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BACKGROUND: Cholesterol efflux capacity (CEC) is a
measure of HDL function that, in cell-based studies, has
demonstrated an inverse association with cardiovascular
disease. The cell-based measure of CEC is complex and
low-throughput. We hypothesized that assessment of the
lipoprotein proteome would allow for precise, high-
throughput CEC prediction.

METHODS: After isolating lipoprotein particles from se-
rum, we used LC-MS/MS to quantify 21 lipoprotein-
associated proteins. A bioinformatic pipeline was used to
identify proteins with univariate correlation to cell-based
CEC measurements and generate a multivariate algo-
rithm for CEC prediction (pCE). Using logistic regres-
sion, protein coefficients in the pCE model were re-
weighted to yield a new algorithm predicting coronary
artery disease (pCAD).

RESULTS: Discovery using targeted LC-MS/MS analysis
of 105 training and test samples yielded a pCE model
comprising 5 proteins (Spearman r � 0.86). Evaluation
of pCE in a case–control study of 231 specimens from
healthy individuals and patients with coronary artery dis-
ease revealed lower pCE in cases (P � 0.03). Derived
within this same study, the pCAD model significantly
improved classification (P � 0.0001). Following analyt-
ical validation of the multiplexed proteomic method, we
conducted a case–control study of myocardial infarction
in 137 postmenopausal women that confirmed signifi-
cant separation of specimen cohorts in both the pCE
(P � 0.015) and pCAD (P � 0.001) models.

CONCLUSIONS: Development of a proteomic pCE pro-
vides a reproducible high-throughput alternative to tra-

ditional cell-based CEC assays. The pCAD model im-
proves stratification of case and control cohorts and, with
further studies to establish clinical validity, presents a
new opportunity for the assessment of cardiovascular
health.
© 2018 American Association for Clinical Chemistry

HDLs are macromolecular assemblies that play a key role
in lipid transport but also exert effects in endothelial
function, thrombosis, and inflammation. A recent focus
by several groups on HDL function, rather than HDL
cholesterol (HDL-C)4, revealed that efflux capacity was
inversely associated with coronary artery disease (CAD)
(1–3 ).

Traditionally cholesterol efflux is measured using a
cell-based assay in which cultured macrophages are
loaded with 3H-labeled cholesterol and subsequently ex-
posed to a cholesterol acceptor, typically LDL-depleted
serum (4 ). Modifications to the assay have been devel-
oped that make use of fluorescent or stable isotope-
labeled cholesterol to simplify sample handling (5, 6 ).
Although successfully deployed for clinical studies, the
assay remains complex, and an easier method to enable
larger studies would be welcome.

Proteomic surveys of HDL have provided a consen-
sus view that 60 to 90 proteins are reliably associated with
HDL, and quantitative differences in protein abundance
have been associated with inflammation, cardiovascular,
and kidney disease (7–11 ). Furthermore, proteomic
changes have been proposed to have significant func-
tional consequences (12 ). We previously demonstrated
that rapidly enriched lipoprotein particles using apolipo-
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protein (apo) AI affinity possessed physical and chemical
properties similar to those of HDL (13 ). In this work, we
explored quantitative relationships between the apo AI-
associated lipoprotein particle (AALP) proteome and
cholesterol efflux capacity (CEC) with the goal of deriv-
ing a predictor of CEC (pCE). We further explored mod-
ification of pCE to develop a model that would serve as a
proteomic indicator of coronary artery disease (pCAD).

The use of mass spectrometry for protein analysis in
the clinical laboratory has gained traction as demon-
strated with assays for thyroglobulin, apolipoproteins,
lipoprotein-associated phospholipase A2, insulin, and its
C-peptide (14–17). However, multiplex proteomic pan-
els are in their infancy, have been less extensively re-
ported, and can present unique challenges in analytical
validation. To facilitate studies aimed at investigating
clinical validity of pCE and pCAD, we followed Institute
of Medicine recommendations regarding discovery and
analytical validation by establishing a “bright line” in
which the method and its associated algorithms are
locked before analytical validation, with any modifica-
tions warranted by the results of subsequent clinical stud-
ies requiring a return to the discovery and development
phase and use of specimen sets naı̈ve to previous analysis
(18 ). Here we describe the discovery and development of
the pCE and pCAD models and the validation of the
underlying analytical method. Subsequently, the perfor-
mance of the locked and validated pCE and pCAD mod-
els was evaluated in a case–control study in a population
of postmenopausal women.

