL) 

24 (20, 27) 23 (21, 28.25) p = 0.26 

CD5 Antigen-like (CD5L) (ng/mL) 3760 (2897.5, 5275) 3470 (2690, 

4900) 

p = 0.03 

Decorin (ng/mL) 2.4 (2, 3.6) 2.3 (1.9, 2.9) p = 0.009 

E-Selectin (ng/mL) 5.25 (3.6, 7.13) 4.8 (3.6, 6.83) p = 0.31 

EN-RAGE (ng/mL) 28 (16, 50) 24 (15.8, 49) p = 0.24 

Eotaxin-1 (pg/mL) 104 (42.5, 148) 96 (42.5, 137.3) p = 0.34 

Factor VII (ng/mL) 465.5 (346, 587.3) 451.5 (359.5, 

577.8) 

p = 0.89 



Fatty Acid-Binding Protein, heart 

(FABP, heart) (ng/mL) 

4.6 (4.6, 4.6) 4.6 (4.6, 4.6) p = 0.004 

Ferritin (FRTN) (ng/mL) 134 (69.8, 235) 129.5 (67, 198.8) p = 0.41 

Fetuin-A (ug/mL) 698.5 (582.5, 828) 675.5 (583.8, 

810) 

p = 0.63 

Fibrinogen (mg/mL) 4.4 (3.6, 5.4) 4.1 (3.4, 5.1) p = 0.03 

Follicle-Stimulating Hormone (FSH) 

(mIU/mL) 

6.2 (3.7, 17) 8.7 (3.5, 42.3) p = 0.01 

Glucagon-like Peptide 1, total (GLP-

1 total) (pg/mL) 

3.45 (3.45, 3.45) 3.45 (3.45, 3.45) p = 0.04 

Granulocyte-Macrophage Colony-

Stimulating Factor (GM-CSF) 

(pg/mL) 

10.5 (10.5, 10.5) 10.5 (10.5, 10.5) p = 0.22 

Growth Hormone (GH) (ng/mL) 0.32 (0.07, 0.9) 0.26 (0.07, 0.69) p = 0.13 

Haptoglobin (mg/mL) 1.3 (0.66, 2.1) 0.88 (0.48, 1.7) p < 0.001 

Immunoglobulin A (IgA) (mg/mL) 2.4 (1.5, 3.43) 2.25 (1.6, 3.13) p = 0.54 

Immunoglobulin M (IgM) (mg/mL) 1.4 (0.93, 2.2) 1.4 (1.0, 2.23) p = 0.35 

Insulin (uIU/mL) 1 (0.11, 2.5) 0.49 (0.11, 1.5) p < 0.001 

Intercellular Adhesion Molecule 1 

(ICAM-1) (ng/mL) 

107 (85, 133) 102.5 (83, 125.3) p = 0.10 

Interferon gamma (IFN-gamma) 

(pg/mL) 

1.25 (1.25, 1.25) 1.25 (1.25, 1.25) p = 0.82 

Interferon gamma Induced Protein 10 

(IP-10) (pg/mL) 

307.5 (232.8, 399.3) 288 (223.3, 402) p = 0.21 

Interleukin-1 alpha (IL-1 alpha) 

(ng/mL) 

0.001 (0.001, 0.001) 0.001 (0.001, 

0.001) 

p = 0.16 

Interleukin-1 beta (IL-1 beta) 

(pg/mL) 

6.7 (3.3, 8.6) 4.95 (3.3, 8.33) p = 0.34 

Interleukin-1 receptor antagonist (IL-

1ra) (pg/mL) 

119 (90, 158) 108.5 (83.8, 

140.3) 

p = 0.005 

Interleukin-2 (IL-2) (pg/mL) 20.5 (20.5, 20.5) 20.5 (20.5, 20.5) p = 0.63 

Interleukin-3 (IL-3) (ng/mL) 0.003 (0.003, 0.003) 0.003 (0.003, 

0.003) 

p = 0.48 

Interleukin-4 (IL-4) (pg/mL) 17.5 (17.5, 17.5) 17.5 (17.5, 17.5) p = 0.16 

Interleukin-5 (IL-5) (pg/mL) 2.35 (2.35, 2.35) 2.35 (2.35, 2.35) p = 0.63 

Interleukin-6 (IL-6) (pg/mL) 2.25 (2.25, 2.25) 2.25 (2.25, 2.25) p = 0.58 

Interleukin-6 receptor (IL-6r) 

