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Hepatocellular carcinoma (HCC) is the world’s third most lethal cancer and has a 

five-year survival rate of 10%. Early detection of HCC improves patient outcome but is 

exacerbated by the poor diagnostic accuracy of the principal HCC biomarker alpha-

fetoprotein (AFP). Resource-poor areas of sub-Saharan Africa and East Asia suffer the 

brunt of HCC’s mortality rate, and coupled with HCC’s emergence as the fastest rising 

cause of cancer-related death in the United States, there is a global urgent need for an 

inexpensive, reproducible, and accurate HCC rapid diagnostic test that streamlines 

early detection and improves the curative outlook for HCC patients. Using liver cancer 

and cirrhosis patient serum, non-targeted liquid chromatography/mass spectrometry 

metabolomics was employed toward the discovery of HCC diagnostic biomarkers. 

Serendipitously during the metabolomics endeavor, potential biomarkers of cirrhosis 

were also identified. In a targeted proteomics investigation, ELISA and multivariate 

statistics were used to characterize the utility of immune factor soluble CD25 in 

diagnosing the presence and early stages of HCC. 



 

14 

CHAPTER 1 
SYSTEMATIC REVIEW OF HCC METABOLOMICS STUDIES 

 
Challenges in Liver Cancer Diagnosis 

Hepatocellular carcinoma (HCC) is the world’s third most lethal cancer, 

possessing a five-year survival rate of 10% that results in between 250,000 to 

1,000,000 deaths per year (1-2). HCC culminates from a preexisting long-term condition 

of cirrhosis in 90% of cases (3) and cirrhosis patients are among the best characterized 

individuals at high risk for developing cancer. Notwithstanding the opportunity for clinical 

surveillance of these patients, the dismal survival rate persists and HCC has now 

emerged as the fastest rising cause of cancer related death in the United States (4-5). 

HCC patients in sub-Saharan Africa face a particularly grim outlook, with >90% of 

patients in rural areas of these regions progressing within the first year of HCC onset 

(6). A major hindrance to successful early diagnosis of HCC stems from the 

substandard accuracy of the principal HCC diagnostic modalities. Alpha-fetoprotein 

(AFP) is the main biomarker for HCC and despite the inexpensive and reproducible 

nature of the AFP blood test, its sensitivity of 25-65% (7-8) for HCC has exacerbated 

early detection of this cancer. The low sensitivity of AFP can be explained by the fact 

that up to 40% of HCC and cirrhosis patients have normal AFP levels, and that AFP is 

often elevated in patients without HCC (9-11). Moreover, only 10-20% of patients with 

early-stage HCC have elevated AFP levels (12). Exclusion of AFP as an HCC 

diagnostic modality in the AASLD guidelines for HCC surveillance underscores AFP’s 

unreliability to accurately screen for early HCC (13). Efforts to overcome this 

substandard performance have resulted in the identification and commercialization of 

novel HCC biomarkers des-gamma-carboxyprothrombin (DCP) and lectin-bound AFP 
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(AFP-L3). These markers are ineffective when used alone as HCC biomarkers, 

however, and even when combined with AFP still demonstrate poor sensitivity for HCC, 

particularly in the detection of lesions <3cm (14). While magnetic resonance imaging 

and computed tomography offer better accuracy in HCC diagnosis, these sophisticated 

diagnostic modalities are both economically and logistically incompatible with the 

resource-poor areas experiencing the brunt of HCC’s mortality rate (15-17). Improving 

early HCC detection and patient outcome globally requires fulfilling of the urgent need 

for a reproducible, inexpensive, and accurate HCC diagnostic test. 

Metabolomics: A Powerful Biomarker Discovery Tool 

Numerous genomic and proteomic screens have been employed to identify 

potential biomarkers for HCC (18-24) but to date the markers identified in these studies 

have not been clinically fruitful. Because the liver is the hub of carbohydrate, amino 

acid, and lipid metabolism (25-26), chronic liver diseases undoubtedly disrupt normal 

metabolic function. A metabolomics analysis of HCC and cirrhotic tissue can therefore 

elucidate the metabolic pathways most relevant to the hepatocarcinogenic process and 

identify metabolites showing promise as HCC biomarkers. Metabolomics is the 

comprehensive identification of all small metabolites <2kDa in a tissue sample. Through 