Materials and Methods

All study methods were approved by local institutional
review boards, as appropriate. His6-tagged and 15N-
labeled apo AI was purchased from Genscript. Ni-NTA
immobilized metal affinity microcolumns were pur-
chased from Phynexus. Stable isotope-labeled peptides
were ordered from New England Peptides. Charcoal-
stripped serum was obtained from Golden West Biolog-
icals. Other reagents were purchased at highest available
quality from Sigma-Aldrich.

STUDY SPECIMENS

Discovery and development experiments were performed
using specimens selected from the CAD arm of the
Fairbanks Institute for Healthy Communities bio-
bank. Clinical specimens for post-bright line evalua-
tion of clinical validity were obtained from the United
Kingdom Collaborative Trial of Ovarian Cancer
Screening (UKCTOCS) (19 –21 ). Specimens for eval-
uation of longitudinal stability were obtained from
BioServe Biotechnologies.

CELL-BASED ASSESSMENT OF CEC

Human serum samples were LDL-depleted, and cell-
based assays to measure the efflux of 3H-labeled cho-
lesterol from J774 macrophages were performed by
Vascular Strategies using the method described by de la
Llera-Moya (4). All measurements were reported as normal-
ized values (% efflux/4 h).

AFFINITY ENRICHMENT AND LIQUID CHROMATOGRAPHY:

MULTIPLE-REACTION MONITORING ANALYSIS OF APO

AI-ASSOCIATED LIPOPROTEINS

Utilizing a semiautomated work flow implemented on a
FreedomEvo automated liquid handler (Tecan Group),
metal chelate affinity chromatography was used to isolate
AALP from human serum. AALP eluent was heat treated for
denaturation, followed by LysC digestion and internal stan-
dard addition. Manual intervention was required only to
transfer plates to a centrifuge or incubator during the pro-
cess. Samples were transferred to a multiplexed LC-MS/MS
system (StreamSelect, Agilent Technologies), where 3 indi-
vidual LC systems comprising a quaternary and binary
pump were coupled to a CTC-PAL autosampler and a sin-
gle Agilent 6495 mass spectrometer. Quantitative analysis
was performed using MassHunter (Agilent). Experimental
details including all LC-MS/MS parameters are provided in
the Data File (Part I) Supplement that accompanies the
online version of this article at http://www.clinchem.org/
content/vol65/issue2. LC-MS/MS transitions for 21 pro-
teins used in model discovery are available in Table 1 of the
online Data Supplement, and refined transitions for the fi-
nal 5-protein method are presented in Table 2 of the online
Data Supplement.

INFORMATICS WORK FLOW FOR pCE AND pCAD

MODEL DEVELOPMENT

Before computational analysis, the calibrated response of
each targeted peptide was normalized to the calibrated
response of 15N-His6Apo AI to account for variations in
recovery during the enrichment process. For proteins
with 2 peptides measured by LC-MS/MS, the relative
amount of protein was established using the peptide with
higher intensity. An analytical pipeline encompassing a
series of sequential steps for feature selection was applied
to normalized data to discover proteins associated with
CEC (22 ). For univariate analysis, robust linear regres-
sion was applied to each protein to predict CEC on 70
training samples, and proteins with nonzero slope P val-
ues �0.1 were selected. Multivariate selection of proteins
was performed using elastic net, and a model was built on
the selected proteins using a partial least-squares regres-
sion. To assess model performance, Spearman correla-
tion and median absolute difference (cost) between pCE
and measured CEC were calculated. The final analytical
method uses a well-defined mixture of stable isotope-
labeled peptides as a single-point calibrator to ensure sta-
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bility of the computational algorithm in the presence of
any interferences or other matrix effect. Finally, the panel
was tested with 35 serum specimens. To assess pCE per-
formance in differentiating individuals with and without
CAD, we tested the model on 74 healthy controls and
157 CAD specimens.

To explore the potential for improving classification
performance, we refined the coefficients for the proteins
in the pCE model using logistic regression based on clin-
ical status (pCAD; Table 1). Cross-validation was used to
generate biomarker scores that reflect CAD probability
for the CAD and controls by reweighting protein coeffi-
cients using a subset of individuals and applying this to
the left-out participants. The pCAD biomarker score can
be simply converted to a probability score between 0 and
1 by means of the following equation:

CAD probability �
1

1 � e � pCAD

Statistical analysis of the data was performed using R
version 3.2.3 (23 ).

