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Abstract
Although hepatocellular carcinoma (HCC) has been subjected to continuous investigation and its
symptoms are well known, early-stage diagnosis of this disease remains difficult and the survival
rate after diagnosis is typically very low (3–5%). Early and accurate detection of metabolic
changes in the sera of patients with liver cirrhosis can help improve the prognosis of HCC and
lead to a better understanding of its mechanism at the molecular level, thus providing patients with
in-time treatment of the disease. In this study, we compared metabolite levels in sera of 40 HCC
patients and 49 cirrhosis patients from Egypt by using ultra-performance liquid chromatography
coupled with quadrupole time-of-flight mass spectrometer (UPLC-QTOF MS). Following data
preprocessing, the most relevant ions in distinguishing HCC cases from cirrhotic controls are
selected by statistical methods. Putative metabolite identifications for these ions are obtained
through mass-based database search. The identities of some of the putative identifications are
verified by comparing their MS/MS fragmentation patterns and retention times with those from
authentic compounds. Finally, the serum samples are reanalyzed for quantitation of selected
metabolites along with other metabolites previously selected as candidate biomarkers of HCC.
This quantitation was performed using isotope dilution by selected reaction monitoring (SRM) on
a triple quadrupole linear ion trap (QqQLIT) coupled to UPLC. Statistical analysis of the UPLC-
QTOF data identified 274 monoisotopic ion masses with statistically significant differences in ion
intensities between HCC cases and cirrhotic controls. Putative identifications were obtained for
158 ions by mass based search against databases. We verified the identities of selected putative
identifications including glycholic acid (GCA), glycodeoxycholic acid (GDCA), 3beta, 6beta-
dihydroxy-5beta-cholan-24-oic acid, oleoyl carnitine, and Phe-Phe. SRM-based quantitation
confirmed significant differences between HCC and cirrhotic controls in metabolite levels of bile
acid metabolites, long chain carnitines and small peptide. Our study provides useful insight into
appropriate experimental design and computational methods for serum biomarker discovery using
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LC-MS/MS based metabolomics. This study has led to the identification of candidate biomarkers
with significant changes in metabolite levels between HCC cases and cirrhotic controls. This is the
first MS-based metabolic biomarker discovery study on Egyptian subjects that led to the
identification of candidate metabolites that discriminate early stage HCC from patients with liver
cirrhosis.

Keywords
Hepatocellular carcinoma; liver cirrhosis; metabolic biomarker; cancer biomarker discovery;
selected reaction monitoring; isotope dilution; mass spectrometry

1. Introduction
Hepatocellular carcinoma (HCC) is one of the most prevalent human cancers worldwide and
has the fourth highest mortality rate. It has become a major health problem especially among
African and Asian populations. The increased incidence of HCC in these populations is
mainly attributed to chronic hepatitis virus infection or liver cirrhosis and carcinogenic
toxins such as aflatoxin. 1. Although HCC has been subjected to continuing investigation
and its symptoms are well known, early-stage diagnosis of this disease still remains difficult
and the survival rate after diagnosis is very low (3–5%). The current diagnostic tools include
alpha-fetoprotein (AFP), liver biopsy, and radiographic imaging. AFP has been widely
considered as the only serological marker currently available in clinical practice for
diagnosis and therapeutic monitoring. However, AFP is not a sufficiently reliable marker
because of its poor sensitivity 2. The greatest burden of HCC and its major causative factors
exist in the developing world where many of the sophisticated imaging tools used to
compensate for the insufficient performance of AFP are not widely available. In order to
improve the diagnosis and prognosis, there is an urgent need to identify additional and
reliable markers that can be used for early and accurate detection of HCC 3.