combined gas or liquid chromatography/mass spectrometry or nuclear magnetic 

resonance (NMR) instrumentation, metabolomics platforms enable investigators to 

rapidly screen hundreds of metabolites in a large series of biofluid or solid tissue 

samples and are capable of simultaneously detecting both acidic (polar) compounds like 

amino acids and organic (non-polar) species such as lipids. Metabolomics platforms are 

useful translational research tools because they reveal intergroup metabolite expression 

pattern differences in an automated, rapid, high-throughput, quality controlled, and 
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reproducible manner. Metabolomics facilitates rapid identification of diagnostic markers, 

prognostic markers, and lead drug target pathways and their implementation in in drug 

discovery divisions of pharmaceutical giants underscores their important role in the lead 

target generation realm (27). 

HCC Metabolomics: A Systematic Review 

At least fifteen human HCC metabolomics studies and one rodent HCC 

metabolomics study have been reported (28-42). These studies illustrate the key 

pathways involved in stepwise hepatocarcinogenesis and reveal metabolites that may 

have utility as biomarkers of HCC and cirrhosis. The findings of these studies are 

described below and are summarized in Table 1-1. These works reveal deregulation of 

bile acid metabolism, fatty acid -oxidation by way of the carnitine palmitoyltransferase 

(CPT) shuttle system, amino acid metabolism, and glycerophospholipid metabolism in 

HCC vs. cirrhosis.  

Among the first HCC metabolomics studies was performed in 2007 when Yang 

and colleagues employed high resolution magic angle-spinning 1H nuclear magnetic 

resonance to delineate the metabolomic profile differences of low-grade HCC, high-

grade HCC, and non-involved adjacent cirrhosis using patient biopsy samples (28). The 

group reported higher levels of glycerophosphocholine, choline, creatine, the 

glycerophospholipid phosphorylethanolamine, glutamine, and glutamate, and decreased 

glucose in HCC vs. cirrhosis. They then compared the metabolomic expression patterns 

of low-grade HCC vs. cirrhosis to elucidate the pathways most prominently involved in 

the formation of early HCC. There were increased levels of lactate, alanine, leucine, 

glutamate, glutamine, phosphatidylcholine (PC) and PE but lower levels of glucose, and 
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glycogen in HCC vs. uninvolved control tissue. These trends were subsequently 

observed in the comparison between high-grade HCC and cirrhosis. The elevated 

metabolites were directly related to tumor burden, while the diminished compounds 

exhibited an inverse correlation.  Bile acid elevations in HCC have been reported 

previously (43-44) and may be explained by HCC invasion and obstruction of the bile 

duct. Bile duct blockage can impede adequate transfer of bile acids to the small 

intestine thereby impairing sufficient absorption and digestion of fats and leading to a 

buildup of both bile acids and lipids in the hepatic tumor microenvironment.  

The finding of increased amino acids in HCC vs. control tissue is consistent with 

numerous studies implicating elevated amino acids and the enzymes responsible for 

their production in cancer initiation and progression (45-48). In one large scale 

metabolomics analysis of 60 cancer cell lines, Jain and colleagues identified glycine as 

the most significantly and consistently upregulated metabolite in cancer cells vs. healthy 

lines (48). Enhanced amino acid production is consistent with the metabolic remodeling 

hallmark of cancer known as the Warburg effect, which involves a shift from TCA cycle 

and -oxidation to a heightened reliance on glycolysis for energy production (49). Amino 

acids are important glycolytic enzyme activators, and one recent study demonstrated 

that serine was an activator of pyruvate kinase M2 (50), the cancer isoform of glycolytic 

enzyme pyruvate kinase responsible for conversion of phosphoenolpyruvic acid (PEP) 

to pyruvate. The group’s concomitant observation of elevated lactate in HCC vs. 

cirrhosis is consistent with the Warburg hypothesis. Upregulated amino acids in HCC 

may also be explained by the greater protein turnover that transpires in rapidly dividing 

tumors versus the surrounding non-cancerous tissue. The upregulation of choline, the 
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head group of many phospholipids that comprise the plasma membrane, not only 

reflects increased plasma membrane synthesis demand by the growing tumor but is 

also consistent with the observed elevations in bile (cholic) acid concentration in HCC 

vs. control tissue since choline is an important constituent of these fat-emulsifying 

compounds. The destruction of cholinergic receptors in amyloid plaques and 

neurofibrillary tangles of the brain has also been linked to encephalopathy, a common 

neurological disorder witnessed in HCC patients (51). The link between hepatic 

encephalopathy (HE) and HCC remains unclear, but the parallel elevations of choline 

and glutamine in HCC patients vs. cirrhosis controls may partially be associated with a 

cataclysmic loss in cholinergic receptor concentration and the initial stages of HE onset, 

respectively (52).  