(ng/mL) 

24 (19, 29) 23 (18, 29) p = 0.17 

Interleukin-7 (IL-7) (pg/mL) 16 (16, 16) 16 (16, 16) p = 0.16 

Interleukin-8 (IL-8) (pg/mL) 6.7 (4.6, 10) 5.7 (4, 9) p = 0.01 

Interleukin-10 (IL-10) (pg/mL) 3.4 (3.4, 3.4) 3.4 (3.4, 3.4) p = 0.65 

Interleukin-12 Subunit p40 (IL-

12p40) (ng/mL) 

0.595 (0.47, 0.73) 0.57 (0.44, 0.71) p = 0.13 

Interleukin-12 Subunit p70 (IL-

12p70) (pg/mL) 

25 (25, 25) 25 (25, 25) p = 0.48 



Interleukin-15 (IL-15) (ng/mL) 0.57 (0.46, 0.7) 0.54 (0.45, 0.66) p = 0.07 

Interleukin-17 (IL-17) (pg/mL) 1.45 (1.45, 1.45) 1.45 (1.45, 1.45) p = 0.54 

Interleukin-18 (IL-18) (pg/mL) 203 (155.3, 272) 188 (135.5, 255) p = 0.009 

Interleukin-18-binding protein (IL-

18bp) (ng/mL) 

9.65 (7.4, 13) 8.75 (6.6, 11) p < 0.001 

Interleukin-23 (IL-23) (ng/mL) 2.6 (2, 3.2) 2.4 (1.9, 3.1) p = 0.15 

Kidney Injury Molecule-1 (KIM-1) 

(ng/mL) 

0.04 (0.01, 0.07) 0.03 (0.01, 0.05) p < 0.001 

Lectin-Like Oxidized LDL Receptor 

1 (LOX-1) (ng/mL) 

0.32 (0.32, 0.32) 0.32 (0.32, 0.32) p = 0.02 

Leptin (ng/mL) 9.25 (4.48, 21) 7.9 (4, 20) p = 0.42 

Luteinizing Hormone (LH) 

(mIU/mL) 

4.7 (3.3, 7.9) 5.3 (3.38, 13) p = 0.01 

Macrophage Colony-Stimulating 

Factor 1 (M-CSF) (ng/mL) 

0.45 (0.16, 0.73) 0.38 (0.16, 0.57) p = 0.005 

Macrophage Inflammatory Protein-1 

alpha (MIP-1 alpha) (pg/mL) 

14.5 (14.5, 37) 14.5 (14.5, 33.5) p = 0.02 

Macrophage Inflammatory Protein-1 

beta (MIP-1 beta) (pg/mL) 

258 (193.8, 355.3) 264 (182.5, 351) p = 0.54 

Macrophage Inflammatory Protein-3 

alpha (MIP-3 alpha) (pg/mL) 

10 (10, 28.3) 10 (10, 27) p = 0.14 

Matrix Metalloproteinase-1 (MMP-1) 

(ng/mL) 

0.28 (0.28, 0.28) 0.28 (0.28, 0.57) p = 0.33 

Matrix Metalloproteinase-2 (MMP-2) 

(ng/mL) 

1360 (1130, 1642.5) 1320 (1120, 

1600) 

p = 0.31 

Matrix Metalloproteinase-3 (MMP-3) 

(ng/mL) 

7.15 (5.28, 11) 6 (4.3, 9.2) p < 0.001 

Matrix Metalloproteinase-7 (MMP-7) 

(ng/mL) 

0.37 (0.26, 0.58) 0.3 (0.22, 0.46) p < 0.001 

Matrix Metalloproteinase-9 (MMP-9) 

(ng/mL) 

128 (91.5, 183) 119.5 (86.8, 

167.3) 

p = 0.20 

Matrix Metalloproteinase-9, total 

(MMP-9, total) (ng/mL) 

597.5 (435.5, 833.3) 531 (379.5, 741) p = 0.01 

Matrix Metalloproteinase-10 (MMP-

10) (ng/mL) 