Metabolomics is a rapidly evolving tool to study small molecules (molecular weight
<1800Da) that define the metabolic status of a biological system 4, 5. It has been applied
extensively to discover biomarkers for disease diagnosis 6 and to better understand the
patho-physiology of diseases 7. To achieve appropriate coverage of the metabolome, several
analytic platforms with complementary features may be needed. Among them, liquid
chromatography–mass spectrometry (LC-MS) is one of the most commonly used analytical
tools for metabolomic studies, because it offers good separation and accurate detection of
metabolites in complex specimens with high sensitivity and resolution 8, 9. LC-MS has been
widely used for both comprehensive metabolomic profiling and targeted quantitation of
metabolites. These studies include identification of metabolic markers in patients with HCC
through untargeted profiling of serum, plasma, urine and fecal samples 10–16, in which
patients with benign liver tumor or healthy subjects are selected as controls. The significant
metabolic differences discovered in these studies include bile acid, phospholipids, fatty
acids, glycolysis, urea cycle, and methionine metabolism. Current LC-MS based
metabolomic studies mostly rely on untargeted profiling of metabolites using accurate mass
measurement by mass spectrometers with high resolution such as quadrupole time-of-flight
(QTOF), Orbitrap or Fourier-transform ion cyclotron resonance (FT-ICR). However, these
can only provide semi-quantitative information on metabolic changes. This is because
accurate detection of metabolites and unbiased identification of metabolic features with
subtle differences are compromised by various factors such as the diversities in abundance
level and chemo-physical properties of metabolites, ion suppression or ion enhancement of
matrix effects during ionization, and the variation of sample recovery during metabolic
extraction. One way to address these is to follow up the results from untargeted metabolomic
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study with a targeted quantitation of relevant metabolites using isotope dilution by selected
reaction monitoring (SRM). Targeted quantitation is accomplished by using isotope labeled
internal standard analogues as spiking reference to correct matrix effects and sample loss
variation 8. Also, careful design of the appropriate analytical experiments is needed during
untargeted metabolomic profiling to ensure acquisition of high quality LC-MS data that are
robust and reproducible, by minimizing variation of MS response, loss of mass accuracy,
and inconsistency of retention time 17.

In this study, we analyzed serum samples collected in Egypt from 40 HCC cases and 49
patients with liver cirrhosis. We carefully designed the analytical experiment by including
chromatogram quality check, mass accuracy and resolution check, adequate QC runs,
system cleanup, and re-equilibrium. Two batches of LC-MS data were acquired using ultra
performance liquid chromatography (UPLC) coupled with QTOF MS for semi-quantitative
analysis. Following data preprocessing by XCMS, ion annotation is conducted to identify
derivative ions such as isotopes, adducts, and in-source fragments. A two-way analysis of
variance (ANOVA) model is then used for detection of ions with significant differences in
ion intensities between HCC cases and cirrhotic controls, accounting for the batch effect.
The ion annotation information is used to obtain a list of significant monoisotopic ion
masses. These monoisotopic masses are searched against four databases to obtain putative
identifications. A subset of these putative identifications is verified by comparing the MS/
MS fragmentation patterns of the analytes with those from authentic compounds.
Quantitation of selected metabolic biomarkers is performed using isotope dilution by SRM
on a triple quadrupole linear ion trap (QqQLIT) mass spectrometer coupled with UPLC.

2. Study Population
After the study protocol has been approved by Tanta University ethical committee, adult
patients with HCC or cirrhosis were prospectively recruited from the outpatient clinics and
inpatient wards of the Department of Tropical Medicine and Infectious Diseases at Tanta
University Hospital, Tanta, Egypt. All participating patients provided informed consent
before taking part in the study. Patients were diagnosed to have cirrhosis on the basis of
established clinical, laboratory and/or imaging criteria with ultrasound examination. Cases
were suspected to have HCC if they had focal lesion in ultrasound examination and /or
elevated AFP above 200 ng/mL, but only diagnosed to have HCC based on well-established
diagnostic imaging criteria with spiral CT scanning and /or histopathology examination of
liver biopsy. Suspected cases who were not confirmed by CT or biopsy were excluded from
both groups of this study. A total of 89 participants were included in this study. The
participants consist of 40 HCC cases and 49 patients with liver cirrhosis. The characteristics
of the patient population in this study are summarized in Table I. Through peripheral
venepuncture single blood sample was drawn into 10 mL BD Vacutainer sterile vacuum
tubes without the presence of anticoagulant. The blood was immediately centrifuged at 1000
×g for 10 min at room temperature. The serum supernatant was carefully collected and
centrifuged at 2500 ×g for 10 min at room temperature. After aliquoting, serum was kept
frozen at 80 °C until use. Primary tubes and serum aliquots were labeled using anonymous
confidential code numbers with no personal identifiers. Identification codes were cross-
referenced with clinical information in a pass code protected computer system. Samples
were transported in dried ice.

