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Objective: To validate independent associations between branched-chain amino acids (BCAA) and other
metabolites with coronary artery disease (CAD).
Methods: We conducted mass-spectrometry-based proﬁling of 63 metabolites in fasting plasma from
1983 sequential patients undergoing cardiac catheterization. Signiﬁcant CAD was deﬁned as
CADindex  32 (at least one vessel with 95% stenosis; N ¼ 995) and no CAD as CADindex  23 and no
previous cardiac events (N ¼ 610). Individuals (N ¼ 378) with CAD severity between these extremes were
excluded. Principal components analysis (PCA) reduced large numbers of correlated metabolites into
uncorrelated factors. Association between metabolite factors and signiﬁcant CAD vs. no CAD was tested
using logistic regression; and between metabolite factors and severity of CAD was tested using linear
regression.
Results: Of twelve PCA-derived metabolite factors, two were associated with CAD in multivariable
models: factor 10, composed of BCAA (adjusted odds ratio, OR, 1.20; 95% CI 1.05e1.35, p ¼ 0.005) and
factor 7, composed of short-chain acylcarnitines, which include byproducts of BCAA metabolism
(adjusted OR 1.30; 95% CI 1.14e1.48, p ¼ 0.001). After adjustment for glycated albumin (marker of insulin
resistance [IR]) both factors 7 (p ¼ 0.0001) and 10 (p ¼ 0.004) remained associated with CAD. Severity of
CAD as a continuous variable (including patients with non-obstructive disease) was associated with
metabolite factors 2, 3, 6, 7, 8 and 9; only factors 7 and 10 were associated in multivariable models.
Conclusions: We validated the independent association of metabolites involved in BCAA metabolism
with CAD extremes. These metabolites may be reporting on novel mechanisms of CAD pathogenesis that
are independent of IR and diabetes.
Ó 2013 Published by Elsevier Ireland Ltd.
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CAD is the leading cause of death in developed countries and is
projected to become the largest cause of mortality in some
developing countries by the year 2015 [1,2]. CAD is a complex,
heritable disease and CAD risk models remain incomplete. As
such, metabolomics (the study of small-molecule metabolites that
are byproducts of cellular metabolism) could be instrumental in
better understanding the development of CAD and identifying
factors that discriminate the severity of CAD lesions noninvasively.
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We previously used targeted, quantitative metabolic proﬁling in
a caseecontrol study of CAD [3]. In that study, we found that a PCA
derived metabolite factor composed of BCAA and related metabolites, and another factor composed of some amino acids involved in
the urea cycle pathway, were associated with extremes of CAD
burden after adjusting for known clinical risk factors. We sought to
validate these ﬁndings using a similarly-selected nested-casee
control population with extremes of CAD. These individuals were
selected from within a larger, sequential cohort of individuals
referred for cardiac catheterization at Duke University Medical
Center (DUMC). This analysis was carried out as a component of the
Measurement to Understand Reclassiﬁcation of Disease of Cabarrus
and Kannapolis Horizon 1 Cardiovascular Disease Study (MURDOCK CV) [4]. To better understand the relationship of metabolite
factors with CAD burden, we also conducted an exploratory analysis to evaluate the relationship of CAD severity as a continuous
variable with metabolite factor levels in the entire cohort.
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2. Methods
Cohort of CATHGEN
participants (n = 2023)