Marked alterations in lipid expression between HCC patients and cirrhosis 

controls were also hallmarks of a recent metabolomics study by Patterson et al.et al. 

(29). HCC patients and cirrhosis controls were gender and sex-matched and had Child-

Pugh A, emblematic of well compensated cirrhosis.  Patient plasma samples were 

processed on an ultrahigh performance liquid chromatography/electrospray ionization 

quadrupole time-of-flight-mass spectrometry (UPLC/(ESI)QTOF-MS) platform. The 

group reported significantly downregulated levels of lysophosphatidylcholines (LPC) and 

free fatty acids (FFA) in HCC vs. cirrhosis. LPC(14:0), LPC(20:3), LPC(22:6) and very 

long chain fatty acids FFA(24:0) (lignoceric acid) and FFA(24:1) (nervonic acid) all 

trended lower in HCC. The decreases of lignoceric and nervonic acid in HCC vs. 

cirrhosis were especially patent and may reflect peroxisome proliferator-activated 

receptor-alpha (PPAR-) induced enhancement of peroxisomal -oxidation. Previous 
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reports implicating heightened PPAR- activity in HCC support this hypothesis (53-55). 

Decreases in these FFAs may also be related to increased activity of lignoceryl-CoA 

ligase, the enzyme responsible for very long chain fatty acid catabolism and one acted 

upon by PPAR- (56). As mentioned previously, LPCs are the glycerophospholipid 

building blocks of cell membranes and elevations in these metabolites may reflect the 

heightened metabolic needs of growing HCCs. LPCs are also major lipids bound to 

human albumin (57). Decreased serum albumin is a signature of liver cirrhosis and liver 

cancer and elevations of systemic LPCs may be attributed to the shortage of 

appropriate albumin binding sites that results in increased circulating levels of these 

metabolites. This study also showed significant elevations of bilirubin and biliverdin in 

HCC vs. cirrhosis, a phenomenon consistently reported in HCC metabolomics studies 

and witnessed in the clinical management of chronic liver disease patients. An 

insignificant elevation of bile (cholic) acids in HCC was also observed, a trend 

consistent with the aforementioned 1H NMR study. Moreover, an elevation of bile acids 

coincides with the findings of a study by Hayashi and colleagues that showed that 

peroxisomal -oxidation may serve an anabolic role in the production of bile acids (58).  

Aberrant lipid and bile acid metabolism were also hallmarks of HCC vs. cirrhosis 

in a recent work by Ressom and colleagues (36). Using UPLC/QTOF-MS, serum 

metabolomic profiles were compared in 78 HCC patients representing various etiologies 

and 184 cirrhosis disease controls. Patients were matched by age, gender, race, 

etiology, Model for End-Stage Liver Disease (MELD) scores, and AFP levels. Mass 

spectrometry peak areas showed that in contrast to the findings of the above mentioned 

studies, the bile acids glycodeoxycholic acid (GDCA), glycocholic acid (GCA) and 
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taurochenodeoxycholic acid (TCDCA) all trended significantly lower in the HCC group 

vs. cirrhosis controls. Among the other trends observed was overexpression of LPCs 

and lysophosphatidylethanolamines (LPE) in HCC vs. cirrhosis, and upregulation of 

sphingosine-1-phosphate (S1P) in HCC. The overexpression of LPCs is in agreement 

with the Patterson study while the upregulation of S1P, a signalling lipid, was a novel 

finding in HCC metabolomics. S1P has been heavily implicated in promoting the 

progression of several cancers including HCC (59-60). S1P’s precursor sphingosine is 

produced via acid ceramidase (AC) activity on ceramide. Ceramides are shown to 

possess apoptotic effects, while sphingosine 1-phosphate is demonstrated as an anti-

apoptotic and angiogenic molecule (61). This cell turnover control mechanism is known 

as the “sphingosine rheostat,” and AC is an important modulator of cell death 

homeostasis. Higher S1P in HCC may also reflect an independent enhancement of 

SPHK activity. One study demonstrated the antitumor property of a selective SPHK2 

inhibitor in HCC xenografts (62), implicating SPHK as a promoter of HCC progression. 