3. Materials and Methods
Chemicals and reagents

LC check solutions (mixture of dodecanamide; 11-deoxycoricosterone; cortisone; thyroxine;
epitestosterone and N-benzoyl-D-phenylalanine), ammonium acetate, glycholic acid (GCA),
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taurochenodeoxycholic acid (TCDCA), glycodeoxycholic acid (GDCA),
glycodeoxycholic-2,2,4,4-d4 acid (D4_GDCA), glycodeoxycholic-2,2,4,4-d4 acid
(D4_GCA), Phe-Phe, 2C13_Phe-Phe, 3beta, 6beta-dihydroxy-5beta-cholan-24-oic acid, and
oleoyl carnitine were purchased from Sigma-Aldrich (St. Louis, MO). D35_LysoPC18:0 was
purchased from Avanti Polar Lipids (Alabaster, AL). D5_TCA was purchased from Toronto
Research Chemicals (North York, ON). Acetonitrile (ACN), methanol, isopropanol, and
chloroform were from Fisher Scientific (Pittsburg, PA). Metabonomics MS System Test
Mix (theophylline, caffeine, hippuric acid, 4-nitrobenzoic acid, nortriptyline HCl) was
purchased from Waters (Milford, MA). All other common chemicals of analytic grade were
purchased from Sigma-Aldrich.

Sample preparation and UPLC-QTOF data acquisition for semi-quantitative metabolomic
analysis

Frozen human serum was thawed at room temperature and 25 μL serum was mixed with 1.5
mL 66% ACN containing two internal standards (debrisquinone 1 μg/mL for positive mode
and nitrobenzoic acid 10 μg/mL for negative mode), vortexed and incubated for 10 min on
ice. Mixture was then spun at 10,000×g for 10 min at 4°C. Supernatant organic solution was
transferred, speed-vacuum dried at room temperature and reconstituted in 50 μL of mobile
phase (2% ACN containing 0.1 % formic acid) ready for injection. From each sample, 5 μL
was injected onto a reverse-phase 50 × 2.1 mm ACQUITY 1.7-μm C18 column (Waters
Corp, Milford, MA) using an ACQUITY UPLC system (Waters) with a gradient mobile
phase consisting of 2% ACN in water containing 0.1% formic acid (A) and 2% water in
ACN containing 0.1% formic acid (B). Each sample was resolved for 10 min at a flow rate
of 0.5 ml/min. The gradient consisted of 100% A for 0.5 min then a ramp of curve 6 to 60%
B from 0.5 min to 4.0 min, then a ramp of curve 6 to 100% B from 4.0–8.0 min, a hold at
100% B until 9.0 min, then a ramp of curve 6 to 100% A from 9.0 min to 9.2 min, followed
by a hold at 100% A until 10 min. The column eluent was introduced directly into the mass
spectrometer by electrospray. Mass spectrometric analysis was performed on a Q-TOF
Premier (Waters) operating in both positive and negative modes. The capillary voltage was
set to 3.2 kV and 3 kV, and the cone voltage of 30V and 20 V, respectively. The desolvation
gas flow was set to 800 liters/h and the temperature was set to 350 °C. The cone gas flow
was 25 liters/h, and the source temperature was 120°C. Accurate mass was maintained by
introduction of LockSpray interface of sulfadimethoxine (311.0814 [M+H] + or 309.0658
[M−H]−) at a concentration of 250 pg/μL in 50% aqueous ACN and a rate of 150 μL/min.
UPLC-QTOF data were acquired in centroid mode from 50 to 850 mass-to-charge ratio (m/
z) in MS scanning using the MassLynx software (Waters).