The CATHGEN biorepository consists of consenting, consecutive
patients who underwent cardiac catheterization at DUMC between
2001 and 2010. All subjects were fasting for at least 6 h and arterial
blood was collected through the femoral sheath at the time of catheterization. The blood samples were immediately chilled to 4  C,
centrifuged (within 30 min of collection), plasma separated, aliquoted,
and frozen at 80  C. As part of the MURDOCK CV study, 2023
sequential CATHGEN participants recruited between 2004 and 2007
were selected for study [4]. Of these, 40 individuals were participants
in our previous caseecontrol study and were excluded from the analyses, leaving 1983 individuals (Fig. 1).The Duke Databank for Cardiovascular Disease (DDCD), provided data on demographics, medical
history, angiographic ﬁndings and longitudinal follow-up.
Given our primary goal of validation, cases and controls were
deﬁned in a similar manner to our previous caseecontrol study [3].
Speciﬁcally, cases with signiﬁcant CAD were deﬁned as individuals
with a CADindex  32 (i.e. at least one epicardial coronary artery
with 95% stenosis), where CADindex is a numeric summary of the
angiographic extent of CAD [5]. Controls were deﬁned as having a
CADindex  23 (no individual epicardial coronary artery with >50%
stenosis) and no history of prior or subsequent myocardial infarction, percutaneous coronary intervention, coronary artery bypass,
heart transplant or peripheral vascular disease resulting in 995
cases with signiﬁcant obstructive CAD and 610 control patients
without signiﬁcant obstructive CAD or history of adverse cardiovascular outcomes for primary validation analyses (Fig. 1). The 378
patients with intermediate degrees of CAD who did not meet
criteria for either case or control group were excluded from the
primary validation analysis. Exploratory analyses included the
entire cohort to assess whether the severity of CAD as a continuous
independent variable was associated with metabolite factor levels
(dependent variable).
The Duke University Institutional Review Board (IRB) approved
both the CATHGEN biorepository and the MURDOCK CV study.
Written informed consent was obtained from all subjects for
participation in the CATHGEN biorepository. The MURDOCK CV
study was approved with a waiver of informed consent and HIPAA
authorization.
2.2. Laboratory methods
Quantitative, targeted mass-spectrometry based metabolite
proﬁling [6], was used to measure levels of 45 acylcarnitines, 15

CAD severity

2.1. Study population

Excluded (n = 150)
Missing CAD index values
(n = 110)
Participants of previous
study (n = 40)
Participants in CAD severity analysis
(n=1873)
Fig. 1. Participants included in sub groups.

amino acids and three conventional metabolites (ketones, nonesteriﬁed fatty acids and b-hydroxybutyrate) as a part of the main
MURDOCK CV study [4].Conventional metabolites were assayed on
a BeckmaneCoulter DxC600 clinical chemistry analyzer with reagents from Wako (Richmond, VA). Methodology and coefﬁcients
of variation for each assay have been reported [6,7]. Massspectroscopy (MS) metabolite measurement for acylcarnitines
and amino acids used previously reported methods [8,9]. The laboratory (Sarah W. Stedman Nutrition and Metabolism Center, Duke
Institute of Molecular Physiology metabolomics/biomarker core
laboratory) was blinded to clinical data at the time of proﬁling.
Glycated albumin was measured using the method described by T.
Kouzuma et al. [10]. Serum was added to albumin digestion reagent,
incubated and absorbance measured at 546 nm. Then ketoamine
oxidase reagent was added, incubated, and absorbance measured
again at 546 nm. The difference between measurements was
calculated, and the concentration of glycated albumin was determined by comparison to a calibration curve. Total albumin in the
sample was determined by the addition of serum to bromocresol
green, incubation and absorbance measurement at 660 nm; followed by concentration determined by comparison to a calibration
curve. The percentage of glycated albumin was determined by a
simple ratio of these two measurements.
2.3. Statistical analysis
Metabolites with >25% of values reported as “0” (i.e. below the
lower limits of quantiﬁcation) were not further analyzed (C6 and
C7-DC acylcarnitines). To reduce the large number of correlated
metabolites residing in overlapping pathways into a smaller
number of uncorrelated factors, PCA was used [3,6,7,11]. PCA factors
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with an eigenvalue 1.0 were retained based on the commonly
used Kaiser criterion [12]. Varimax rotation was used to produce
interpretable factors [13]. Individual metabolites with an absolute
value for factor load of 0.4 were reported as composing a given
factor. Scoring coefﬁcients were constructed and used to calculate
factors cores for each individual (weighted sum of the standardized
metabolites within that factor, weighted on the factor loading for
each metabolite). In exploratory analyses, partial least squares (PLS)
analyses were also used as an alternative method for data reduction. To validate the association of metabolite factors and individual
metabolites univariable and multivariable logistic regression
models, adjusting for traditional CAD risk factors (age, sex, race,
BMI, dyslipidemia, hypertension, diabetes, family history of CAD,
and smoking) were constructed. Given the known role of one of our
key metabolite factors (BCAA) in IR and diabetes, and that the
diabetes variable included in the multivariable model is a clinical
diagnosis that may underestimate the presence of IR; we further
adjusted for glycated albumin in the multivariable logistic regression models.
To evaluate the association of metabolite factor levels with
CAD severity (CADindex) as a continuous variable in the entire
cohort of 1983 patients, univariable and multivariable linear
regression models were constructed with the PCA factor levels as
continuous dependent variables. The relationship of CADindex
with PCA factors (factors 6, 7 and 10) as observed from box-andwhisker plots was not perfectly linear; hence we explored using
CADindex with and without spline transformation (had only a
modest impact on the linearity of the relationship). We also
explored using CADindex as a dependent and independent variable in linear regression models. Regardless of analytic technique,
we found similar results. In this full cohort, we also assessed the
association of number of diseased vessels on angiography as
another measure of the severity of CAD with metabolite factor
levels using linear regression.
Our primary objective was focused on validation of our previous
ﬁndings; the analyses of metabolite factors with CAD severity was a
priori deﬁned as exploratory.
All statistical analyses were performed using SAS version 9.1
(Cary NC). A p value <0.05 was considered statistically signiﬁcant.
No adjustments were made for multiple comparisons as our analyses are focused on replicating previous ﬁndings and statistical
signiﬁcance is aimed at the beta for the PCA factors.
3. Results
The baseline clinical characteristics of the overall MURDOCK CV
study population were previously presented [4]. Table 1 presents
clinical characteristics of the CAD cases and controls used in this
study. As expected, CAD cases had higher rates of clinical risk factors than controls, with the exception of low-density lipoprotein
(LDL) cholesterol [14].
3.1. Derivation of metabolite factors
PCA retained twelve metabolite factors (Table 2). Although these
factors represented metabolites grouping in biologically plausible
pathways, the factors were slightly different from the twelve PCA
factors generated in our previous study [3]. Speciﬁcally the BCAA
factor from our previous study (composed of phenylalanine, tyrosine, leucine/isoleucine, methionine, valine, C5 acylcarnitine, and
alanine), grouped into three different factors in the PCA analysis for
the current study, namely factor 6 (valine, leucine/isoleucine,
methionine, phenylalanine, and tyrosine), factor 10 (valine, leucine/
isoleucine, and glutamate/glutamine), and factor 7 (C3 and C5
acylcarnitines, byproducts of mitochondrial BCAA catabolism)
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Table 1
Baseline clinical characteristics of the caseecontrol study population.

