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FRACPRED-2D-PRM: A Fraction Prediction
Algorithm-Assisted 2D Liquid Chromatography-Based
Parallel Reaction Monitoring-Mass Spectrometry Approach
for Measuring Low-Abundance Proteins in Human Plasma

Jian Shi, Jingcheng Xiao, Jiapeng Li, Xinwen Wang, Lucy Her, Matthew J. Sorensen,
and Hao-Jie Zhu*

Multidimensional fractionation-based enrichment methods improve the
sensitivity of proteomic analysis for low-abundance proteins. However, a
major limitation of conventional multidimensional proteomics is the extensive
labor and instrument time required for analyzing many fractions obtained
from the first dimension separation. Here, a fraction prediction
algorithm-assisted 2D LC-based parallel reaction monitoring-mass
spectrometry (FRACPRED-2D-PRM) approach for measuring low-abundance
proteins in human plasma is presented. Plasma digests are separated by the
first dimension high-pH RP-LC with data-dependent acquisition (DDA). The
FRACPRED algorithm is then usedto predict the retention times of
undetectable target peptides according to those of other abundant plasma
peptides during the first dimension separation. Fractions predicted to contain
target peptides are analyzed by the second dimension low-pH nano RP-LC
PRM. The accuracy and robustness of fraction prediction with the FRACPRED
algorithm are demonstrated by measuring two low-abundance proteins,
aldolase B and carboxylesterase 1, in human plasma. The
FRACPRED-2D-PRM proteomics approach demonstrates markedly improved
efficiency and sensitivity over conventional 2D-LC proteomics assays. It is
expected that this approach will be widely used in the study of low-abundance
proteins in plasma and other complex biological samples.
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Measuring low-abundance proteins
in complex biological samples, such
as human plasma, remains a major
challenge in the development of mass
spectrometry-based proteomics assays.[1]

Several sample enrichment meth-
ods have been developed to improve
the sensitivity of proteomics analysis,
including high-abundance protein deple-
tion, immunoaffinity enrichment, and
fractionation.[2]

The depletion approach uses im-
mobilized antibodies to remove high-
abundance proteins from the matrix,
thus increasing the sensitivity of low-
abundance protein detection. However,
in addition to the associated high cost,
these antibodies are often not highly
specific, and depletion efficiency varies
across different antibody providers,
batches, and experiments, introducing
poor reproducibility.[3,4] Notably, de-
tecting low-abundance plasma proteins
can still be challenging even after de-
pletion. Immunoaffinity enrichment is
commonly used for targeted proteomics
analysis, in which specific antibodies

capture targeted proteins or peptides in samples. However, this
approach suffers from low multiplexing capacity and heavy de-
pendence on high-quality antibodies, which are expensive and
not always readily available for the proteins and peptides of
interest.[2,5]

Multidimensional fractionation techniques can increase the
sensitivity and dynamic range of proteomic analysis.[2,6–8] These
methods are independent of antibodies, thus eliminating the
antibody-associated limitations of the aforementioned enrich-
ment approaches. For the first dimension separation, commonly
used techniques include high-pH RP-LC and SCX chromatog-
raphy. Fractions collected from the first dimension separation
are then analyzed by a standard MS-based proteomic method.
Conventional multidimensional proteomics is mainly limited by
the extensive labor and instrument time required to analyze
many first-dimensional fractions. Therefore, being able to pre-
dict which fractions contain the peptides of interest would reduce
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Figure 1. Workflow of the FRACPRED-2D-PRM approach. The digested plasma samples or the mixed plasma and human liver microsomes (HLM)
samples are first separated with a high-pH mobile phase on a large diameter C18 column (4.6 mm × 150 mm). A post-column splitter is used to split
the flow (1 mL min−1) at a 1:200 ratio with 5 µL min−1 being directed to a mass spectrometer for data-dependent acquisition (DDA) and 995 µL min−1

for fraction collection at 30 or 15 s intervals. The resulting DDA data are individually searched by the MaxQuant software then imported into the Skyline
software to generate a list of peptides and their retention time. The retention time (RT) of target peptides in the plasma samples can be predicted using
the FRACPRED algorithm (R package, fracpred), and the corresponding fractions can then be selected for the second dimension low-pH parallel reaction
monitoring (PRM) analysis.
*We chose HLM because the targeted proteins are highly expressed in the liver. Other types of tissues could be used depending on the expression levels
of the targeted proteins in the tissues.