Sample preparation and UPLC-QqQLIT data acquisition for absolute quantitation
Frozen human serum was thawed at room temperature. 50 μL serum was spiked with 1 pmol
of isotope labeled internal standards, extracted by 1 mL chilled methanol, vortexed and
incubated for 10 min on ice. Mixture was then spun at 10,000 g for 10 min at 4°C.
Supernatant organic solution was transferred, dried down and concentrated by speed-
vacuum at room temperature and reconstituted in 50 μL of mobile phase (40% ACN
solution containing 10 mM NH4OAC and 0.1% FA) ready for injection. From each sample,
10 μL was injected onto a reverse-phase 50 × 2.1 mm ACQUITY 1.7-μm CSH C18 column
(Waters) using an ACQUITY UPLC system (Waters) with a gradient mobile phase
consisting of 40% ACN solution containing 10 mM NH4OAC and 0.1% FA (A) and 10%
ACN in isopropanol containing 0.1 % FA and 10 mM NH4OAC (B). The whole run lasted
11 minutes. The gradient consisted of 100% A for 1.0 min at flowrate of 0.25 mL/min then a
ramp to 50% B from 1.0 min to 5.0 min at flowrate of 0.25 mL/min, then ramp to flowrate
of 0.4 mL/min and 100% B from 5.1–9.1 min, return to 0.25 mL/min flowrate and 100% A
from at 9.2 min, followed by a hold at 100% A until 11 min. The column temperature was
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set to 50 °C. UPLC-QqQLIT data were collected in the SRM mode on QTRAP 4000 (AB
Sciex, Foster City, CA) operating in the positive mode with a capillary voltage of 4500 V
and source temperature of 450 °C. The curtain gas flow was set to 20, Sheath gas flow GS1
was set to 40.00, sheath gas GS2 was set to 20.00 and exit potential was 10 V.

UPLC-QTOF datasets, data analysis methods, and software tools
We generated UPLC-QTOF MS data from sera of 40 HCC cases and 49 patients with
cirrhosis in two batches (Batch 1 and Batch 2) run consecutively over a period of several
days. Batch 1 consists of a randomly selected set of 20 HCC cases and 25 cirrhotic controls
that were analyzed in two experiments (Exp. 1F and Exp. 1R). Following the analysis of the
first experiment (Exp. 1F), the experiment is repeated by reversing the order of the samples
(Exp. 1R). Similarly, Batch 2 consists of the remaining 20 HCC cases and 24 cirrhotic
controls (different subjects from Batch1) run into two experiments, Exp. 2F (forward order)
and Exp. 2R (reverse order). The data in both batches were acquired in both positive and
negative ionization modes. Therefore a total of eight UPLC-QTOF MS datasets were
acquired. Together with these serum samples, in each batch, we analyzed aliquots of serum
pooled from a subset of the HCC cases and patients with cirrhosis for quality assessment
purpose. The raw data were converted into Network Common Data Form (NetCDF) format
using the MassLynx software (Waters).

We used the XCMS package (Scripps Center for Metabolomics, La Jolla, CA) to preprocess
each of the eight UPLC-QTOF MS datasets separately. The first step in XCMS is to detect
the peaks. The peak detection algorithm first cuts the UPLC-QTOF data into slices, a
fraction of a mass unit wide, and then applies a model peak matched filter on those
individual slices over the chromatographic time domain. After detecting peaks in individual
samples, the peaks are matched across samples to allow calculation of retention time (RT)
deviations and relative ion intensity comparison. This is accomplished using a grouping
method that uses kernel density estimation to group peaks in the mass domain. These groups
are then used to identify and correct drifts in RT from run to run.

Following data preprocessing, ion annotation is conducted to identify derivative ions such as
isotopes, adducts, and in-source fragments. This helps group ions that are likely to originate
from the same metabolite on the basis of their monoisotopic masses and elution profiles. We
used the R-package CAMERA 18 for ion annotation. CAMERA groups together the detected
peaks that share similar retention times using a sliding RT window. Within each group, the
peaks are clustered into smaller groups based on the correlation between their extracted ion
chromatograms (EICs). The m/z difference between each peak pair within a group is
calculated and compared to known m/z relationships between different ion formations. The
two ions are considered to come from the same compound if their m/z difference can be
explained by one of the known m/z relationships.