Heightened AC activity that results in increased sphingosine may lead to a larger 

reservoir of S1P via sphingosine kinase (SPHK) and may promote the establishment of 

a microenvironment conducive to HCC initiation. 

Further metabolomics work by Xiao, Ressom and colleagues (29) revealed 

metabolomic differences between 40 HCV-associated HCC patients and 49 cirrhosis 

controls using UPLC/QTOF-MS. The team also studied the link between metabolite 

levels and tumor burden. In contrast to their above mentioned study, this analysis found 

significant downregulation of glycerophospholipids (LPCs and LPEs) but again 

observed decreases in bile acids. Among the novel findings of this investigation 
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included decreased levels of acylcarnitines in HCC vs. cirrhosis. Results also showed 

that as tumor burden worsened, the expression of acylcarnitines and bile acids trended 

significantly downward. Stage II and III HCC exhibited lower levels of these metabolites 

in comparison to stage 1 (staging based on the American Joint Committee on Cancer 

Tumor Lymph Node Metastatic Disease (TNM) system). The downregulation of fatty 

acids, acylcarnitines, and bile acids in HCC vs. cirrhosis supports the cancer Warburg 

effect involving a metabolic shift from TCA cycle and mitochondrial -oxidation to a 

heightened reliance on glycolysis for energy production. To undergo -oxidation in the 

mitochondrial matrix, free fatty acids (fatty acyl-CoA) must link with cytosolic carnitine 

via CPT shuttle system enzymes to form acetylcarnitines. Acetylcarnitines are capable 

of penetrating the inner mitochondrial membrane and once inside the matrix, CPT 

enzymes liberate fatty acyl-CoA allowing -oxidation to ensue.  Decreased 

concentration of acylcarnitines in HCC vs. cirrhosis suggests impairment of CPT1-

mediated formation of these compounds from FFA and carnitine.  Bile acids are 

synthesized in the liver and aid in fatty acid absorption and digestion and their 

downregulation in HCC may reflect this metabolic shift away from -oxidation or 

reduced de novo bile acid production caused by the obliteration of healthy hepatocytes 

during chronic liver disease. Diminished bile acids may also reflect constitutive 

activation of farnesyl X receptor (FXR), a bile acid-activated nuclear receptor that is also 

activated by a variety of other lipids including eicosanoids (63). FXR silences Cyp7A1-

catalyzed production of bile acids and is implicated in promoting progression of HCC by 

multiple studies (64-65). In the Fujino et al. study of FXR-induced promotion of HCC 
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progression, siR-mediated supplementation of FXR enhanced HepG2, Huh7, and HLE 

HCC cell line progression while FXR knockdown halted this progression.  

This trend of diminished bile acids in HCC vs. cirrhosis in the Xiao work was also 

observed in a recent LC/QTOF-MS study using serum from 82 HBV-associated HCC 

patients, cirrhosis patients, and healthy controls (38). Wang et al. reported strong 

upregulation of phosphatidylcholines (PCs) and LPCs in HCC vs. cirrhosis. The team’s 

analysis also showed a striking 677-fold elevation in canavaninosuccinate (CSA) level in 

HCC patients vs. their cirrhosis counterparts (P < .01). Subsequent receiver operator 

characteristic analysis revealed that the sensitivity and specificity of AFP and CSA for 

distinguishing the HCC patients from cirrhosis controls were: AFP20ng/mL 74% and 38%; 

AFP200ng/mL 52% and 90%; CSA 79.3% and 100%; combined CSA and AFP20ng/mL 96.4% 

and 100%. CSA is the precursor to fumarate, a key metabolite of the TCA cycle, and 

elevation of CSA may reflect impairment in the formation of TCA intermediates and 

promotes the above referenced Warburg theory involving a metabolic shift from 

oxidative to anaerobic energy production in cancer microenvironments, which are often 

more hypoxic than healthy tissue (66).  

