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ARTICLE INFO ABSTRACT

Keywords: Alterations in xanthine oxidase activity are known to be pathologically influential on coronary artery disease
Coronary artery disease (CAD) (CAD), but the association between purine-related blood metabolites and CAD has only been partially elucidated.
Metabolomics

We performed global metabolomics profiling and network analysis on blood samples from the Wonju and
Pyeongchang (WP) cohort study (n = 2055) to elucidate the importance of purine related metabolites associated
with potential CAD risk. Then, 5 selected serum metabolites were quantified from the WP cohort, Shinchon
cohort (n = 259), and Shinchon case control (n = 424) groups to develop machine learning models for 10-year
risk prediction, relapse within 10 years and diagnosis of the disease via 100 repeated 5-fold cross-validations of
logistic models. The combination of purine metabolite levels or only xanthine levels in blood could be applied for
machine learning model development for major adverse cardiac and cerebrovascular event (MACCE, cerebro-
vascular death, nonfatal myocardial infarction, percutaneous transluminal coronary angioplasty, coronary artery
bypass graft, and stroke) risk prediction, relapse of MACCEs among patients with myocardial infarction history
and diagnosis of stable CAD. In particular, our research provided initial evidence that blood xanthine and uric
acid levels play different roles in the development of machine learning models for primary/secondary prevention
or diagnosis of CAD. In this research, we determined that purine-related metabolites in blood are applicable to
machine learning model development for CAD risk prediction and diagnosis. Also, our work advances current
CAD biomarker discovery strategies mainly relying on clinical features; emphasizes the differential biomarkers in
first/secondary prevention or diagnosis studies.

Machine learning model development
Purine metabolism
Biomarker

artery disease (CAD), which is the most common type of CVD including
myocardial infarction (MI) and angina [7]. It has been reported that the

1. Introduction

Cardiovascular disease (CVD) is one of the leading causes of death
worldwide, also in Korea [1,2]. CVDs are multifactor diseases that are
influenced by a wide range of genetic, dietary, and environmental fac-
tors [3]. As CVDs are complex pathophysiological diseases, further,
intensive research is needed to elucidate the risk prediction and diag-
nosis for improvements in outpatient and inpatient care [4,5].
Currently, various methodologies, such as electrocardiographic find-
ings, imaging tools, and elevated biomarkers of myocardial necrosis, are
used for CVD diagnosis [6]. Metabolomics is considered an emerging
technology to identify metabolic biomarkers for CVD and coronary

metabolism of amino acids, acyl-carnitines, and purines is significantly
altered in patients with MI compared to healthy individuals [6]. The
metabolite levels in glycolysis and fatty acid metabolism have been
found to be changed in the plasma from atherosclerosis and MI patients
[8,9]. Although previous studies have reported that various metabolites
are linked to the diagnosis or potential risk of CAD, prospective
metabolomics studies in which a large number of normal participants
are enrolled at baseline are very limited in terms of CVD.

There have been several attempts to utilize metabolomics for the
diagnosis of CADs. For instance, a machine learning classification
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algorithm using metabolites as features predicted spontaneous MI pa-
tients from patients undergoing diagnostic coronary angiography [10].
Additionally, a recent CAD study was characterized by distinct meta-
bolic perturbations that were used as biomarkers to distinguish various
types of CADs, including atherosclerosis, angina, and MI [11].

A case-cohort study partially elucidated the metabolomic profiling
strategy’s role in CAD risk prediction [3,12]. High levels of metabolite
species, including amino acids, acylcarnitines, triglycerides, cholesterol
esters, and phosphatidylethanolamines, were associated with potential
CVD risk [3,12]. Canela et al. evaluated the predictive power of
branched-chain amino acids (BCAAs), such as leucine, isoleucine, and
valine, in a case-cohort study. After 1 year of follow-up of 970 partici-
pants, hazard ratios (HRs) for the 4th quartile of baseline BCAA con-
centrations were higher than those for the 1st quartile, indicating
association of BCAA concentrations with CVD events including stroke,
MI, or death [12].

In fact, age and diabetes are also known as major risk factors for
developing CVDs, and clinical risk factor-associated metabolic features
have been introduced [13,14]. In retrospective analysis, plasma amino
acids were associated with the onset of severe CVDs in diabetic patients;
63 patients developed CVDs during an observational 10-year follow-up
study of 420 diabetic patients [15]. The Bruneck study in Italy is a
well-planned, large population or community-based survey study that
enables reliable evaluation of biomarker discovery for metabolic disease
[16]. Using these data, Stegemann et al. observed diverse cardiovascular
effects on lipid species in plasma [17]. There were strong associations
between CVD events and the levels of CEs and TAGs, with low carbon
numbers or a low double-bond content [17,18]. Although these studies
suggested lipid features’ possible role in the prevention of CADs, they
could not suggest biomarkers from aqueous metabolic features.