The ion annotation information is used following difference detection to obtain a
summarized list of monoisotopic ion masses (Figure 1). For difference detection, in-house
developed MATLAB (Natick, MA) and R scripts are used on the basis of ANOVA
statistical models. The ion intensities were first log-transformed to satisfy the normality
assumption underlying ANOVA models. Based on the experimental design we took
advantage of two-way ANOVA models to combine datasets between batches to increase
statistical power. Batch 1 represents Exp. 1F and Exp. 1R while Batch 2 refers to Exp. 2F
and Exp. 2R. Since the experiments within each batch consist of the same biological
samples run in forward and reverse orders, we considered combinations of datasets from
different batches only in order to ensure independence across samples. Thus, we used the
two-way ANOVA model below to analyze four combinations, (i.e., Exp. 1F & Exp. 2F,
Exp. 1F & Exp. 2R, Exp. 1R & Exp. 2F, and Exp. 1R & Exp. 2R):
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where μ, α, β, γ, and ε represent global mean, group effect, batch effect, group-batch
interaction effect, and random error, respectively, for peak i in group j from batch k of
sample l. We selected those with significant group effect (qα < 0.1). The q-values were
estimated based on Storey’s pFDR method 19. We applied this approach for all four pair-
wise combinations in both positive and negative modes, thus a total of eight combinations
were considered.

A list of monoisotopic ion masses was obtained for the ions selected by the two-way
ANOVA model. Ion annotation information was used to convert the m/z values of annotated
isotopes/adducts/neutral-loss fragments ions to the corresponding neutral mono-isotopic
masses before searching them against the databases. Putative identifications of the
monoisotopic masses were found using MetaboSearch 20 to search against four databases:
the Human Metabolite DataBase (HMDB) 21, Metlin 22, Madison Metabolomics
Consortium Database (MMCD) 23, and LIPID MAPS 24. The mass tolerance in
MetaboSearch was set to 10 ppm. Identities of some of the putative metabolite
identifications were verified by comparing their MS/MS fragmentation patterns and RT with
those of authentic standard compounds. Quantitation of metabolite candidates was
performed using isotope dilution technique by UPLC-SRM-MS/MS analysis on the QTRAP
4000 instrument. Because of the high physiochemical similarities between the labeled
internal standard and the analyte, degradation during sample preparation, variations in
instrumental response, and ion suppression effects in LC–ESI-MS can be compensated.
Quantitation of metabolites was achieved by correlating their ratio of MS signals detected by
SRM in the calibration curves that we constructed by relating the varying amounts of each
analyte to their relative response factors (RRFs) as determined by the ratio of the peak area
of the analyte to that of the corresponding isotope-labeled internal standard.

3. Results
In this section, we present the results obtained in each step of our biomarker discovery
pipeline that included untargeted metabolomics by UPLC-QTOF and quantitation of
targeted metabolites by triple quadrupole mass spectrometry. The raw data from this study
are deposited in MetaboLights (Accession # MTBLS19) along with all peaks detected, fold
change values, statistical analysis results, and a list of verified metabolites.

Data preprocessing
We processed each of the eight UPLC-QTOF MS datasets (Exp. 1F, Exp. 1R, Exp. 2F, and
Exp. 2R) separately. Table II presents the number of peaks detected by XCMS in each
dataset. Four pair-wise comparisons were performed in each mode to select a set of common
ions between a pair of two experiments involving independent samples. The pair-wise
comparisons were done on four sets of data obtained by combining the independent samples
from Batch 1 and Batch 2: (i) Exp. 1F and Exp. 2F, (ii) Exp. 1F and Exp. 2R, (iii) Exp. 1R
and Exp. 2F, and (iv) Exp. 1R and Exp. 2R. We excluded pair-wise comparisons that would
combine measurements from the same sample, that is, the combinations Exp.1F & Exp.1R
and Exp.2F & Exp.2R were not considered. In each pair-wise comparison, we only
considered those ions that are present in both experiments.

Difference detection
Table II shows the number of peaks detected in each of the eight datasets as well as the
peaks with significant group effect (qα < 0.1) selected by the two-way ANOVA model.
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Table III summarizes the number of ions selected in each of the pair-wise combinations.
Also, the table presents the total number of unique ions found in the positive and negative
modes after combining the results from the four two-way ANOVA models based on
monoisotopic ion masses derived by ion annotation.