Because HCC is linked to a variety of diverse etiologies including viral hepatitis, 

alcoholic cirrhosis, non-alcoholic fatty liver disease (NAFLD), steatohepatitis, and 

aflatoxin B1, metabolomics is useful for revealing the variation in metabolism these 

etiologies cause. Given the limited knowledge of the metabolomic differences between 

hepatitis B (HBV) and hepatitis C-associated HCC, Zhou and colleagues compared the 

serological metabolomic expression patterns of HCV cirrhosis-associated HCC and 

HBV cirrhosis-HCC (39). The group also looked at whether metabolomic alterations in 
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HCV-HCC and HBV-HCC were significantly different from cirrhosis and healthy control 

metabolomes. The study revealed massive downregulation of LPCs in HBV-HCC and 

HCV-HCC versus cirrhosis controls, with a greater magnitude decrease of LPC 

expression in HBV-infected HCC patients vs. cirrhosis controls than their HCV-HCC 

counterparts. The analysis also showed significant elevation of bile acids, heme 

pigmentation compounds bilirubin and biliverdin, upregulation of acylcarnitines and 

downregulation of glycerophospholipids in cirrhosis patients vs. healthy controls, 

suggesting that these metabolites were signatures of the onset of cirrhosis. 

Metabolomic profile comparison between HBV-cirrhosis patients vs. patients with HBV-

only revealed a similar global downregulation of LPCs in the cirrhosis cohort vs. viral 

hepatitis controls. The findings of this study suggest a progressive downregulation of 

LPCs during the course of progression from viral hepatitis to cirrhosis and a bottomed 

out expression occurring with HCC. This trend may reflect first the substantial cell death 

that occurs during cirrhosis resulting in diminished LPC levels, followed by a 

subsequent massive turnover of residual LPCs by the growing HCC that further 

exhausts the LPC reservoir. The magnitude of LPC decrease in HBV-HCC vs. cirrhosis 

was greater than HCV-HCC vs. cirrhosis, suggesting that HBV exerts a more prominent 

influence on LPC metabolism than HCV. 

Other classes of metabolites routinely implicated in metabolomics studies include 

amino acids and their derivatives, a notable example of which are the -glutamyl 

peptides. A recent capillary electrophoresis-time of flight mass spectrometry analysis 

involving sera obtained from HCV-associated HCC patients, cirrhosis patients, HBV and 

chronic hepatitis C patients, and healthy volunteers showed markedly significant 
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variations in -glutamyl expression among these groups (35). No differences in -

glutamyl peptide expression were observed between HCC and cirrhosis controls, but 

several significant alterations were witnessed in the HCC vs. viral hepatitis, HCC vs. 

NHC, cirrhosis vs. viral hepatitis, and cirrhosis vs. NHC comparisons. In general, HCC 

-glutamyl expression was increased in comparison to healthy controls, while -glutamyl 

peptides were decreased in HCC vs. viral hepatitis. -glutamylglycine, -

glutamylalanine, -glutamylvaline and -glutamylserine, -glutamyltaurine, -

glutamylleucine, and -glutamyllysine were all strongly (.0001 < P <.001) downregulated 

in HCC vs. viral hepatitis B and C infection. -glutamyl peptides are precursors to 

glutathione, the chief antioxidant compound primarily synthesized in the liver. The 

respective elevation of these intermediates in HCC and cirrhosis patients vs. NHC 

suggests that increased oxidative stress contributing to liver dysfunction calls for 

heighted production of these precursors to combat this deteriorative process. This is 

consistent with reports implicating oxidative damage as a key pathway in HCC 

progression and one that increases patient vulnerability for HCC recurrence (67-68). -

glutamyl peptides are also liberated in free form by gamma-glutamyl transpeptidase 

(GGT) mediated breakdown of glutathione. GGT is an enzymatic signature of liver 

disease and a marker routinely used in the clinic to assess the severity of liver 

dysfunction. Excess breakdown of glutathione may explain the relative elevation of -

glutamyl peptides in cirrhosis vs. NHC and the impaired oxidative stress neutralization 

commonly witnessed in HCC. 