0.15 (0.15, 0.15) 0.15 (0.15, 0.15) p = 0.11 

Monocyte Chemotactic Protein 1 

(MCP-1) (pg/mL) 

112 (79, 160.3) 103 (77, 152) p = 0.27 

Monocyte Chemotactic Protein 2 

(MCP-2) (pg/mL) 

23 (17, 29) 23 (17.75, 30) p = 0.80 

Monocyte Chemotactic Protein 4 

(MCP-4) (pg/mL) 

2300 (1720, 3382.5) 2300 (1537.5, 

3362.5) 

p = 0.59 

Monokine Induced by Gamma 

Interferon (MIG) (pg/mL) 

990 (591.5, 1780) 852 (551, 1462.5) p = 0.03 

Myeloid Progenitor Inhibitory Factor 

1 (MPIF-1) (ng/mL) 

1.3 (0.98, 1.6) 1.1 (0.88, 1.4) p < 0.001 



Myoglobin (ng/mL) 33 (24, 52.3) 28 (20, 43.3) p < 0.001 

N-terminal prohormone of b-type 

natriuretic peptide (NT proBNP) 

(pg/mL) 

1520 (552.5, 4270) 1370 (449.8, 

3650) 

p = 0.14 

Osteopontin (ng/mL) 28 (21, 43.5) 26 (19, 37) p = 0.02 

Pancreatic Polypeptide (PPP) 

(pg/mL) 

98 (54, 183) 79 (43, 130) p = 0.005 

Plasminogen Activator Inhibitor 1 

(PAI-1) (ng/mL) 

43 (26, 69) 46.5 (25, 75) p = 0.47 

Platelet endothelial cell adhesion 

molecule (PECAM-1) (ng/mL) 

54 (46, 64.3) 55 (45, 62.3) p = 0.58 

Prolactin (PRL) (ng/mL) 7.95 (5.4, 12) 8.4 (5.6, 13) p = 0.19 

Pulmonary and Activation-Regulated 

Chemokine (PARC) (ng/mL) 

101 (75.8, 138.3) 92 (65.8, 135.3) p = 0.08 

Pulmonary surfactant-associated 

protein D (SP-D) (ng/mL) 

5.5 (3.4, 8.7) 4.55 (3.08, 7.33) p = 0.003 

Resistin (ng/mL) 2.4 (1.8, 3.5) 2.3 (1.7, 3.2) p = 0.15 

Serotransferrin (Transferrin) (mg/dl) 273.5 (235.8, 316.3) 274.5 (233, 315) p = 0.77 

Serum Amyloid P-Component (SAP) 

(ug/mL) 

13 (10, 16) 12 (9.4, 15) p = 0.02 

Stem Cell Factor (SCF) (pg/mL) 376 (292, 478.3) 340.5 (258, 

423.3) 

p < 0.001 

T-Cell-Specific Protein RANTES 

(RANTES) (ng/mL) 

8.05 (3.7, 16) 9.3 (4.55, 19) p = 0.07 

Tamm-Horsfall Urinary Glycoprotein 

(THP) (ug/mL) 

0.03 (0.02, 0.04) 0.03 (0.02, 0.04) p < 0.001 

Thrombomodulin (TM) (ng/mL) 3.8 (3.1, 4.7) 3.55 (3, 4.2) p = 0.002 

Thrombospondin-1 (ng/mL) 4090 (2020, 7100) 5260 (2442.5, 

7742.5) 

p = 0.02 

Thyroid-Stimulating Hormone (TSH) 

(uIU/mL) 

1.2 (0.79, 1.8) 1.2 (0.82, 1.8) p = 0.39 

Thyroxine-Binding Globulin (TBG) 

(ug/mL) 

38 (32, 44) 36 (29, 45) p = 0.12 

Tissue Inhibitor of 

Metalloproteinases 1 (TIMP-1) 

(ng/mL) 

73 (60, 94) 72.5 (58, 90.25) p = 0.45 

Transthyretin (TTR) (mg/dl) 26 (22, 30) 25.5 (21, 31) p = 0.85 

Tumor Necrosis Factor alpha (TNF-

alpha) (pg/mL) 