Metabolite identification and verification
We found putative identifications for 158 monoisotopic ion masses (positive and negative
mode ions combined) by searching against mass-based databases (Table III). Table IV
presents 34 candidates manually picked from these monoisotopic ion masses on the basis of
their putative identifications, significant group effect between HCC and cirrhosis based on
two-way ANOVA model, and the variability of the corresponding peaks in the QC runs of
the pooled sample. A supplementary table presents the fold changes (HCC vs. cirrhosis) for
these candidates in the pair-wise experiment combinations in which they were found to be
statistically significant. To assess the measurement variability of these candidates, we
extracted the corresponding peaks in the QC runs of the pooled sample. For each of these
candidates, the average and standard deviation of the QC values adjusted for batch effect are
presented in the supplementary table. From the 34 candidates, we verified the identities of
15 ions including GCA, GDCA, GCDCA, Phe-Phe, Oleyol carnitine, 3beta, 6beta-
dihydroxy-5beta-cholan-24-oic acid, and in-source fragments of GCA, GDCA, and
GCDCA. This was accomplished by acquiring MS/MS spectra of these ions from a serum
sample and comparing these spectra with those from authentic compounds. Figure 2 depicts
the fragmentation patterns for bile acid metabolite GDCA, Phe-Phe, oleyol carnitine, and
3beta, 6beta-dihydroxy-5beta-cholan-24-oic acid.

Metabolite quantitation
Following ID verification, candidate metabolites were quantified using isotope dilution by
UPLC-SRM-MS/MS, where a stable isotope analogue of the analyte compound is used as an
internal standard. The quantitation was done on all 89 serum samples by targeting seven
metabolites identified by our untargeted metabolomic study, of which three metabolites have
been reported previously in HCC biomarker discovery studies 1011, 141525. For absolute
quantification of Phe-Phe, 3beta, 6beta-dihydroxy-5beta-cholan-24-oic acid, GCA, GDCA,
TCDCA, oleoyl carnitine, and linoelaidyl carnitine, we spiked the serum samples with the
following internal standards: 2C13_Phe-Phe, D4_GCA, D4_GDCA, D5_TCA, and
D35_LysoPC 18:0. Two SRM transitions were selected for each compound for both
quantitation and ID confirmation. Figure 3 presents dot plots of the metabolite levels
measured by SRM in 40 HCC cases and 49 cirrhotic controls. The HCC cases are stratified
by stage in two groups. The first group consists of 29 stage I cases. The second group has 8
cases of both stages II & III combined. For each dot plot in the figure, the statitical
significance of the difference beween each group versus cirrhosis is presented by the
corresponding p-values.

4. Discussion
We analyzed serum samples from 40 HCC cases and 49 patients with cirrhosis using UPLC-
QTOF-MS under positive and negative detection modes. Prior to data acquisition, the
analytical platform of LC was first checked on chromatogram quality in terms of peak
resolution and peak shape using LC checking solution, 17 which contains the mixture of
compounds with diverse chromatographic retention behavior, followed by MS test using
mixture of metabolites to ensure the mass accuracy (less than 5ppm) and mass resolution
(more than 10,000 FWHM). The mobile phase gradient was also optimized to avoid sample
carryover and column memory effect while adequate numbers of QC samples were injected
before and in the middle of analysis, both of which assure the system reproducibility of
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retention time and MS signal. The LC-MS data were first preprocessed to detect peaks,
match the peaks, and correct RT drifts. The most relevant ions in distinguishing HCC cases
from cirrhosis were selected by using a two-way ANOVA model that combines datasets
from different batches involving independent samples to gain more statistical power. We
considered two-way repeated measures ANOVA models to combine the within-batch
datasets. However, the large variability between the forward and reverse experiments often
obscured the group effect, resulting in a loss of statistical power. Several candidate
metabolites that were selected by the two-way ANOVA models, but were missed by the
two-way repeated measures ANOVA model, were confirmed by SRM quantitation,
providing evidence that our choice of statistical method was appropriate.

Putative identifications for the selected ions were obtained by searching the selected
significant monoisotopic ion masses against mass-based databases. We observed that
metabolites with significant and consistent changes between HCC cases and cirrhosis are
primarily involved in bile acid biosynthesis, long chain carnitine and small peptide
metabolism. In previous studies, abnormal levels of bile acid have been reported in patients
with liver cirrhosis and hepatitis 12, 14, 15. Bile acids of GCDCA (or GDCA), GCA, TCA,
CDCA in serum of patients with hepatitis B have been reported to be up regulated compared
to healthy controls 14. Those bile acids metabolites in HCC, on the other hand, showed down
regulation compared to liver cirrhosis 15. Our findings shown in Table IV also indicate the
down-regulation of GCA, GDCA, GCDCA, and their in-source fragments in HCC cases
compared to patients with cirrhosis. Conjugated bile acids and their sulfation product enable
the absorption of lipids, cholesterol and fat-soluble vitamin and are reported to play a key
role in the detoxification of endogenous and exogenous lipophilic compounds 26. Previous
results indicate that bile acids as metabolite biomarkers for liver injury might play more
important roles in the metabolism of liver cirrhosis 15. Bile acids are also important
signaling molecules that induce energy consumption so that regulated energy homeostasis
occurs by promoting the intracellular thyroid hormone activation 27. Dysfunction of bile
acid biosynthesis was also reported to be associated with liver cancer progression and
development 15, 28.