Moreover, there have been no systematic attempts to compare
different types of metabolomic biomarker discoveries for risk prediction,
prognosis, and diagnosis of disease by controlling analytical platforms,
data processing, and machine learning algorithms. Moreover, notably,
there have been few attempts to quantify aqueous metabolites using
large-sized cohort data with a normal baseline.

Here, we conducted liquid chromatography-mass spectrometry (LC-
MS)-based metabolic profile analysis to specify the aqueous metabolites
applicable to advance CAD patient care followed by absolute quantifi-
cation of the targeted metabolites in large-sized population-based sur-
vey data with normal baseline. Our work enabled us to discover aqueous
serum metabolite biomarkers applicable for CAD risk prediction before
the onset of disease. A targeted metabolomics approach was conducted
in the analysis of three different datasets, which aimed to develop ma-
chine learning models to predict the potential risk, prognosis, and
diagnosis of CAD. Notably, our research first introduces the possibility
and potential limitations of applying metabolic biomarker analysis for
risk prediction to develop biomarkers for prognosis or diagnosis using
three equivalently processed datasets.

2. Material and methods
2.1. Study design

The WP cohort study was led by the Wonju Severance Christian
Hospital in Korea. This study was designed as a large cohort to develop a
CAD risk prediction model in the Korean population. In this study, 2055
people (247 with MACCEs, 1808 without MACCEs) enrolled between
December 2005 and January 2007 for cohort tracking until 2015. Blood
plasma from participants was collected at the beginning of cohort
tracking, and participants’ clinical parameters were simultaneously
assessed.

The SC cohort study, led by Yonsei Medical University, included 259
CAD patients with either stable CAD or MI. The patients were recruited
from January 2006 until February 2014, and their medical records were
tracked for up to 11 years. During enrollment in the study, serum
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samples were obtained for metabolomics analysis, and participants’
clinical parameters were assessed. Further CAD events were defined
according to MACCE.

A total of 150 patients with stable CAD and 274 counterpart controls
were recruited for the case control study led by Yonsei Medical Uni-
versity. The participants’ samples were collected from November 2000
to March 2011. Similar to other studies, blood serum samples from
participants were collected for metabolomics analysis, and participants’
clinical parameters were assessed.

2.2. Sample randomization

Due to a large number of samples, we split the sample sets into 3
analysis batches according to the sample collection sites. Samples in
each data set were randomized for subsequent analysis.

2.3. Sample extraction

To extract metabolites in serum, 50 uL of serum sample was mixed
with 500 pL of chloroform/methanol (2:1, v/v) and 100 uL of water. The
mixture was vortexed and incubated at 4 °C for 10 min. After centrifu-
gation, aliquots of the supernatants were dried in a vacuum concen-
trator. The extracts were diluted with 100 pL of acetonitrile/water
mixture (75:25, v/v) for global profiling and 100 pL of acetonitrile/
water mixture (20:80, v/v) for targeted profiling.

2.4. Global profiling for primary prevention of CAD disease

For the primary prevention study, LC- electrospray ionization(ESI)-
MS/MS analyses of sample extracts were performed on a triple TOF™
5600 MS/MS System (AB Sciex, Canada) combined with a UPLC system
(Waters, USA). LC separations were carried out on a ZIC®-HILIC column
(2.1 mm x 100 mm, 3.5 pm; SeQuant). The column temperature and
flow rate were set to 35 °C and 0.4 mL/min, respectively. The mobile
phases used were 10 mM ammonium acetate and 0.1% formic acid
water:acetonitrile (5:95 v/v) (A) and in water:acetonitrile (50:50 v/v)
(B). The linear gradient program was as follows: 1% B from 0 to 2 min,
1-55% B from 2 to 8 min, 55-99% B from 8 to 9 min, 99% B from 9to 11
min, 99-1% B from, 11-11.1 min, and 99% B from 11.1 to 15 min. The
injection volume of the sample was 5 uL using partial loop mode for both
positive and negative ionization polarity modes. Quality control (QC)
samples, which were pooled identical aliquots of the samples, were
measured regularly throughout the run for data reproducibility. The
spectral data were analyzed by MarkerViewTM (AB Sciex, Canada),
which was used to find peaks, perform peak alignment, and generate
peak tables of m/z and retention times (min). Spectra were normalized
using the total area of the spectra. To identify reliable peaks and remove
instrumental bias, peaks with an intensity in QC samples lower than
those in a blank sample were eliminated, and peaks with coefficients of
variation below 20 in QC samples were selected. Metabolites were
tentatively identified by comparing the experimental data against
various databases, including the METLIN (metlin.scripps.edu), Human
Metabolome (www.hmdb.ca), and MassBank (www.massbank.jp) da-
tabases. Fragment patterns (MS/MS spectra) were also used to identify
metabolites.