6.5 (6.5, 6.5) 6.5 (6.5, 6.5) p = 0.27 

Tumor Necrosis Factor beta (TNF-

beta) (pg/mL) 

20 (20, 20) 20 (20, 20) p = 1.00 

Tumor necrosis factor receptor 2 

(TNFR2) (ng/mL) 

6.4 (4.8, 9.6) 5.95 (4.5, 7.5) p = 0.001 

Vascular Cell Adhesion Molecule-1 

(VCAM-1) (ng/mL) 

586 (464.8, 730.3) 528 (442, 669.3) p = 0.004 



Vascular Endothelial Growth Factor 

(VEGF) (pg/mL) 

98.5 (70.8, 137.5) 103.5 (73.8, 140) p = 0.37 

Vitamin D-Binding Protein (VDBP) 

(ug/mL) 

249 (191.3, 310.5) 249 (194.5, 

306.3) 

p = 0.93 

Vitamin K-Dependent Protein S 

(VKDPS) (ug/mL) 

14 (11, 17) 13 (11, 16) p = 0.08 

Vitronectin (ug/mL) 465 (352, 593) 444.5 (349.5, 

552) 

p = 0.15 

von Willebrand Factor (vWF) 

(ug/mL) 

134 (96, 181) 124.5 (90, 175.3) p = 0.15 

Hs troponin I (ng/L) 9.65 (4, 35.7) 5.85 (3, 13.6) p < 0.001 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table S2. European Society of Cardiology 0/3-hour algorithm for evaluation of patients 

with suspected acute coronary syndrome. 

 

 

Rule-Out Rule-In Indeterminate  

Symptom onset > 6h AND 

0h hs-cTnI < 27 ng/l 

 

Or 

 

Symptom onset < 6h AND  

0h hs-cTnI < 27 ng/l AND 

             3h hs-cTnI < 27 ng/l 

 

Symptom onset < 6h AND 0h hs-cTnI 

< 27 ng/l AND delta 3h hs-cTnI > 13.5 

ng/l AND 3h hs-cTnI > 27 ng/L 

 

Or 

 

0h hs-cTnI > 27 ng/l AND delta 3h hs-

cTnI >20% of 0h hs-cTnI 

 

Or 

 

0h hs-cTnI > 5 fold above 27 ng/l 

Any values not 

meeting the rule-in 

or rule-out criteria 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table S3. Model Fitting and Calibration in the Derivation Cohort (n = 636). 

 

 

AIC= Akaike information criterion; AUC = area under the ROC; BIC = Bayesian information 

criterion, hs-cTn= high-sensitivity cardiac troponin, KIM-1= kidney injury molecule-1, NRI= net 

reclassification improvement.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Derivation cohort: Model Fitting 

Variable AUC AIC BIC Hosmer-

Lemeshow 

p value 

NRI p 

value 
NRI p 

value 

(events) 

NRI p 

value (non-

events) 
Clinical variables with 

algorithm 

0.79 644.764 662.585 0.49 - - - 

Clinical variables + 

hs-cTn I with 

algorithm 

0.81 629.385 651.661 0.56 0.21 0.12 0.68 

Clinical variables + 

hs-cTn I + 

adiponectin with 

algorithm 

0.82 618.222 644.954 0.53 0.01 0.01 0.19 

Clinical variables + 

hs-cTn I + 

adiponectin + KIM-1 

with algorithm 

0.83 610.977 642.164 0.64 < 0.001 < 0.001 0.09 



Table S4. Comparison of common clinically used biomarkers (alone and in combination) 

with our risk model in the Derivation cohort (n=636). 

 

 

AIC= Akaike information criterion; AUC = area under the ROC; BIC = Bayesian information 

criterion, CRP=C reactive protein, hs-cTn= high-sensitivity cardiac troponin, KIM-1= kidney 

injury molecule-1, NRI= net reclassification improvement, NTproBNP=NT-pro b-type 

natriuretic peptide.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Derivation cohort 

Variable AUC AIC BIC Hosmer-

Lemeshow 

p value 

NRI p 

value 
NRI p 

value 

(events) 