Protein metabolism perturbations can also be detected through surface 

enhanced laser desorption/ionization time-of-flight mass spectrometry (SELDI TOF-MS) 



 

25 

metabolomics. Wu et al. tapped this technology to investigate the metabolomic 

expression profiles of HBV-associated HCC patients, cirrhosis patients, and healthy 

controls (31). Their results reveal the upregulation of two proteins, growth related 

oncogene-alpha (GRO-) and thrombin light chain (TLC), in HCC patients vs. cirrhosis 

controls. To validate these putative markers, serum from an alternative series of HCC, 

cirrhosis, healthy, and cancer control patients was subjected to SephdexTM Peptide 

10/300GL, HitrapTM CM, and Mono Q 5/50 GL liquid chromatography for protein 

separation. The separated products were purified using SDS-PAGE and their identities 

were confirmed using electrospray ionization mass spectrometry (ESI-MS). In this 

alternative series of patients, GRO- was upregulated four-fold in HCC patients vs. 

cirrhosis controls and its level directly correlated with HCC tumor burden. GRO- also 

trended higher in gastric, nasopharyngeal and lung cancers relative to cirrhosis patients, 

but the magnitude of GRO- elevation in cancer controls vs. cirrhosis was smaller than 

the elevation witnessed in HCC vs. cirrhosis, suggesting that GRO- may play a more 

prominent role in HCC progression. Interestingly, TLC was 1.4 times more elevated in 

HCC patients vs. cirrhosis controls but downregulated in the cancer control patients vs. 

cirrhosis, suggesting that TLC is a unique signature of HCC. The combined sensitivity 

and specificity of GRO- +TLC+AFP for discriminating HCC patients from cirrhosis and 

healthy controls was 91.7% and 92.7% respectively. At the 400ng/mL cutoff for HCC 

diagnosis, AFP had a sensitivity of 69% and a specificity of 83%.  

GRO- is a chemokine involved in invoking leukocyte cell migration and is 

associated with pro-inflammatory processes, angiogenesis, and cancer (69-71). Its 

elevation may be a signature of viral hepatitis-associated HCC immune deregulation 
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involving heightened monocyte migration and increased inflammation, and a 

subsequent increased likelihood for successful host evasion of tumor prophylactic 

mechanisms (62). TLC is a protein cleavage fragment that is generated from matrix 

metalloproteinase-associated (MMP) peptide cleavage (31). Its upregulation may be 

explained by simultaneous E-cadherin loss and MMP activation by Twist1 which has 

been shown to promote HCC expansion (73). Its utility as a cancer biomarker was also 

shown in a SELDI TOF-MS study of gastric cancer by Ebert and colleagues, where TLC 

accurately distinguished gastric cancer patients from patients without cancer with a 

sensitivity of 89.9% and a specificity of 90% (74). Taken together, the aberrations in 

protein and amino acid expression in HCC revealed by metabolomics may be tapped 

toward the development of clinically fruitful HCC diagnostics. 

HCC Metabolomics: Summary of Trends 

Several metabolomic expression themes emerged from these investigations:  

 LPCs were significantly diminished in HCC vs. cirrhosis in three out of five 
studies reporting significant alteration of LPC expression among these groups  

 Bile acids GCA, GCDCA and GDCA were decreased in all three studies reporting 
significant differences among HCC vs. cirrhosis patients  

 Acylcarnitines trended lower in HCC vs. cirrhosis  

 Amino acids trended higher in HCC in all studies reporting significant expression 
differences between HCC and cirrhosis  

 Heme pigmentation molecules bilirubin and biliverdin were significantly 
upregulated in HCC.  

Elevation of LPCs in HCC vs. cirrhosis is consistent with increased demand of 

glycerophospholipids by the growing tumor. Further, LPCs are major lipids bound to 

albumin, and the loss of albumin commonly witnessed in chronic liver disease and HCC 

may mean a shortage of docking sites for LPCs, resulting in increased systemic levels 
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of these glycerophospholipids. Diminished bile acids in HCC vs. cirrhosis reinforces the 

Warburg effect commonly witnessed in cancer studies involving a shift in energy 

production away from oxidative processes like -oxidation and the TCA cycle toward 

anaerobic glycolysis, which is more suitable to the hypoxic or anoxic tumor 

microenvironment. Moreover, the loss of bile acids in HCC significantly impairs fatty 

acid absorption and digestion and is consistent with the general trend of increased lipids 

in HCC vs. cirrhosis.  