2.5. Quantitative analysis of metabolites in purine metabolism

To quantify the level of metabolites, liquid chromatography-mass
spectrometry was performed on an Agilent 1290 Infinity LC and an
Agilent 6490 Triple Quadrupole MS system equipped with an Agilent Jet
Stream ESI source (Agilent Technologies, USA). MassHunter Worksta-
tion (Ver B.06.00, Agilent Technologies, USA) software was used for
data acquisition and analysis. LC separations were carried out on a
reversed-phase Scherzo SM-C18 column (100 mm x 2 mm, particle size
3 um, Imtakt, USA) over 12 min. The column temperature and flow rate
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were set to 35 °C and 0.4 mL/min, respectively. The binary gradient
system comprised 0.1% formic acid in water (solvent A) and methanol
(solvent B). The linear gradient used for elution and equilibrating the
initial gradient for subsequent runs was as follows: 1% B from O to 1.5
min, 7-90% B from 1.5 to 8 min, 90% B from 9 min, 90-7% B from 9 to
10 min, and 7% B from 12. The autosampler temperature was main-
tained at 4 °C, and the injection volume of the sample was 1 pL. The
column effluent was introduced into a TQ mass detector operating in
positive electrospray ionization mode. Samples were analyzed in single
reaction monitoring (SRM) mode. The SRM transitions were performed
with the following operational parameters: gas temperature, 120 °C; gas
flow, 11 L/min; nebulizer gas pressure, 40 psi; sheath gas temperature,
350 °C; sheath gas flow, 12 L/min; capillary voltage, + 3.5 kV and — 4.0
kV. The fragmentor voltage was 380 V for all compounds. Samples were
split into batches that included 50 samples per day. In addition, to assess
the correction of systematic between-batch effects, the same lot number
of formic acid and columns were used. All samples were analyzed with
identical time sequences each day. The concentration of metabolites was
quantified based on a series of external calibration curves generated
daily for each batch with authentic standards. The results for the cali-
bration curve were confirmed to be consistent every day, and then the
samples were analyzed. Samples that were out of the calibration curve
were diluted and reanalyzed. A total of 69 batches were analyzed,
including reanalysis due to instrument stability. Data from further
analysis were included in a total of 59 batches.

2.6. Pathway analysis

Pathway analysis for global profiling results of the WP cohort was
conducted through MetaboAnalyst [19]. Metabolites with p-values less
than 0.05 from t-tests were used as input for the analysis. A hypergeo-
metric test was conducted to evaluate the pathway enrichments based
on Homo sapiens data in the Kyoto Encyclopedia of Genes and Genomes
(KEGG) database [20].

2.7. Network analysis

Unmatched control data were separately processed to build corre-
lation coefficient-based network analysis. Quantified purine-related
metabolites and assessed clinical parameters are represented as nodes
in the network graph. The resampling strategy-based probabilistic
context likelihood of relatedness (PCLR) algorithm [21] and R software
[22] were applied to determine edges between nodes. The built network
was further processed by using Cytoscape [23]. The width and height of
nodes were scaled based on stress centrality measures. Stress centrality
is the number of shortest paths passing through as a proxy measure to
capture the importance of features [24].

2.8. Statistical analysis

We conducted descriptive analysis for each data set. The Wilcoxon
rank sum test or T-test was used to evaluate significance for 5 clinical
variables and 5 serum metabolite levels. In feature selection of the
machine learning procedure, to equivalently process three different
studies, 5 common parameters (age, sex, hypertension, hyperlipidemia,
and diabetes) were used for model development.

Multivariable-adjusted ORs and 95% CIs were estimated using lo-
gistic regression and reported per the standard deviation. In the feature
selection procedure, the cross-validation error (CVerror) from 100
repeated 5-fold cross-validations was exhaustively calculated to find the
best logistic model. Based on the mean AUC from logistic regression by
using 5-fold cross validations, the performance of each model was re-
evaluated.

A Cox proportional hazard model was used for survival analysis, and
the log rank test was performed to compare the survival plots. The
resampling strategy-based PCLR algorithm [21] and R software [22]
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were applied to determine edges between nodes. R 1.2.1335 software
and relevant packages were utilized for all the statistical analyses in this
research [22].

2.9. Ethics committee approval and patient consent

All participants provided written consent before the outset of the
study. The protocol was approved by the Institutional Review Board
(CR105024-026) of Wonju Severance Christian Hospital and the Insti-
tutional Review Board (4-2001-0039) of Yonsei Medical University.

3. Results
3.1. Study design and patient information

The data from three different CAD disease studies, the Wonju and
Pyeongchang (WP) population-based cohort study, Shinchon (SC) case
cohort study, and Shinchon (SC) case control study, were equivalently
collected, quantified and analyzed to understand the possible roles of
metabolic features in improving CAD patient care. In this study, three
datasets were applied to explore the primary and secondary prevention
and diagnosis of CAD (Fig. 1). During enrollment, patient blood samples
were collected for metabolomics analysis, and clinical parameters were
simultaneously assessed (Tables 1-3). A total of 2738 blood samples
from all three datasets were analyzed in 59 batches for three months of
LC-MS operation.