METHOD VALIDATION

The LC-MS/MS assay that provides quantitative values for
5 apolipoproteins used in the 2 biomarker panels (pCE and
pCAD) was validated. To achieve high-throughput quanti-
tative analysis, a multiplex HPLC system was used in which
3 independent HPLC systems were coupled to the mass
analyzer. During validation, each HPLC was evaluated in-
dependently. Test materials included 3 quality control pools
with high, medium, and low pCAD values, and individual
specimens as needed. Validation figures of merit represent
total imprecision and bias, which consists of interassay and
intraassay as well as inter-HPLC measurements. The follow-
ing parameters were validated: assay imprecision and bias,
sample stability at selected temperatures, high and low mix-
ing to demonstrate measurement linearity, limit of analyti-
cal sensitivity, matrix effect, impact of interferences, and
in-process stability. Additionally, a short-term longitudinal

study was undertaken for 29 individuals sampled weekly
over 8 weeks to assess intraindividual variability. Detailed
validation experimental protocols and results are presented
in the online Supplemental Data file (Part II).

Results

The overall strategy for discovery, optimization, analyti-
cal validation, and evaluation of a multiplexed proteomic
assay to predict CEC and CAD is depicted in Fig. 1.
First, serum samples were used to obtain both cell-based
CEC measurements and quantitative analysis of 21
AALP-associated proteins using LC-MS/MS. Using a
bioinformatic pipeline, an algorithm consisting of a
weighted linear combination of 5 apolipoproteins was
derived and validated for pCE. The 5 apolipoprotein
coefficients were reweighted using logistic regression
against CAD and healthy control specimens to yield a
pCAD. The LC-MS/MS analytical method enabling
both pCE and pCAD models was then extensively re-
fined to optimize for the 5 proteins included in each
model. The standard operating procedure was locked,
and the method was then validated establishing the
bright line for examining clinical validity in a population
naı̈ve to assay discovery and validation.

TARGETED QUANTIFICATION BY MULTIPLE-REACTION

MONITORING MASS SPECTROMETRY

We used a quantitative LC-MS/MS method to explore
the relationship between the AALP proteome and CEC.
Based on a literature search and results from previous
data-dependent proteomics experiments, 21 proteins
with known associations with lipid transport, reverse
cholesterol transport, and/or cardiovascular disease were
selected [lipid metabolism (apolipoproteins AI, AII, AIV,
CI, CII, CIII, CIV, D, E, F, J, LI, M), enzymes (phos-
pholipid transfer protein, cholesteryl ester transfer pro-
tein, lecithin cholesterol acyl transferase, paraoxonase 1),
and acute-phase response proteins (complement C3,
haptoglobin, serum amyloid A 1, 2, and 4)]. When pos-
sible, 2 optimal peptides from each protein were identi-
fied and the entire work flow was optimized. Digest con-
ditions were obtained that yielded stable peptide
abundances for all proteins within 4 h.

DEVELOPMENT AND VALIDATION OF A MULTIVARIATE

ALGORITHM FOR CEC PREDICTION

A set of 70 training and 35 independent test samples (see
Table 3 in the online Data Supplement) was randomly
selected without respect to any disease diagnosis but care-
fully matched on lipoprotein measurements. Normalized
CEC and mass spectrometry data for the complement of
21 proteins were determined for each specimen. After
univariate analysis by robust linear regression, 9 proteins
were demonstrated to have nonzero slope P values �0.1

Table 1. pCE and pCAD model coefficients.

Variable pCE pCAD

Intercept 7.57 5.81

Apo AI −1.74 −12.48

Apo CI −9.76 −112.05

Apo CII 27.36 238.66

Apo CIII 146.76 24.11

Apo CIV −377.07 927.51

To calculate pCE or pCAD, each protein concentration (nmol/L) was normalized to
15N-His6Apo AI response (nmol/L) before multiplication by its coefficient.
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[(apolipoproteins AI (P � 3.07E-5), AII (P � 5.4E-3),
CI (P � 1.08E-3), CII (P � 4.7E-10), CIII (P � 2.13E-
11), CIV (P � 1.41E-4), D (P � 7.71E-2), cholesteryl
ester transfer protein (P � 3.47E-2), and serum amyloid
A 1 (P � 9.84E-2)]. Subsequent elastic net regression se-
lected 5 proteins (apo AI, apo CI, apo CII, apo CIII, and apo
CIV) on which partial least-squares linear regression was
applied to establish the final pCE model (Table 1). A typical
chromatogram for target peptide quantifier ions is shown in
Fig. 2A. Peptides used in the pCE model are denoted by an
asterisk and span approximately 3 orders of magnitude of
dynamic range in measured abundance (and calibrated re-
sponse). The pCE model performed well [training set:
Spearman r � 0.67, P � 0.001 (Fig. 2B); validation set:
Spearman r � 0.86, P � 0.001 (Fig. 2C)].