Age, mean (SD)
Sex, %male
Race, % white
Hypertension, %
Diabetes, %
Family history of CAD, %
Current smoking, %
Body mass index, mean (SD)
CADindex, mean (SD)
No. of coronary arteries
with >75% stenosis
0
1
2
3
History of MI, %
History of dyslipidemia, %
Total cholesterol, mean (SD)
LDL cholesterol, mean (SD)
HDL cholesterol, mean (SD)
Triglycerides, mean (SD)

Cases

Controls

(N ¼ 995)

(N ¼ 610)

64.5 (10.9)
71.4
78.6
72.3
34.1
41.2
52.2
29.5 (6.5)
52.7 (18.5)

57.0 (11.7)
45.6
63.4
61.2
26.6
28.2
36.4
30.9 (8.2)
4.1 (8.2)

0
285
310
398
37.9
68.0
148.2 (39.9)
90.1 (32.8)
32.1 (11.7)
134.9 (100.6)

555
0
0
0
0
42.6
159.0 (37.1)
97.9 (31.4)
36.6 (12.6)
118.0 (77.5)

p*

<0.0001
<0.0001
<0.0001
<0.0001
0.0016
<0.0001
<0.0001
0.0005
<0.0001
<0.0001

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
0.0002

*p-Value for difference between cases and controls.