3.2. Purine metabolites as CAD risk prediction biomarkers

WP population data, the largest data set among the three study
groups, were used for discovery of altered metabolic pathways attrib-
uted to CAD. While 2055 participants were tracked for approximately 10
years, 247 people had major adverse cardiac and cerebrovascular events
(MACCESs). Using the plasma samples from the participants, nontargeted
metabolic profiling was performed to identify differential metabolic
features followed by metabolic annotation. After peak alignment and
removal of missing values of ultra-high performance liquid chroma-
tography/quadrupole time-of-flight mass spectrometry (UPLC/QTOF
MS) data, 5109 and 4421 features were detected in positive and negative
mode, respectively. A total of 62 metabolites were identified by
comparing open source databases.

Based on our following pathway analysis, purine metabolism was
identified as the most differentially altered pathway by applying the
analysis module in Metaboanalyst 4.0 (Supplemental Fig. 1) [19]. The
relative abundances of 4 related metabolites, hypoxanthine, inosine,
xanthine, and xanthosine, were associated with MACCEs during the
10-year follow-up period compared to those from normal counterparts.
Next, 4 identified purine-related metabolites from our global profiling
analysis and uric acid were further measured via quantification analysis
based on triple quadrupole (TQ)-MS (Table 4). In this large cohort study,
we found that uric acid and xanthosine were increased and hypoxan-
thine and inosine were decreased in the MACCE group compared to the
non-MACCE group without adjusting for other clinical factors. Consid-
ering that the two groups significantly differed in several baseline
characteristics, our descriptive analysis of purine-related metabolite
levels in blood should be further re-evaluated by our following machine
learning analysis.

3.3. Building CAD risk prediction model

Using quantified purine metabolite concentrations and assessed
clinical features, we performed machine learning analysis to build a
linear model for CAD risk prediction. Since the number of samples with
events was much smaller than the number of normal samples and the
baseline clinical characteristics were not balanced, the same number of
randomly matched normal samples was used for prediction model
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Fig. 1. Flow diagram describing the research process. In the Wonju and Pyeongchang (WP) cohort study, 2738 participants (247 people with CAD events within 10
years and 1814 people without CAD events within 10 years) were enrolled, and all the participants did not have CAD at baseline. Altered metabolic pathways were
identified by global metabolic profiling using UPLC-Q/TOF MS. Purine metabolism was selected as the target pathway. The levels of 5 purine metabolites in par-
ticipants’ plasma were quantified by using UHPLC-TQ MS/MS. Descriptive analysis was performed for 5 metabolite abundances and 5 clinical variables. Logistic
regression-based feature selection model development was performed for risk prediction model development by using 5 metabolic features and 5 clinical features
from 247 event samples and 247 matched normal counterparts. Additionally, correlation-based network analysis was separately performed by using unmatched
normal sample data. In the Shinchon (SC) cohort study, 259 participants (139 CAD patients with MACCEs within 10 years and 120 patients without MACCEs within
10 years) were enrolled, and targeted metabolite profiling was performed. Survival analysis was performed to test the difference in the time to relapse between the
patients diagnosed with angina and the patients diagnosed with MI. Logistic regression-based machine learning model development was performed similar to the WP
cohort to develop a secondary prevention model. Similarly, in the Shinchon (SC) case control study, 424 participants (150 patients with angina and 274 normal
counterparts) were enrolled, and targeted metabolite quantification was performed. Logistic regression-based feature selection was also performed to develop a
diagnostic model.

building by using WP cohort data. The best model and 1-sd rule model
were evaluated based on the cross validation error (CVError) from lo-
gistic regression using 100 repeated 5-fold cross validations (Fig. 2A).
The CVError of the model including only clinical data did not decrease
with an increasing number of features. However, while the machine
learning model selected features from 5 clinical features and 5 metabolic
features together, the CVError instantly decreased with the inclusion of
metabolic features, uric acid and xanthine. The best model with the
smallest CVError was the logistic model with 6 features: sex, age,
hyperlipidemia, diabetes, uric acid and xanthine. Considering the 1-sd
rule to avoid overfitting issues, we could select the model only with
hyperlipidemia, uric acid and xanthine. The estimated adjusted odds
ratios (AORs) of features in our best model describe each metabolic
feature’s independent impact on CAD prevention (Fig. 2B). Elevated