The associations between CEC determined by cell-
based assay and proteomic estimation and other clinical
measurements (total cholesterol, HDL-C, LDL-C, non-
HDL-C, triglycerides, apo AI, apo B, and high-sensitivity
C-reactive protein) were examined. The most significant
associations were with apo AI (Pearson r � 0.57; see Fig. 1A
in the online Data Supplement) and HDL-C (Pearson r �
0.45; see Fig. 1B in the online Data Supplement), in agree-
ment with previous reports (2, 3). We also observed a sig-
nificant negative correlation between CEC and high-
sensitivity C-reactive protein (Pearson r � �0.23; see Fig.
1C in the online Data Supplement), consistent with previ-
ous observations that CEC is negatively affected in inflam-
mation response (12).

TESTING AND REFINEMENT OF pCE ALGORITHM

FOR CAD DIAGNOSIS

Assuming predicted CEC should have a similar inverse
association with cardiovascular disease as reported for
cell-based CEC measurements, we tested the pCE model
on 157 CAD specimens and 74 age- and sex-matched
apparently healthy controls (see Table 4 in the online
Data Supplement) from the Fairbanks Institute biobank.
We found lower median predicted CEC for patients with
CAD (case, 9.91% efflux/4 h; control, 10.2% efflux/4 h;
P � 0.03) (Fig. 3A). Using predicted CEC as a classifier
of case vs control, the area under the ROC curve (AUC)
was 0.62 (P � 0.02) (Fig. 3D). We also performed a
comparison of the predicted CEC and cell-based CEC
measurements in a small subset of Fairbanks specimens.
Cell-based CEC measurements were obtained for the 15
highest and lowest predicted CEC values. No significant
difference was evident when comparing samples across
predicted and cell-based measurements (P � 0.39 for
high pCE specimens, P � 0.08 for low pCE specimens)
(see Fig. 2 in the online Data Supplement).

The pCAD results revealed a significant difference in
the median probability scores between the CAD and control
cohorts (P � 0.0001) (Fig. 3B) yielding an AUC of 0.73
(Fig. 3D). Using the Youden index as the numeric thresh-

Fig. 1. Schematic overview of the pCE model.
Schematic overview of the discovery of a pCE model, its refinement
and the development of a proteomic pCAD, analytical validation to
the bright line at which point assay parameters are locked, and finally
post-validation evaluation of the assay in a case– control study to ex-
amine prognostic capability.
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old, the pCAD model demonstrated sensitivity and speci-
ficity of 71% and 76%, respectively. A second, and separate,
sampling of age- and sex-matched CAD (n � 92) and con-
trol samples (n � 92) from the Fairbanks biobank, not used
for pCAD algorithm derivation, was conducted several
weeks later, demonstrating similar performance (P �
0.0001; AUC � 0.71) (Fig. 3C).

ANALYTICAL VALIDATION SUMMARY

In the design of this assay, some traditional metrics like
spike recovery could not be assessed. For the purposes of

the study described here, the most critical figures of merit
are presented here, but additional data regarding key val-
idation metrics (linearity, stability, interferences) are
found in the online Supplemental Data File (Part II).

To estimate assay imprecision, test materials were
analyzed in 4 replicates each over 15 days, across 3 HPLC
systems coupled to the same mass spectrometer. Esti-
mates of total imprecision for the assay were determined
at the peptide level. The CVs for apo AI, apo CI, apo CII,
and apo CIII ranged from 5% to 8% for 3 pooled and 2
individual specimens (Table 2; see also Table 5 in the

Fig. 2. Representative chromatogram and correlation of cell-based CEC measurement and LC-MS/MS CEC prediction.
(A), Representative chromatogram of peptide quantifier peaks for the 5 proteins that feed the predictive cholesterol efflux algorithm (*) in
addition to secondary peptides that serve as assay quality control indicators. (B), Correlation of cell-based CEC measurement and LC-MS/MS
CEC prediction in 70 training samples and (C) 35 test samples.