NRI p 

value (non-

events) 
Clinical variables with 

algorithm 

0.79 644.764 662.585 0.49 - - - 

CRP alone 0.56 813.290 822.206 0.908 < 0.001 < 0.001 < 0.001 

NT-proBNP alone 0.53 818.013 826.929 0.751 < 0.001 < 0.001 < 0.001 

Hs-cTnI alone 0.61 796.558 805.474 0.974 < 0.001 0.128 < 0.001 

CRP + NTproBNP + 

hs-cTnI 

0.61 798.055 815.888 0.357 < 0.001 0.037 < 0.001 

Clinical variables + 
CRP + NTproBNP + 

hs-cTnI 

0.81 632.367 663.576 0.826 0.119 0.137 0.413 

Clinical variables + 

hs-cTn I + 

adiponectin + KIM-1 

with algorithm 

0.83 610.977 642.164 0.64 < 0.001 < 0.001 0.09 



Table S5. Baseline characteristic of patients in the external validation cohort with and 

without obstructive CAD (50% stenosis) N=241. 

 

 With obstructive 

CAD 

Without obstructive 

CAD 

P-value 

Age 66.0 (13.0) 61.1 (13.5) p = 0.04 

Male 147 / 199 (73.9%) 22 / 42 (52.4%) p = 0.009 

BMI 27.5 (5.2) 27.4 (4.7) p = 0.93 

Current smoker 60 / 113 (53.1%) 10 / 24 (41.7%) p = 0.37 

Hypertension 161 / 197 (81.7%) 25 / 41 (61%) p = 0.006 

Hyperlipidemia 114 / 199 (57.3%) 14 / 42 (33.3%) p = 0.006 

History of CAD 104 / 199 (52.3%) 2 / 42 (4.8%) p < 0.001 

Prior MI 57 / 199 (28.6%) 2 / 42 (4.8%) p < 0.001 

Heart failure 40 / 199 (20.1%) 9 / 42 (21.4%) p = 0.84 

Stroke 19 / 199 (9.5%) 2 / 42 (4.8%) p = 0.55 

Peripheral artery 

disease 

26 / 199 (13.1%) 0 / 42 (0%) p = 0.01 

Family history of CAD 51 / 195 (26.2%) 9 / 40 (22.5%) p = 0.70 

CRP 4.9 (4.9, 6) 4.9 (4.9, 6.8) p = 0.80 

Hemoglobin 13.8 (1.7) 13.8 (1.5) p = 0.77 

CK 133 (86, 217) 147 (92, 210) p = 0.53 

CK-MB 36 (28.3, 53.8) 29 (23, 44) p = 0.14 

Hs-cTn-I 32 (11.0, 381.9) 9.3 (3.9, 62.9) p = 0.004 

Adiponectin (ug/mL) 4.7 (3.1, 7.6) 7.6 (4.3, 10) p = 0.003 

Kidney Injury 

Molecule 1 (ng/mL) 

0.05 (0.02, 0.08) 0.02 (0.02, 0.06) p = 0.03 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table S6. Predictive performance as a 5-level risk score for the external validation cohort 

(n=241). 

Score Number of Patients Positive predictive value Negative predictive value 

5 112 0.97 - 

4 37 0.89 - 

3 59 N/A N/A 

2 30 - 0.63 

1 3 - 0.67 

 

 

 

 

 



Figure S1. Flow diagram for Derivation, Internal Validation, and External Validation 

cohorts. 

 

 

 

 

 

 

 

 

 



Figure S2. Histogram illustrating distribution of the diagnostic score to predict obstructive 

coronary artery disease among the internal validation cohort (n=275).  

 

 

Positive= presence of obstructive CAD; Negative= absence of obstructive CAD. 

 

 



Figure S3. Receiver operating characteristic curve for the derivation and internal 

validation cohort with renal injury (N=122).  

 

 
 

 

AUC = area under the receiver operating characteristic curve; Sn = sensitivity; Sp = specificity; 

PPV = positive predictive value; NPV = negative predictive value; ACC = predictive accuracy. 

 



Figure S4. Receiver operating characteristic curve for the external validation cohort with 

renal injury (N=30).  

 

 

 

AUC = area under the receiver operating characteristic curve; Sn = sensitivity; Sp = specificity; 

PPV = positive predictive value; NPV = negative predictive value; ACC = predictive accuracy. 

 

 

 