the required analysis, and thus, greatly improve the efficiency of
multidimensional fractionation-based proteomics. To this end,
Qian and Liu’s groups developed the PRISM-SRM and DD-SRM
approaches, which allow precise selection of fractions contain-
ing target peptides.[7,8] In both methods, samples were spiked
with high concentrations of stable isotope-labeled internal stan-
dard (IS) peptides that can be detected during the first dimension
separation, allowing for the tracking of fractions that contain the
target peptides. Both PRISM-SRM and DD-SRM employ a low
mass resolution triple-quadrupole instrument, and the methods
demonstrated 3 to 5 orders of magnitude increases in sensitivity
relative to conventional proteomics assays. However, some types
of stable isotope-labeled IS peptides, such as those generated
from SILAC and QconCAT assays, usually contain a small per-
centage of unlabeled peptides (e.g.,≈1%).[9,10] This small amount
of unlabeled peptides has a negligible effect on quantification
when the IS is added at a concentration comparable to that of
the native peptides in the sample. However, unlabeled peptides
could interfere with quantification when IS peptides are added at
a concentrationmuch exceeding that of the corresponding native
peptides for being detectable during the first dimension separa-
tion.
In the current study, we developed a fraction prediction

algorithm-assisted two-dimensional liquid chromatography-
based parallel reaction monitoring-mass spectrometry
(FRACPRED-2D-PRM) method to measure low-abundance
proteins in human plasma using a high-resolution MS instru-
ment. Our approach can precisely predict fractions containing
target peptides without using an isotope-labeled IS, thus re-
ducing assay cost and complexity. In addition, we employed
data-dependent acquisition (DDA) during the first dimension
separation, which enables the selection of high-performance sur-
rogate peptides of proteins of interest for the second dimension
PRM proteomics analysis.
The FRACPRED-2D-PRM proteomics workflow is illustrated

in Figure 1. The protein samples were prepared using the

method we previously reported with minor modifications.[11]

Briefly, 1 mg plasma proteins or a mixture of 500 µg human liver
microsomes (HLM) and 50 µg plasma proteins were first pre-
cipitated by acetone. After reduction and alkylation, the proteins
were digested overnight by trypsin. Five hundred µg plasma
peptides or 275 µg peptides of the mixture sample (250 µg HLM
and 25 µg plasma) were injected for first dimension separation
on a ZORBAX Extend 300 C18 column (3.5 µm, 4.6 × 150 mm,
Agilent Technologies) using high-pH mobile phases at a flow
rate of 1mL min−1. A post-column splitter was used to split the
flow at a ratio of 1:200 with 5 µL min−1 being directed to a mass
spectrometer for DDA and 995 µL min−1 for plasma fraction col-
lection at 30 or 15 s intervals. The proteomic analysis was carried
out on an AB Sciex TripleTOF 5600+mass spectrometer coupled
with a Digital PicoView 450 nanospray ion source (New Objec-
tive, Inc.) and a Shimadzu HPLC system for the first dimension
high-pH RP-LC separation, and an Eksigent 2D plus nano LC
system for the second dimension low-pH RP-LC separation.
In this proof-of-concept study, we targeted two low-abundance

plasma proteins, aldolase B (ALDOB) and carboxylesterase 1
(CES1). Both proteins are highly expressed in the liver; thus, they
can be readily detected by DDA in the mixed HLM and plasma
sample. For each protein, we chose two surrogate peptides for the
second dimension PRM analysis based on the responses of their
unique peptides in the DDA analysis. To predict which fractions
contained the targeted ALDOB and CES1 peptides, we developed
a fraction prediction algorithm as follows.

1) Analyze DDA data obtained from plasma and themixedHLM
and plasma samples;

2) Generate data sets that contain peptide sequences and reten-
tion times;

3) For the mixed sample data set, keep the four targeted AL-
DOB and CES1 peptides and those peptides also found in
the plasma sample; for the plasma data set, keep the peptides
shared with the mixed sample;
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4) Calculate retention time of the targeted peptides using the fol-
lowing equation:

Predicted retention time

=
(M −M−) × (N+ − N−) + N− × (M+ −M−)

(M+ −M−)
(1)

where M is the retention time of the targeted peptide measured
in the mixed HLM and plasma sample,M− is the retention time
of the peptide eluted immediately before the targeted peptide,M+

is the retention time of the peptide eluted immediately after the
targeted peptide, N− is the retention time of peptide M− in the
plasma sample, and N+ is the retention time of peptide M+ in
the plasma sample.
The prediction algorithm is based on the simple assumption

that the ratios of the retention time intervals between the three
peptides (i.e., one target and two adjacent peptides) are the same
in different samples.