Fig. 3. Performance of pCE and pCAD models.
Box and whisker plots demonstrating performance of (A) pCE and (B) pCAD models in stratification of control and CAD cohorts from the
Fairbanks Institute biobank. (C), A repeat comparison of age- and sex-matched CAD and control patients from the Fairbanks biobank. (D), ROC
curves comparing diagnostic performance of pCE and pCAD algorithms in the Fairbanks biobank.
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online Data Supplement). The CVs of the lowest abun-
dance protein, apo CIV, ranged from 7.7% to 14%, be-
low the established acceptance criteria of 20%.

In the absence of a reference method or material
with a known value, bias was evaluated as the difference
from initially assigned results. Before start of validation,
test materials were extensively characterized, and values
were assigned for each of the 5 proteins. As shown in
Table 6 of the online Data Supplement, no protein other
than apo CIV in the contrived high quality control pool
demonstrated a bias more than �20%. Patient sample 2,
having the same assigned apo CIV concentration, dem-
onstrated bias within the acceptance criteria. The modest
performance of apo CIV was likely because it was the
least abundant protein in the assay, nearly 4 orders of
magnitude lower in abundance than apo AI.

Studies of calibrator performance demonstrated that
linear dynamic ranges spanned about 2 orders of magni-
tude for all 5 proteins (online Supplemental Data File,

Part II). Limits of quantification were evaluated by dilu-
tion of calibrator peptides in a digest matrix (see Supple-
mental Data File, Part II and Fig. 3 in the online Data
Supplement) in which lower limits of quantification were
established upon visual inspection of departure of cali-
brator from linearity for each peptide. A 5-point mixing
experiment demonstrated that the response of pCAD
and pCE values was linear as function of dilution for 3
high and low pCAD pairs (see Fig. 4 in the online Data
Supplement). The mean (SD) post-enrichment recovery
of the spiked capture reagent, 15N-His6Apo A-I, from
matrix was 78% � 7% relative to direct digestion of the
same amount of 15N-His6Apo A-I in PBS. Recovery of
endogenous apo AI was found to be highly correlated
with automated immunoturbidimetric results (see Fig. 5
in the online Data Supplement).

Best practice for protein LC-MS/MS assays is to
assess the agreement between �2 peptides from each pro-
tein (when possible) and to evaluate adherence to frag-

Table 2. LC-MS/MS method validation performance summary.

Validation parameter Result

Specimen type Human serum

Lower limits of quantification 15N-Apo AI: 15 nmol/L

Apo AI: 15 nmol/L

Apo CI: 10 nmol/L

Apo CII: 5 nmol/L

Apo CIII: 5 nmol/L

Apo CIV: 0.2 nmol/L

Calibrator performance (linear dynamic range) 15N-Apo AI: 15–935 nmol/L

Apo AI: 15–935 nmol/L

Apo CI: 10–325 nmol/L

Apo CII: 5–85 nmol/L

Apo CIII: 5–160 nmol/L

Apo CIV: 0.2–11 nmol/L
15N-Apo AI recovery Mean recovery of 78% of added 15N-His6-Apo AI

Imprecision (laboratory CV) 15N-Apo AI: 5.2%–7.0%

Apo AI: 5.2%–7.3%

Apo CI: 6.5%–7.0%

Apo CII: 5.3%–7.4%

Apo CIII: 5.5%–8.1%

Apo CIV: 7.7%–14.0%

Specificity (interferences) Specimens with medium to heavy lipemia (corresponding to
>150 mg/dL intralipid) are rejected

Freeze–thaw stability Up to 3 freeze–thaw cycles are acceptable

Sample stability Stable for 21 days at less than −60 °C, −18 to −25 °C, or 2–8 °C;
stable for 24 h at 20–26 °C

In-process stability Stable in sealed microtiter plates for up to 3 days when stored
at 2–8 °C
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ment ion intensity ratios established from characteriza-
tion of synthetic peptides. For each protein with 2
peptides, stable linear relationships were observed across
all experimental measurements. Using 233 random se-
rum samples, representative data for linear correlation
between the 2 apo AI peptides revealed a slope of 0.88
with r2 � 0.94. Data for peptides from 15N-apo AI, apo
CI, and apo CII can be found in the online Supplemental
Data file (see Supplemental Figs. 6 and 7). Likewise,
fragment ion ratios for all measured peptides were well
below the established acceptance criteria of �30%.