concentrations of uric acid and decreased xanthine levels were inde-
pendently associated with future MACCE risk in the WP cohort group
when age, sex, hyperlipidemia, and diabetes were adjusted.
Additionally, we evaluated the performance of the following three
models: 1) the full model using all 10 features (5 metabolites and 5
clinical variables), 2) a model with only 5 metabolites, and 3) a model
with only 5 clinical variables. Based on the mean are under the curve
(AUQ) from logistic regression by using 5-fold cross validations, the
performance of each model was re-evaluated (Table 5). Similar to
CVerror-based feature selection procedures, the model with age, sex,
hyperlipidemia, diabetes, uric acid and xanthine performed better than
the other models. Again, as the feature selection procedure results show
in Fig. 2A, the mean AUC from cross validations of the model built with
only clinical variables was lower than that of the model built with serum
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Table 1
Baseline characteristics of WP cohort data.
Non-MACCE (n = 1808) MACCE (n = 247) p-
value
Sex (Female) 57.85 57.9 1
Age, years 54 [48,62] 59 [52,64] <
0.0001
Hypertension 17.09 29.55 <
0.0001
Hyperlipidemia 1.60 3.64 0.0477
Diabetes 6.14 10.93 0.0072
Systolic blood 130.0 [110.0140.0] 130.0 [120.0, 0.0147
pressure, mm 140.0]
Hg
Diastolic blood 80.0 [71.0, 90.0] 90.0 [80.0,90.0] 0.0089
pressure, mm
Hg
Total cholesterol, 123.0 [84.0, 187.0] 139.0 [97.5205.0] 0.0312
mmol/L
LDL-C, mmol/L 116.0 [96.0, 137.5] 121.0 [99.5, 0.7423
140.5]
HDL-C, mmol/L 46.0 [39.5, 54.0] 45.0 [38.0, 51.0] 0.0962
Insulin-FBS, 7.20 [5.65, 9.05] 7.20 [5.60, 9.75] 0.7423
mmol/L
Glucose-FBS, 92.0 [85.0, 99.0] 92.0 [85.0102.0] 0.6872
mmol/L

Values are either percentages or medians [25%, 75% quantile]. The p-values are

from the Wilcoxon test.

LDL-C: low-density lipoprotein cholesterol, HDL-C: high-density lipoprotein

cholesterol, insulin-FBS: fasting blood serum insulin level.

Table 2
Baseline characteristics of SC cohort data.
Non-MACCE (n = 120) MACCE (n = 139) p-value
Sex (Female) 24.2 25.9 0.7498
Age, years 63.5 [56,70] 63 [55,69] 0.6023
Hypertension 59.2 61.9 0.6583
Hyperlipidemia 29.2 71.9 0.8449
Diabetes 33.3 38.1 0.4238
Currently smoking 25.8 20.1 0.2778

Values are either percentages or medians [25%, 75% quantile]. The p-values are

from the Wilcoxon test.

Table 3
Baseline characteristics of SC case-control data.
Normal (n = 274) Stable angina (n = 150) p-value
Sex (Female) 21.2 14.0 0.0703
Age, years 63 [55,70] 63 [56,69] 0.8264
Hypertension 52.9 69.3 0.0010
Hyperlipidemia 31.8 42.7 0.0250
Diabetes 32.8 40.0 0.1413

Values are either percentages or medians [25%, 75% quantile]. The p-values are

from the Wilcoxon test.

Table 4
Concentration of serum metabolites in WP cohort data.
Metabolites Non-MACCE MACCE (n = 247) p-value
(n =1808)
Uric acid (uM) 186.89 [149.69, 210.34 [170.03, < 0.0001
229.26] 258.74]
Hypoxanthine 7.54 [3.78, 6.29 [3.22, 0.0096
(uM) 13.27] 11.33]
Xanthine (uM) 1.10 [0.77, 1.64] 1.10 [0.74, 1.65] 0.9128
Inosine (uM) 0.20 [0.09, 0.36] 0.18 [0.08, 0.31] 0.0237
Xanthosine (nM) 24.40 [17.73, 30.37 [149.69, 0.0072
34.62] 29.26]

Values are medians [25%, 75% quantile]. The p-values are from the Wilcoxon

test.
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concentrations of purine metabolites (Table 5).
3.4. Correlation coefficient-based network analysis

To investigate the relationship among our clinical and metabolic
features at the population level, unmatched non-MACCE group data
were separately processed to build correlation coefficient-based network
analysis (Fig. 3). Quantified purine metabolites and assessed clinical
parameters are represented as nodes in the network graph. Interestingly,
xanthine had an association with all four other metabolites, and its stress
measure was larger than that of any other feature. Considering that
xanthine was also selected to build the risk prediction model above,
xanthine may work as a hub metabolite in purine metabolism that is
correlated with other metabolites and clinical features. Furthermore,
uric acid, another selected metabolic feature in our risk prediction
model, was also highlighted, as shown in Fig. 3. Therefore, our
concordant results demonstrated that xanthine and uric acid are repre-
sentative features among our 10 variables, and network analysis results
cautiously provided the reason why xanthine and uric acid should be
included in the CAD risk prediction model.