(Table 2). The components of factor 9 containing amino acids
reporting on the urea cycle (arginine, histidine, citrulline, and Ci4DC: C4-DC) from the previous study did not group into any one
factor in our PCA analysis; thus, we analyzed the individual metabolites from this factor in the current study.
3.2. Association of PCA metabolite factors with signiﬁcant CAD
In univariable analyses, factors 2, 3, 6, 7, 8, 9, and 10 were
signiﬁcantly associated with CAD (Table 3). Of these, factor 7 (short
chain acylcarnitines, OR 1.30 [95% CI 1.14e1.48], P ¼ 0.0001) and
factor 10 (BCAA, OR 1.20 [95% CI 1.05e1.35], p ¼ 0.005) remained
signiﬁcant in multivariable models (Table 3). After further adjustment for glycated albumin, factor 7 (OR 1.31 [95% CI 1.14e1.50],
p ¼ 0.0001) and factor 10 (OR 1.21 [95% CI 1.06e1.37], p ¼ 0.004)
remained associated with CAD. While the primary goal of this study
was validation of our previous PCA-derived results, we also performed exploratory analyses using partial least squares (PLS) for
data reduction. PLS analyses showed that 13% of the “outcome” of
CAD could be explained by 15 metabolite factors. The top two PLSderived factors combined explained 7% of the outcome, with one
composed of several metabolites including Ci4-DC/C4-DC and
citrulline (two of the “urea cycle factor” metabolites from the
original paper), and the second one composed of the BCAA, aromatic amino acids (methionine, phenylalanine), glutamate/glutamine and C3 and C5 acylcarnitines, all of which are metabolites
which composed the “BCAA factor” identiﬁed from our previous
work. Thus, these PLS analyses corroborated our PCA results and
also validated the ﬁndings from our previous work.
3.3. Relationship of individual metabolites of factor 9 with
signiﬁcant CAD
When we examined the individual associations of the factor
9 from our previous work (arginine, histidine, citrulline and
Ci4-DC/:C4DC) with CAD, we found that the levels of citrulline
and Ci4-DC/:C4DC were higher in severe CAD cases than controls in univariable analysis, but not in multivariable models
(Appendix 1).
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Table 2
Comparison of the metabolite factors generated by PCA with factors generated from previous cohort study by Shah et al. [3].
Factor

Sequential cohort (N ¼ 1983)

Cohort study (N ¼ 388)

Description

Component metabolitesa

Eigenvalue

Varianceb

Description

Component metabolitesa

1

Medium chain
acylcarnitines

C8, C10:1, C10, C12:1, C12, C14:2, C14:1,
C14, C14:1-OH/C12:1-DC, C16:2, C16:1

14.19

23.3

Medium chain
acylcarnitines

2

Short chain
dicarboxyl
acylcarnitines
Long chain dicarboxyl
acylcarnitines

Cit, C5OH/C3-DC, Ci4-DC/C4-DC, C5-DC,
C6-DC, C10:3, C10:2, C10-OH/C8-DC,
C12-OH/C10-DC, C6:1-DC/C8:1-OH, C8:1-DC
C12-OH/C10-DC, C14-OH/C12-DC,
C16-OH/C14-DC, C18:1-OH/C16:1-DC,
C18-OH/C16-DC,
C20, C20:1-OH/C18:1-DC, C20-OH/C18-DC
Ala, C2, C4-OH, Hbut, Ket

6.45

10.5

Long chain
acylcarnitines

C8, C10:1, C12, C10, C12:1,
C10-OH:C8DC, C6-DC, C8:1-DC,
C14:1, C14:2, C8:1-OH/C6:1-DC,
C2 acylcarnitines
C18:1, C18:2, C18, C16, C16:1,
C20:4, C14:1, C14:2, C16:2, C14:1-OH

5.12

8.4

4.06

6.7

3

4

Ketone related

5

Long chain acylcarnitines

6

Branched chain amino
acids &
related metabolites
Short chain acylcarnitines
Amino acid factor

7
8
9
10

11
12

Medium chain
acylcarnitines
Branched chain amino
acids &
related metabolites
Misc
Non-esteriﬁed
fatty acids

C16, C18:2, C18:1, C18, C20:4,
C16:1-OH/C14:1-DC
Val, Leu/Ile, Met, Phe, Tyr

2.66

4.4

2.54

4.1

Long chain
dicarboxyl/
hydroxyl
acylcarnitines
BCAA
Related
Ketone
related
Various