Matrix effect studies demonstrated that no substan-
tial ion suppression or enhancement was observed (see
Fig. 8 in the online Data Supplement). Unconjugated
bilirubin and hemoglobin at 5 mg/dL and 200 mg/dL,
respectively, did not affect peptide quantification. How-
ever, unacceptable interference by intralipid at �150
mg/dL was observed (see Fig. 9 in the online Data
Supplement).

LONGITUDINAL EVALUATION OF BIOLOGICAL VARIABILITY

We investigated the biological variation of the pCAD
and pCE measurement in specimens collected once per
week from 29 individuals over an 8-week period. Clinical
measurements (HDL-C, LDL-C, triglycerides) were
evaluated to assess quality of the specimens. One individ-
ual was rejected because of abnormally high triglycerides
(an identified interference) for all collected specimens
(�900 mg/dL). Four other individual specimens were
rejected because of greater variation (�2 times SD) in
�2 of 3 measurements (HDL-C, LDL-C, triglycerides)
from the mean of 8 observations. The pCE and pCAD
scores were then determined for the remaining 216 spec-
imens from 28 individuals (see Fig. 12 in the online Data
Supplement). For pCE, biological variation over 8 weeks

was observed to be 7.1%. Evaluation of intraindividual
variability of pCE and pCAD in a modest longitudinal
study gave a positive indication that the lipoprotein pro-
teome, and therefore pCE and pCAD, for an individual is
generally stable over 8 weeks. In such situations when the
biological variability is low and the analytical precision of
the test method is high, measurements are more likely to
reveal clinically relevant changes.

pCE AND pCAD MODEL EVALUATION IN UKCTOCS COHORT

After analytical method validation, the performance of
the pCE and pCAD models was assessed in the
UKCTOCS biobank, a population distinct from devel-
opment and Fairbanks cohorts (detailed in the online
Supplemental Data File). The cohort was postmeno-
pausal women diagnosed with myocardial infarction 1 to
2 years after sample collection as an indicator of CAD
(n � 69) and healthy controls matched by age, time to
sample processing, blood pressure, and body mass index.
The pCE (Fig. 4A) model yielded significantly lower
pCE values among cases relative to controls (median
pCE � 10.66 vs 11.15; P � 0.01). Likewise, pCAD (Fig.
4B) values for the cases were significantly increased rela-
tive to the controls (median predicted probability of
CAD � 0.51 vs 0.37; P � 0.001).

Discussion

The interest in CEC as a cardiovascular biomarker was
stimulated by a series of studies that demonstrated an
inverse relationship between serum CEC and cardiovas-
cular risk. A substantial challenge in realizing the benefit
of this measurement lies in the technical challenges of
running a cell-based assay. We proposed that a proteomic
approach to estimating serum CEC might provide an

Fig. 4. Post-validation performance of pCE and pCAD models.
Box and whisker plots demonstrating post-validation performance of (A) pCE and (B) pCAD models in control and case cohorts from the
UKCTOCS biobank.
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avenue to enable large-scale studies with an assay that is
more amenable to clinical use. The pCE model perfor-
mance in both the Fairbanks (Fig. 3A) and UKCTOCS
(Fig. 4A) cohorts replicates previously observed trends
suggesting that pCE can recapitulate biological function
that has been explored using an alternative mass spectro-
metric approach, rather than the traditional cell-based
method. Despite the differing statistical significance in
this study, both pCE and pCAD may present advantages
depending on the context of future studies because pCE
is directly correlative to a biological function and pCAD
was developed as a predictor of disease state.

The trajectory for development of a new biomarker
is arduous, requiring success in discovery, reduction of
the process to a laboratory work flow, analytical valida-
tion, and finally sufficient studies to demonstrate clinical
validity and utility (18, 24 ). Here we have described the
discovery and refinement of a method for the estimation
of cholesterol efflux and CAD risk to a validation bright
line for which subsequent studies can formally evaluate
clinical validity.

We have shown that a multiplexed proteomic assay
with satisfactory figures of merit for analytical perfor-
mance can be achieved. This is an incremental step to-
ward demonstrating the broader feasibility of high-
throughput multiprotein analysis in the clinical
laboratory and presents an opportunity to rigorously ex-
plore clinical validity and ultimately utility of the pCE
and pCAD biomarkers.
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