3.5. Applying selected features to predict the prognosis of stable CAD and
MI patients

To examine whether serum purine metabolites can be applicable for
the development of a secondary prevention model for CAD, equivalent
targeted metabolomics analysis and machine learning analysis were
conducted. At this time, the research was performed by using an SC
cohort study, which included 259 patients with stable CAD (n = 106) or
myocardial infarction (n = 161). The MACCE group refers to a group of
patients with MACCEs during cohort tracking, and the control group
refers to its corresponding counterpart.

The association between previous MI history and MACCEs was tested
by using the log rank test of Kaplan-Meier survival curves (p-value:
0.011, Fig. 4) [25]. Patients who were previously diagnosed with MI had
distinctly earlier MACCEs than patients without an MI diagnosis. If two
groups with different disease histories had been merged for the analysis,
disease history could have been a confounding factor in our statistical
learning process. For this reason, we performed survival analysis via the
Cox proportional hazard model on data from all patients, patients with
MI history, and patients with stable CAD history only separately.
Although the p-value from the estimated hazard ratio of elevated
xanthine levels on MACCE relapse was smaller than the p-values from
other metabolites, all the estimated hazard ratios were not statistically
significant (Supplemental Table 1). Similar to the WP cohort, logistic
regression was also carried out by 5-fold cross validation to build a
model for secondary prevention of CAD patients. Based on the average
AUCGs of the statistical analysis, purine metabolites could be applicable
for the prediction of future MACCE:s in stable MI patients, but they could
be insufficient for secondary prevention in stable CAD patients.
Regardless of the performance of the best models from each group,
intriguingly, xanthine was again included in the best set of features for
both groups (Table 6).

3.6. Applying selected features for MI diagnosis model building

Next, we wanted to determine the following: 1) whether serum pu-
rine metabolite concentration could be applicable to stable CAD diag-
nosis and 2) whether the same set of features are selected for diagnosis
model development, similar to our primary/secondary prevention
models. At this time, SC case-control data were also equivalently pro-
cessed to clarify our research questions. Here, we could develop a
diagnosis model with acceptable performance. The best performing
model was built with 6 features: sex, hypertension, uric acid, hypo-
xanthine, xanthine, and inosine (Fig. 5, Table 7). Interestingly, xanthine
was again selected as a metabolic feature for the stable CAD diagnosis
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Fig. 2. Building model for primary prevention by using logistic regression (5-fold cross validation). Cross validation (CV) error plot of the logistic regression by 100
repeated 5-fold cross validations. (A) using only 5 clinical features. (B) Using all 5 clinical features and 5 metabolic features. (C) OR (95% CI) of CAD per SD of
features in the best model (with the lowest CV error) derived from the WP cohort study.

Table 5
Machine learning models for the primary prevention of CAD (WP cohort).
MACCE risk prediction models Mean AUC
Full model Y ~ Age + Sex + HTN + Lip + DM + Uric acid_uM + Hypoxanthine_uM + Xanthine_uM + Inosine_uM + Xanthosine_nM 0.68
5 metabolites Y ~ Uric acid_uM + Hypoxanthine_uM + Xanthine_uM + Inosine_uM -+ Xanthosine_nM 0.63
Best model Y ~ Age + Sex + HTN + Lip + DM + Uric acid_uM + Xanthine_uM 0.70
1-sd model Y ~ Lip + Uric acid_uM + Xanthine_uM 0.67
Only clinical Y ~ Age + Sex + HTN + Lip + DM 0.59

Hypoxanthine

Xanthine insul_fbs glu_fbs
| |
Uricacid tg —— hdl
1 ——  tchl
| lip
sex —— age
sbp dp— htn - dm

Fig. 3. Correlation coefficient-based network analysis result. Network visuali-
zation of correlation-based relationships among 5 purine-related metabolites
and 13 clinical parameters. The width and height of nodes were scaled using
stress centrality measures.

model, similar to the other two datasets. We cautiously assume that
serum xanthine concentration is one of the key biomarkers representing
altered purine metabolism in CAD patients. However, the directional
effects of serum xanthine concentration for outcome measurement were
not concordant among our three datasets. In the WP cohort data, a lower
serum xanthine level in a person tended to be associated with a higher
probability of having a MACCE from normal baseline within 10 years.
However, an increase in serum xanthine levels was associated with the

recurrence of a MACCE in 11 years or the diagnosis of stable CAD. In
addition, although elevated serum uric acid levels are known to be CAD
biomarkers [26], a decrease in the serum uric acid concentration was
highly correlated with stable CAD diagnosis in our data. Considering the
consistency in the analytical platform and sufficiently low coefficient of
variance values from our LC-MS data (Supplemental Fig. 2), this may be
due to two reasons: 1) different roles of circulating purine metabolites in
primary vs secondary prevention and diagnosis of CAD or 2) changes in
their mutual interaction or interaction with clinical features.