C3, C4/Ci4, C5’s
Gly, Ser, Pro, His, Orn, Arg, Cit

1.86
1.60

3.1
2.6

Amino acids
Dicarboxyls

C8:1, C10:3, C10:2, C10:1

1.36

2.2

Val, Leu/Ile, Glx

1.30

2.1

Urea cycle
related
Short chain
acylcarnitines

Asx, C5:1, C22
Pro, C22, NEFA, Ala

1.24
1.19

2.1
1.6

Various
Various

C18-OH/C16-DC, C20-OH/C18-DC,
C20:1-OH/C18:1-DC, C16-OH/C14-DC,
C18:1-OH/C16:1-DC, C14-OH/C12-DC,
C12-OH:C10-DC, C14:1-OH, C20
Phe, Tyr, Leu/Ile, Met, Val, C5, Ala
Ket, Hbut, Ala (), C2, C4:OH, C14:1
C8:1, C10:3

Ser, Gly, FFA ()
C5-DC, C8:1-OH/C6:1-DC, Cit,
C8:1-DC, C6-DC
Arg, His, Cit, Ci4-DC:C4DC ()
C3, C4:Ci4, C5

C5:1, C18:2-OH (), C22 ()
Asx, C22

The 12 metabolite factors generated by PCA, their description, individual components, eigen-values and variance explained by each PCA factor.
a
Only metabolites with jfactor loadj  0.4 for a speciﬁc that factor are listed, in order of magnitude of load for that factor; and a negative factor load for that factor is
annotated with a ().
b
Proportion of variance explained by that factor.

3.4. Association of PCA factors with severity of CAD as a continuous
measure

7 (short-chain acylcarnitines, p ¼ 0.0003) and factor 10 (BCAA,
p ¼ 0.01) (Appendix 2).

A higher CADindex was signiﬁcantly associated with levels of
factors 2, 3, 6, 7, 8, and 9 in univariable models (Table 4). After
multivariable adjustment, severity of CAD was only signiﬁcantly
associated with levels of factor 7 (short chain acylcarnitines,
p ¼ 0.0003) and factor 10 (BCAA, p ¼ 0.02; not signiﬁcant in univariable modeling) (Table 4).
Further, from univariable linear regression models we found
that severity of CAD as measured by the number of diseased vessels
was signiﬁcantly associated with levels of factors 2, 3, 7, 9 and 10.
After covariate adjustment, the severity of CAD as measured by
number of diseased vessels was signiﬁcantly associated with factor

4. Discussion
In this study we validated results from our previous smaller
caseecontrol study using patients from a large sequential cohort.
We found metabolites within the BCAA catabolic pathway are
independently associated with signiﬁcant CAD and expanded our
previous ﬁndings by including a more detailed assessment of
glucose control (glycated albumin). These results lend support to
the hypothesis that these metabolites may mediate CAD development independently of their relationship with IR and diabetes. We
also showed that our observations hold up when evaluating the

Table 3
Univariable and multivariable associations of PCA factors with CAD case status.
Factor

Name

1
2
3
4
5
6
7
8
9
10
11
12

Medium chain acylcarnitines
Short chain dicarboxyl acylcarnitines
Long chain dicarboxyl acylcarnitines
Ketone related
Long chain acylcarnitines
Branched chain amino acids & related metabolites
Short chain acylcarnitines
Amino acid factor
Medium chain acylcarnitines
Branched chain amino acids & related metabolites
Misc
Non-esteriﬁed fatty acids

Multivariablea

Univariable
OR (95% CI)

p value

OR (95% CI)

p value

1.00
1.13
1.40
0.99
1.06
1.12
1.42
1.14
1.13
1.13
0.91
1.09

0.93
0.04
0.0002
0.84
0.32
0.02
0.0001
0.01
0.02
0.02
0.06
0.12

0.95 (0.84, 1.07)
1.05 (0.94, 1.18)
1.14 (0.97, 1.35)
0.95 (0.84, 1.06)
0.96 (0.85, 1.08)
0.96 (0.85, 1.08)
1.30 (1.14, 1.48)
1.09(0.97, 1.23)
1.05 (0.93, 1.19)
1.20 (1.05, 1.35)
0.95 (0.85, 1.07)
1.08 (0.96, 1.21)

0.36
0.37
0.11
0.35
0.46
0.51
0.0001
0.15
0.46
0.005
0.41
0.21

(0.90, 1.10)
(1.01, 1.27)
(1.18, 1.67)
(0.89, 1.10)
(0.95, 1.18)
(1.02, 1.24)
(1.26, 1.59)
(1.03, 1.27)
(1.02, 1.25)
(1.02, 1.25)
(0.82, 1.01)
(0.98, 1.20)

a
Adjusted for age, race, sex, diabetes, hypertension, smoking, dyslipidemia, family history of CAD, and BMI. Values in bold represent factors that remained signiﬁcantly
associated with CAD in multivariable models.
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Table 4
Univariable and multivariable associations of CADindex with PCA factor levels.
Factor