We observed down regulation of long chain carnitine, oleoyl carnitine, palmitoyl carnitine,
and linoelaidyl carnitine in HCC patients compared with cirrhotic controls. As a
trimethylated amino acid, carnitine has functioned to reduce the availability of lipid
peroxidation by transporting fatty acids into the mitochondria for beta-oxidation to generate
adenosine triphosphate (ATP) energy. It has been reported to have reduced expression in
individuals on a strict vegetarian diet 29. Its metabolism could be disturbed by a variety of
mechanisms in patients with chronic liver disease since the last step of carnitine
biosynthesis, hydroxylation of butyrobetaine is located almost exclusively in the liver, which
decreases its expression 30. Also, it is speculated that deteriorated liver function could cause
reduced energy production through decreased amino acid synthesis and carnitine deficiency.
This is because carnitine is synthesized endogenously from the essential amino acids 31.
Recent publication by Zhou et al discussed the differential metabolism of carnitines in serum
and urine of patients with HCC and cirrhosis, and concluded that depending on the cause
and the progression of liver damage, the acylcarnitines with short chain and long chain could
show reverse accumulation in cirrhosis and HCC 32. This matches our finding of the down
regulation of oleoyl carnitine in HCC and supports the hypothesis that cancer cell changes
energy metabolism by promoting glycolysis and suppressing the TCA cycle, in which the
relative accumulation of C2-acylcarnitine and other medium and short-chain acylcarnitines
would be detected in HCC compared with cirrhosis. On the other hand such accumulation
may inhibit the formation of long-chain acyl-CoA, which causes a relatively smaller
accumulation of long-chain acylcarnitines in HCC compared with cirrhosis. Moreover, these
glycolytic intermediates could facilitate the proliferation of cancer cells 33.
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It is known that long-chain acylcarnitines play an important role in free fatty acid (FFA)
oxidation responsible for the transportation of acyl-coenzyme A (CoA) into mitochondria.
Recent study on fatty acids metabolism in HCC revealed that FFAs accumulated
progressively from controls to cirrhosis and HCC with a slight difference between cirrhosis
and HCC 33. Table IV shows down-regulation of fatty acid of tetracosahexaenoic acid and
3-hydroxy-eicosanoic acid in HCC cases compared to cirrhotic controls. Also, we observe
abnormal regulation of small peptides in sera of HCC compared with cirrhosis (shown in
Table IV), e.g. down regulation of L-alanine (Beta-leucine/T-butyl glycine) and L-N2-(2-
arboxyethyl) arginine, and up regulation of Phe-Phe.

Phospholipid metabolites have been reported previously as candidate markers for HCC 1625.
Our study also found significant differential expression of phospholipid metabolites by
untargeted metabolomic study, such as LysoPC(20:4) and LysoPC(20:1), and
CerP(d18:1/12:0) and PE(20:4/18:1). It is known that LPC and LPE regulate a variety of
biological processes including cell proliferation, tumor cell invasiveness, and inflammation.
The enzyme of PEN-methyltransferase 2 (PEMT2) plays the role in balancing phospholipids
that constitute cellular membrane by catalyzing the conversion of PE to PC in the liver. The
abnormal expression of PEMT2 mRNA in HCC has been reported as the possible cause of
the accumulation of PE or LPE 11, 34.