3.7. PCA of three targeted metabolomics datasets applied to prediction
model development

To clarify the differences in our three targeted metabolomics data-
sets, we conducted principal component analysis (PCA) (Fig. 6). As
shown in the PCA plot, the gray colored non-MACCE group from the SC
cohort and the red colored counterpart from the same SC cohort were
different from the other groups in either the WP cohort data or SC case
control data. The PCA plot discrepancy could be attributed to the dif-
ference in the medical history of the participants. The SC cohort study
recruited participants with MACCEs before enrollment, but participants
in the other two studies were either normal participants or patients with
stable CAD at baseline.

4. Discussion

Most importantly, this is the first study to systemically compare
machine learning models derived from the same set of metabolic fea-
tures for primary/secondary prevention and diagnosis of a certain dis-
ease. Since it is technically challenging to generate and quantify
comparable metabolic datasets, there have been no attempts to compare
different characteristics of metabolic features in the prevention or
diagnosis of a disease.

Our work described purine metabolism as a metabolic determinant
of CAD risk prediction via metabolic profiling based on LC-MS and
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Fig. 4. Survival plot of patients previously with
MI (n=106) vs without MI (stable CAD,
n = 153). The probability without MACCEs in
the cohort was analyzed by using the log-rank
test in a survival plot (P-value: 0.011). The
blue line refers to patients previously having
MI, and the red dotted line refers to patients
without MI. Two groups showed significantly
different times to MACCE event results. (For
interpretation of the references to colour in this
figure legend, the reader is referred to the web
version of this article.)

Time

Table 6
Machine learning model for the secondary prevention of CAD patients (SC
cohort).

History Best model Mean AUC
Angina Y ~ Xanthine_uM 0.58
MI Y ~ age + DM + Xanthine_uM 0.71

revisited the association between metabolite features from altered pu-
rine metabolism and CAD. We also applied a targeted MS analysis
platform to quantify the serum concentrations of 5 purine metabolites in
2738 blood samples from three different large datasets. The WP cohort,
SC cohort, and SC case control datasets were analyzed for first/

A

CV Error

Subset Size

100 125

secondary prevention and diagnosis of CAD. These datasets were
equivalently processed to propose prediction models and further pro-
vided the idea that inconsistent metabolic features could be selected for
different stages of disease prevention or diagnosis. The results from our
research support a potential role of purine metabolism-related metabolic
features in predicting 1. the risk of disease at the normal baseline, 2.
relapse of a MACCE in patients with MI history, and 3. the possibility of
stable CAD. In contrast, our research simultaneously proposed the lim-
itation of purine-related metabolic features on developing machine
learning models for secondary prevention in stable CAD patients, who
have relatively mild symptoms.

Although previous studies have introduced machine-learning algo-
rithms for the diagnosis of CAD [10,11,27], we first demonstrated the
role of serum metabolites as features in the models for the diagnosis and
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Fig. 5. Building model for angina diagnosis by using logistic regression (5-fold cross validation). (A) Cross validation (CV) error plot of the logistic regression by 100
repeated 5-fold cross validations. using all 5 clinical features and 5 metabolic features. (B) OR (95% CI) of CAD per SD of features in the best model (with the lowest

CV error) derived from the SC case-control study.
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Table 7
Stable CAD diagnosis model development results (SC case-control).
Angina diagnosis models Mean AUC
Full model Y ~ Age + Sex + HTN + Lip + DM + Uric acid_uM + Hypoxanthine_uM + Xanthine_uM + Inosine_uM + Xanthosine_nM 0.68
5 metabolites Y ~ Uric acid_uM + Hypoxanthine_uM + Xanthine_uM + Inosine_uM + Xanthosine_nM 0.63
Best model Y ~ Sex + HTN + Uric acid_uM + Hypoxanthine_uM + Xanthine_uM + Inosine_uM 0.70
1-sd model Y ~ HTN + Uric acid_uM 0.67
Only clinical Y ~ Age + Sex + HTN + Lip + DM 0.59

2D PCA-plot from 3 dataset

Outcomes
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Fig. 6. PCA result from 3 datasets. w_0: non-MACCE group in the WP cohort
study (n = 247), w_1: MACCE group in the WP cohort study (n = 247), sc_1:
non-MACCE group in the SC cohort study (n = 120), sc_2: MACCE group in the
SC cohort study (n = 139), sc_3: non-MACCE group in the SC case control study
(n = 274), sc_4: MACCE group in the SC case control study (n = 150). (For
interpretation of the references to colour in this figure, the reader is referred to
the web version of this article.)

primary/secondary prevention of CAD based on large-sized pop-
ulation-level cohort data. Recently, deep learning methods have often
been applied to the analysis of angiography or electrocardiogram (ECG)
signals for the diagnosis of CAD [27-32]. However, medical decisions
based on cardio images or signals limit the decision about the diagnosis
of the current medical status. In contrast, metabolomics has been
considered an emerging technology in the prevention of cancer or other
metabolic diseases, including CAD [33,34]. However, due to the scarcity
of metabolomics from large-sized, population-based cohort data, there is
still extensive research to be performed.