1
2
3
5
6
7
8
9
10
11
12

Name

Medium chain acylcarnitines
Short chain dicarboxyl acylcarnitines
Long chain dicarboxyl acylcarnitines
Ketone related
Long chain acylcarnitines
Branched chain amino acids & related metabolites
Short chain acylcarnitines
Amino acid factor
Medium chain acylcarnitines
Branched chain amino acids & related metabolites
Misc
Non-esteriﬁed fatty acids

Multivariablea

Univariable

b, SE

p value

b, SE

p value

0.0001, 0.001
0.002, 0.001
0.003, 0.001
0.001, 0.001
0.001, 0.001
0.002, 0.001
0.005, 0.001
0.002, 0.001
0.002, 0.001
0.002, 0.001
0.001, 0.0009
0.002, 0.0009

0.95
0.008
0.0002
0.20
0.15
0.05
<0.0001
0.02
0.006
0.08
0.18
0.09

0.001, 0.001
0.001, 0.001
0.002, 0.001
0.0005, 0.001
0.0002, 0.001
0.0008, 0.001
0.003, 0.001
0.002, 0.001
0.001, 0.001
0.002, 0.001
0.0000, 0.001
0.001, 0.001

0.28
0.24
0.11
0.60
0.86
0.37
0.0003
0.08
0.21
0.02
0.99
0.12

a
Adjusted for age, race, sex, diabetes, hypertension, smoking, dyslipidemia, family history of CAD, and BMI. Values in bold represent factors that remained signiﬁcantly
associated with CAD in multivariable models.

association of metabolite factors with the continuous range of CAD
severity, not just extremes of phenotype.
4.1. Association of BCAA with CAD, independent of IR or diabetes
BCAA and related metabolites have been strongly associated
with IR in multiple studies [6,15e17]. Elevated BCAA levels were
observed in diabetes patients compared with controls in a German
cohort [18] and BCAA predicted incident diabetes in a prospective
cohort study [19]. Elevations in BCAA levels were signiﬁcantly
associated with BMI and with IR after adjusting for BMI, sex, and
pubertal stage in children [20]. In the Cardiovascular Risk in Young
Finns Study, BCAA were demonstrated to be associated with IR in
young, normoglycemic adults [21].
The diabetes variable included in our previous study was a
clinical diagnosis that may have underestimated the prevalence of
IR and diabetes. We further adjusted for glycated albumin to assess
the independent association between BCAA and CAD in this study.
Glycated albumin is a non-traditional glycemic marker shown to be
more useful than hemoglobin A1C for monitoring blood glucose
control in patients with poorly-controlled type 2 diabetes; being
similar to hemoglobin A1C but integrates over a shorter period of
time (14 days vs. 90 days) [22]. Both factors 7 and 10 remained
signiﬁcantly associated with CAD case status after additionally
adjusting for glycated albumin, suggesting that the BCAA factor is
associated with CAD independent of its relationship with IR, a
known risk factor for development of CAD.
4.2. BCAA and IR
BCAA are essential amino acids derived from the diet that play
an important role in the synthesis of peptides, sterols, ketones, and
glucose [23]. In particular, leucine and isoleucine are involved in cell
signaling, inﬂuencing cellular metabolism, protein synthesis and
cell growth [6,24,25]. Isoleucine acts a nutrient regulator of glucose
metabolism and isoleucine signaling is involved in the acceleration
of metabolism of glucose [26]. Supplementation of BCAA in rats
promoted IR [6] and similar observations were made in humans [6],
primarily via chronic stimulation of the mTOR pathway and
possibly by the activation of JNK in rats [6]. Branched chain keto
acids presumably have a direct effect on mitochondrial function and
cell viability, the exact mechanism of which is yet unknown [27].
4.3. BCAA and IR, independent of overweight/obesity
Studying 74 obese and 67 lean individuals, BCAA were associated with IR after adjusting for obesity [6]. Gastric bypass surgery

resulted in better glycemic control and lower BCAA levels in
morbidly obese and type 2 diabetes patients than equivalent
weight loss from dietary interventions [28]. BCAA predicted the
degree of improvement in IR following weight loss [28].