The results of our targeted quantitation by SRM on seven metabolites confirm the
discoveries made in untargeted metabolomic studies. As shown in Figure 3, we observed
statistically significant (p<0.05) changes for all seven metabolites between stage II & III
cases versus cirrhotic controls. Also, a consistent pattern is observed in metabolite levels in
the progression of the disease from cirrhosis to early stage and to late stage, indicating
metabolic deregulation during the process of HCC tumorigenesis. Although the changes in
metabolite levels between early stage HCC cases and cirrhotic controls are not statistically
significant for GCA and TCDCA, we observed consistent patterns and statistically
significant changes for the remaining five candidates between cirrhosis, stage I cases, and
stage II & III cases. This indicates the potential applicability of the metabolic perturbations
of these candidates not only as early diagnostic biomarkers of HCC but also to monitor the
progression of cirrhosis to early stage of HCC and to late stage HCC.

5. Conclusion
In this study, we characterized the metabolic differences in sera between HCC cases and
patients with liver cirrhosis using serum samples collected in Egypt. First, we used the
UPLC-MS/MS for untargeted profiling of metabolites. The most relevant ions in
distinguishing HCC cases from cirrhosis were selected, annotated and identified by
searching the monoisotopic ion masses against mass-based databases. Candidate metabolite
markers with significant and consistent changes between HCC cases and cirrhosis identified
in this study include: (1) Bile acid related and liver-specific metabolites down-regulated in
HCC vs cirrhosis; (2) long chain carnitine and free fatty acid metabolites such as oleoyl
carnitine and tetracosahexaenoic acid; (3) small peptides such as Phe-Phe and L-N2-(2-
arboxyethyl) arginine. Second, we selected seven candidates for targeted quantitation by
SRM. By SRM method, we showed that Phe-Phe is up regulated, while bile acid metabolites
of GDCA, 3beta, 6beta-dihydroxy-5beta-cholan-24-oic acid, GCA, TCDCA and long
carnitines of oleoyl carnitine and linoelaidyl carnitine are down regulated in stage II & III
HCC cases vs. patients with liver cirrhosis. The majority of these metabolites have been
shown to not only discriminate early stage HCC from cirrhosis but also maintain a
correlation with the progression of liver disease, from cirrhosis to HCC stage I to stage II &
III. Thus, following appropriate clinical validation, the metabolic perturbations of these
candidates can be used for early detection of HCC and to monitor the progression of
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cirrhosis to HCC. Also, they can be utilized to gain useful insights into metabolic
deregulations contributing to the development of liver diseases, or the mechanism of
tumorigenesis in HCC. Future studies will include investigating these candidate biomarkers
on a larger population that allows stratification of the subjects on different stages of HCC
(stage I–IV) to evaluate if the observed metabolic changes can be reliably used for early
detection of HCC in high risk population of cirrhotic patients. In addition, we will evaluate
the potential applicability of these candidate biomarkers in distinguishing healthy
individuals from patients with cirrhosis or HCC cases. This type of investigation is useful to
identify disease progression markers from healthy to cirrhosis then to HCC.

Supplementary Material
Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Workflow for analysis of UPLC-QTOF MS data from two batches of samples in four
separate experiments.
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Figure 2.
Verification of metabolite GDCA (A1 and A2), Phe-Phe (B1and B2), Oleyol carnitine (C1
and C2), and 3beta, 6beta-dihydroxy-5beta-cholan-24-oic acid (D1 and D2). MS/MS
spectrum of an authentic compound and MS/MS spectrum obtained from a serum sample are
presented for each of the four metabolites.
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Figure 3.
Quantitation of seven candidate metabolites in sera of 40 HCC cases (29 stage I and 8 stage
II & III) and 49 cirrhotic controls.
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Table I

Characteristics of the study population.

HCC (N= 40) Cirrhosis (N= 49) p-value

Age mean(SD) 53.28 (3.93) 54.33 (7.32) 0.3898

Male (%) 77.5% 67.3% 0.2889

Etiology (%)

 HCV Ab(+) 100% 100% 1.0000

 HBsAg(+) 0% 6% 0.0832

 Smoking 60% 53% 0.5165

 Alcoholism 0% 0% 1.0000

MELD

 mean(SD) 17.71 (7.5) 21.12 (8.24) 0.0346

 MELD ≤ 10 20% 12%

AFP

 mean(SD) 932.93 (1317.97)

Tumor Stage

 T1N0M0 72.5%

 T2N0M0 15.0%

 T3N0M0 5.0%

 Unknown 7.5%
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