Over a decade, our knowledge of purine metabolism disorders in
CAD continues to grow. It is known that ubiquitous xanthine oxidase
(XO) controls the rate-limiting step of purine catabolism [35,36]. Since
XO transfers electrons from hypoxanthine or xanthine to oxygen and
NAD+, the generated powerful oxidant could cause cardiac tissue
damage [37]. Defects in XO are known to be associated with type I
xanthinuria and blood pressure changes [38,39]. Researchers suggest
that hypoxia due to ischemia results in enhanced ATP catabolism and
increases the hypoxanthine level [40]. Reperfusion after ischemia could
cause ischemia-reperfusion injury by XO-generated ROS [41]. Interest-
ingly, xanthine was consistently selected as a major metabolic deter-
minant for our prediction models from three different datasets. Turgan
et al. demonstrated an association between elevated urinary xanthine
levels and acute coronary syndromes. In addition, they demonstrated
that xanthine was negatively correlated with uric acid only in patients
but not in healthy controls [42]. Intriguingly, although we could not
observe a negative correlation between the levels of xanthine and uric
acid in blood, their directional effects for CAD were always opposite in
our three different datasets. In fact, the association between serum XO or
uric acid levels and CAD has often been investigated in prior studies, but
serum xanthine levels were first demonstrated as a notable biomarker

for CAD in our research.

Furthermore, uric acid, the ultimate product of purine catabolism,
was also selected as a feature in models for CAD risk prediction and
diagnosis of stable CAD. Uric acid is known to be a strong antioxidant
[43,44], but elevated serum uric acid is associated with CAD and its
known risk factors, such as hypertension, renal disease, metabolic syn-
drome, and oxidative stress [26]. In our results, we identified a positive
correlation between serum uric acid and CAD risk in a WP cohort study
when serum xanthine level and 4 clinical variables, age, sex, hyperlip-
idemia, and diabetes, were adjusted in the model. However, in the SC
case-control study, a decrease in serum uric acid was significantly
associated with stable CAD diagnosis when hypoxanthine, inosine,
xanthine and 2 clinical variables, sex and hypertension, were included in
the prediction model. Since it is debated that serum uric acid level is an
independent factor of CAD [45], the observed negative correlation be-
tween uric acid and stable angina diagnosis in our machine learning
model could be affected by the inclusion of hypertension or other
metabolite features. Importantly, as a feature selection procedure was
conducted in our research, the most informative set of features was
identified for model development, and our approach tentatively avoids
referring to an indirect factor as a determinant of multifactor diseases,
such as CAD.

In addition, in the case of patients already diagnosed with CAD or
related metabolic disease, their medication is to be reported during the
data acquisition step to avoid distorting the role of features in the
pathological environment [46,47]. Possible associations between the
metabolic biomarkers and phenotypes could be confounded by the
prescribed drugs for CAD or other metabolic diseases, such as kidney
disease, hypertension or diabetes. Therefore, our proposed estimation of
the adjusted odds ratio from multiple regression could be more appli-
cable to CAD patient care than the simple odds of each feature.

In fact, our machine-learning results highlighted the possible
opposing effects of metabolic features on CAD outcomes at different
disease prevention phases. It is worth noting that studies have already
reported the opposing effects of clinical parameters and microRNA
features in the primary and secondary prevention of CAD [48,49].
Circulating MIR-197 and MIR-223 were reported to be associated with
MI, and their reported HR directions for primary and secondary pre-
vention were not consistent. HRs in primary MI prevention were esti-
mated as less than one, but those in secondary prevention were
estimated as greater than one. Similarly, Xia et al. reported the incon-
sistent impact of clinical parameters (sex) on primary and secondary
CVD prevention [50]. Therefore, we suggest that it is plausible to find
the same features with opposing effects when machine-learning algo-
rithms estimate prediction models for different prevention phases. This
evidence suggests that biomarker discovery should be conducted by
using appropriate datasets for the aim of a study. For example, when we
explore the prediction biomarker for disease risk, the biomarker from a
case-control study is inadequate for research purposes.

5. Conclusions
We equivalently processed three large datasets in a controlled

manner and found that purine metabolism is associated with CAD dis-
ease risk and status. In particular, xanthine was a determinant metabolic



S. Jung et al.

feature for the developed machine learning models in our cohort data-
sets and for that in the case control data set. This study is the first
attempt to systemically compare the roles of metabolic biomarkers in
three datasets with different research aims. Since metabolite quantifi-
cation can be easily biased by experimental procedures, establishing a
high level of reproducibility is analytically challenging in this type of
research using a couple of large datasets. For this reason, our initial
research first provides evidence that xanthine and uric acid show
opposing effects in machine learning models for primary and secondary
CAD prevention. Furthermore, potentially the same research strategy
could be also valid for other biomarker studies. Our results can extend
our knowledge to appreciate possible changes in the role of metabolic
features in machine learning model developments for primary/second-
ary prevention or diagnosis of other diseases.
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