5) Choose fractions for the second dimension PRM analysis
based on the predicted retention time of the targeted peptides.

The predicted fractions were dried, reconstituted, and injected
for the second dimension low-pH nano RP-LC-PRM analysis.
The analysis was performed via a trap-elute configuration, which
included a trapping column (Acclaim PepMap C18, 100 Å, 5 µm,
10 × 0.1 mm, Thermo Scientific) and a C18 analytical column
(150 × 0.1 mm, 1.7 µm ethylene bridged hybrid particles from
Waters Corporation, in-house packed). The mobile phases con-
sisted of water containing 0.1% formic acid as phase A and ace-
tonitrile containing 0.1% formic acid as phase B. Peptides were
trapped and cleaned on the trapping column with mobile phase
A delivered at a flow rate of 10 µL min−1 for 5 min before be-
ing separated on the analytical column with gradient elution at a
flow rate of 300 nL min−1. The PRM acquisition consisted of one
250 ms TOF-MS scan from 400 to 1250 Da, followed by product
ion scans from 100 to 1500 Da for the target peptides/precursors
(Table S1, Supporting Information).
DDA data generated from plasma and the mixed samples

were individually searched against a human proteome reference
using the software MaxQuant (version 1.6.12.0, Max Planck
Institute of Biochemistry, Germany) with default settings. The
search results of DDA data were imported into Skyline (version
20.1.0.76, University of Washington, Seattle, WA) to generate
lists of peptide sequences and retention time. The retention time
of the targeted peptides in the plasma sample was predicted us-
ing the aforementioned FRACPRED algorithm implemented in
the R package fracpred (https://github.com/zhuhaojie/fracpred).
PRM data from the second dimension low-pH RP-LC-MS analy-
sis were analyzed by Skyline via automatic matching of MS/MS
chromatographic peaks against the spectral library generated
from the DDA searches. Detailed methods of the sample prepa-
ration, LC-MS settings, and data analysis procedures can be
found in Supporting Information.
For the 2D LC-MS/MS-based quantitative proteomics studies,

an accurate selection of the first dimension fractions containing
target peptides is crucial to improve assay sensitivity and reduce
instrument time. Distinct from the PRISM-SRM and DD-SRM

methods, we utilized the retention times of high-abundance
plasma peptides to predict the retention times of low-abundance
plasma peptides that could not be detected during the first
dimension RP-LC separation. To accurately locate the fractions
containing target peptides, the FRACPRED algorithm uses
peptides with retention time adjacent to the targeted peptides
(Equation 1). We found that the retention time intervals of
two adjacent peptides that bracket target peptides were usually
within 30 s, allowing for precise retention time prediction.
For the second dimension analysis, the selected fractions were
analyzed with a low-pH nano RP-LC-PRM method to achieve
the highest selectivity and sensitivity. We demonstrated the
feasibility of the FRACPRED-2D-PRM proteomics approach by
measuring two low-abundance proteins, ALDOB and CES1, in
undepleted and depleted human plasma samples, respectively.
ALDOB protein, also known as fructose-bisphosphate aldolase

B, is responsible for breaking down fructose and is also in-
volved in glucose metabolism. Defects in ALDOB cause hered-
itary fructose intolerance.[12] ALDOB is primarily expressed in
the liver, but is present at a trace level in plasma.[13] As shown
in Figure 2, we accurately predicted the retention time of two
unique surrogate peptides of ALDOB, LDQGGAPLAGTNK and
ETTIQGLDGLSER, and successfully detected those peptides us-
ing the FRACPRED-2D-PRMproteomics approach.We alsomea-
sured the target peptides in the fractions immediately before and
after the predicted fractions. In each fraction, the peak areas of
the target peptides were in agreement with their predicted re-
tention time (Figure 2A,B). Of note, a relatively small amount of
target peptides could appear in the fractions adjacent to the pre-
dicted fractions when the target peptide peak spans over two frac-
tions. However, the high retention time prediction accuracy of
the FRACPRED algorithm makes it possible to estimate to what
extent that the target peptides may reside in the adjacent frac-
tions based on the size of the fraction collection window and the
predicted retention time and peak width of the target peptides
during the first dimension separation. Thus, for a quantitative
proteomics study, it might be desirable to combine the predicted
fractionwith its adjacent fractions for the second dimension anal-
ysis when the prediction indicates that the adjacent fractions also
contain the peptides of interest.
CES1 is the most abundant hepatic serine hydrolase and