4.4. Validation of previous study
Of note, the BCAA factor identiﬁed in our previous study was
composed of the BCAA valine and leucine/isoleucine, the aromatic
amino acids phenylalanine and tyrosine (which share a transporter
with the BCAA), C5 acylcarnitine, methionine, and alanine. In our
current study, possibly due to the larger sample size facilitating
resolution of clustered metabolites, this factor was split into three
components, each with biological plausibility [1]: factor 6 (combination of BCAA and aromatic acids, which may be reporting on
the pathway of shared transport) [2]; factor 7 (C3 and C5 acylcarnitines, which include byproducts of mitochondrial BCAA catabolism); and [3] factor 10 (BCAA, and glutamate/glutamine, the
byproduct of the initial step of mitochondrial BCAA metabolism).
We found statistical association only of factors 7 and 10 with case
status, both of which report on mitochondrial BCAA catabolism,
whereas factor 6 may be reporting on the shared transport mechanism with aromatic amino acids. Nevertheless, the concordance of
ﬁndings for these metabolite factors with CAD in our validation
cohort provides support for the role of these metabolites in cardiovascular disease. We also note that while the primary goal of the
current study was validation of the prior results, the full multivariable results for factors 7 and 10 adjusted for cardiovascular risk
factors and glycated albumin would survive Bonferroni correction
at the level of 12 factors (p  0.004), supporting the robustness of
these metabolites for CAD discrimination.
In our previous work, we had also found that a “urea cycle factor”
(this factor had a strong load of arginine and may be reporting on
amino acid and ammonia metabolism in the urea cycle) was independently associated with CAD severity; however, these metabolites
did not cluster into one factor in the current study. Analysis of the
individual metabolites revealed that citrulline and Ci4-DC:C4DC
acylcarnitine were signiﬁcantly associated with CAD severity in
unadjusted analysis, but not after adjusting for clinical covariates.
In exploratory analyses and to capitalize on the full sequential
cohort, we assessed whether the complete range of severity of CAD
was associated with metabolite factor levels. Although there were
statistically signiﬁcant associations of CADindex with factors 7 and
10, it was in the absence of a clear linear relationship between
increasing CAD severity and metabolite factor levels. Spline transformations of the data did not improve the linearity of the relationship, nor did it change the effect estimate considerably. Further,
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for factors 7 and 10 when evaluating number of diseased vessels
reﬂecting CAD severity, we found signiﬁcant associations. However,
means of factor levels were primarily different between subjects
with no diseased vessels (lower factor means) and any diseased
vessels. The means of factor levels did not increase progressively
with an increase in the number of diseased vessels. Thus, we
conclude that the relationships across the whole range of severity
of CAD as measured by CADindex or number of diseased vessels
with metabolite factor levels is not strong as the association of
metabolite levels with extremes of the CAD phenotype used in our
caseecontrol analysis.
4.5. Strengths and limitations
We recognize there are limitations to our study. The study
population was a convenience sample of individuals referred for
cardiac catheterization for concern of CAD. This population represents people who have a high burden of cardiovascular risk factors.
However, the detailed angiographic phenotype is a deﬁnite
strength. Though we did not account for dietary and environmental
variations in metabolite levels in our study, all samples were
collected from patients in a fasting state, and all metabolite
proﬁling was done in a single batch to avoid batch effect confounders. We did not adjust for medication use or lipids in our
analyses, as similar adjustments in our previous work showed
minimal inﬂuence on associations of factors with CAD [3]. This is
the largest study to date of metabolic proﬁling in CAD. The use of a
high-throughput molecular technology (a quantitative, targeted
metabolomic platform) has allowed us to identify metabolic signatures that independently discriminate extremes of CAD severity
and validate our results from exploratory analyses in smaller
sample sets. These ﬁndings could help in understanding the
mechanisms of CAD development.
5. Conclusions
We have validated our previous ﬁndings showing BCAAs and
related metabolites are independently associated with extremes of
CAD severity, even after adjusting for diabetes and measures of IR.
More studies are needed to elucidate the underlying biologic
pathways that mediate the association of BCAAs with CAD severity.
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