plays important roles in the metabolism of various ester,
thioester, amide, and carbamate compounds, including many
ester prodrugs such as oseltamivir, dabigatran etexilate, sacubi-
tril, and angiotensin-converting-enzyme inhibitors.[14–18] CES1
was also proposed as a plasma protein biomarker for hep-
atocellular carcinoma.[19] However, quantifying CES1 in hu-
man plasma is difficult due to its low concentration. A pre-
vious study used a magnetic bead-based immunoprecipitation
method to enrich CES1 protein prior to LC-MS analysis; how-
ever, this approach is expensive and heavily depends on high-
quality antibodies.[19] With the FRACPRED-2D-PRM approach,
we were able to accurately locate the fractions containing the
CES1 surrogate peptides AISESGVALTSVLVK and SYPLVCIAK
and detected both peptides in the predicted fractions. In addi-
tion, the measured peak areas of the target peptides in the pre-
dicted fractions and the adjacent ones further support the accu-
racy of retention time prediction of the FRACPRED algorithm
(Figure 2C,D).
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Figure 2. Chromatograms of the ALDOB surrogate peptides LDQGGAPLAGTNK (A), ETTIQGLDGLSER (B), and CES1 surrogate peptides AISESG-
VALTSVLVK (C), SYPLVCIAK (D) from the fractions predicted by the FRACPRED algorithm and their adjacent fractions from human plasma. The peak
areas of the target peptides measured in each fraction were in agreement with the prediction.

To further demonstrate the accuracy and robustness of the
FRACPRED-2D-PRM approach, we prepared two data sets from
the mixed HLM and human plasma samples. From one data set,
we removed 272 randomly selected plasma peptides across differ-
ent retention time, such that this mixed sample could be used as
a sham plasma sample for retention time prediction in conjunc-
tion with the second data set. As shown in Figure 3, the fitted
linear curve between the observed and predicted retention time
of these plasma peptides is almost identical to the line of identity
with R2 equal to 1 (Figure 3A). Notably, most of the prediction
bias was within 15 s, and none exceeded 30 s (Figure 3B), in-
dicating the excellent accuracy and robustness of this retention
time prediction algorithm. The FRACPRED algorithm demon-
strated superior retention time prediction accuracy over other
approaches that do not require stable isotope-labeled IS. For ex-
ample, the iRT (indexed retention time) approach developed by
Bruderer et al. reported a median delta iRT value of 0.53 min
(0.27% of the gradient) for a large set of peptides.[20] In compar-
ison, the median delta retention time was 0.040 min (0.033% of
the gradient) for the randomly selected 272 plasma peptides in
our study.Moreover,Ma et al. established a deep learningmethod
(DeepRT) for peptide retention time prediction.[21] The reported
Δt95% (the minimal time window containing the deviations be-
tween observed and predicted retention times for 95% of the pep-
tides) ranged from 1.42 min (2.8% of the gradient) to 25.88 min

(10.8% of the gradient) for the eight tested datasets, whereas
our FRACPRED method exhibited a Δt95% value of 0.13 min
(0.11% of the gradient) for the 272 plasma peptides. Given that
the fraction collection intervals were set to be 0.25min or 0.5min
in our study, the two aforementioned methods may not provide
adequate accuracy to predict the fractions containing the target
peptides.
In summary, we report here an antibody-free, two-dimensional

fractionation-based proteomics approach, FRACPRED-2D-PRM,
for the measurement of low-abundance proteins in human
plasma. This approach allows for the accurate prediction of frac-
tions containing peptides of interest without requiring isotope-
labeled IS, thus markedly reducing the cost and instrument time
needed for the second dimension analysis. Furthermore, DDA
analysis during the first dimension separation facilitates the se-
lection of high-performance surrogate peptides of proteins of in-
terest for use in the second dimension PRM analysis. This ap-
proach holds great potential to be widely applied to the study of
low-abundance proteins in plasma and other complex biological
samples.

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.
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Figure 3. Retention time prediction of target peptides by the FRACPRED algorithm. (A) shows the correlation between the observed and predicted
retention time of randomly selected 272 human plasma peptides. The dotted line represents the line of identity. (B) shows the retention time prediction
bias for the 272 peptides across different retention time.
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