Limitations in HCC Metabolomics Studies 

Notable contradictions of reported pathway trends in HCC vs. controls included 

upregulation of LPC, fatty acids, acylcarnitines and bile acids in some studies and 

downregulation of these respective metabolite classes in others. This heterogeneity is 

likely due to differences in study design. Some studies matched patients by age and 

gender, but the majority of referenced HCC metabolomics studies did not extensively 

characterize HCC and cirrhosis patients by demographic and clinical characteristic 

parameters. Only one study reported Model for End-Stage Liver Disease (MELD) 

scores for HCC and cirrhosis patients, and one study indicated the Child-Pugh status of 

their HCC or cirrhosis cohorts, which exacerbates efforts to pinpoint expression patterns 

to. Body mass index (BMI), which plays a significant role in an individual’s metabolite 

expression profile, also went unreported for HCC, cirrhosis, and healthy study subjects 

in all studies cited in this review. BMI can have a significant influence on the relative 

metabolite expression differences between patients, particularly with regard to adiposity. 

Failure to control for BMI may explain the noticeably different trends of LPC, FFA, and 
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bile acid expression in HCC vs. controls among these studies. It is likely that the 

patients recruited for these metabolomics studies had wide-ranging BMIs.  

Differences in HCC etiology also went largely unreported in the studies 

discussed and may have strongly contributed to the discord of metabolic expression 

profiles in these studies. To limit the influence of potential cofounders such as 

comorbidity, BMI, age or gender, and etiology on HCC metabolomes, patient clinical 

characteristics should be controlled for more conscientiously in future HCC 

metabolomics studies.  

The critical metabolomic comparison between HCC patients and cirrhosis 

controls was reported in 8/15 studies referenced in this review. Given that the majority 

of primary liver cancer cases occur in patients with a preexisting condition of cirrhosis, 

the metabolomic comparison between HCC and cirrhosis is more clinically relevant than 

the comparison of HCC vs. NHC. HCC is a complex heterogeneous disease and HCC 

patients often present with multiple comorbidities. It is therefore likely that marked 

metabolomic differences will be observed between HCC patients and healthy subjects. 

Differences between HCC patients and cirrhosis controls are more subtle than HCC vs. 

NHC and it would be expected that serious metabolomic differences exist between 

HCC/NHC and cirrhosis/NHC. Given that HCC arose in the background of cirrhosis in 

all reported HCC metabolomics studies, it is impossible to determine whether the 

alterations witnessed in HCC vs. NHC are related to HCC or cirrhosis. 

To verify the putative biomarkers discovered in these studies, the groups 

primarily employed principal component analysis (PCA), orthogonal projection to latent 

structures (OPLS), supervised projection to latent structures discriminant analysis (PLS-
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DA), or the random forest machine learning algorithm. In general, the groups which 

performed HCC metabolomics did so with the focus on the potential standardization of 

metabolomics as a high-throughput diagnostic platform to be used in the clinical setting. 

While these approaches classified appropriate groups with excellent accuracy and high 

area under the curve values, the urgent need for a biomarker blood test was not 

conscientiously addressed in these studies. Almost none of the studies verified the 

metabolite expression patterns in vitro through enzyme linked immunosorbent assay 

(ELISA) or western blotting techniques, and no study validated the expression patterns 

using in vivo models. This may reflect the fact that conventional in vitro assays lack the 

sensitivity needed to accurately quantify small metabolites weighing <1kD in a tissue 

sample. While metabolomics-based diagnostics may be of benefit to industrialized 

nations’ diagnostics paradigms, a novel HCC in vitro diagnostic can improve disease 

monitoring globally and can seamlessly be employed in resource-poor areas 

experiencing the brunt of HCC’s mortality rate. A potential avenue for fulfilling this global 

need while employing sensitive metabolites is, therefore, the development of targeted in 

vitro assays possessing sensitivity for small metabolites that rivals the sensitivity of a 

mass spectrometer.  

Conclusions and Future Outlook 

The results of these studies show inconsistencies in the trends of bile acids, 

LPCs, heme pigmentation molecules, acylcarnitines and fatty acids in HCC vs. cirrhosis. 

There was nevertheless considerable overlap in the pathways identified by these 

studies which best distinguished HCC from cirrhosis. Future metabolomics studies with 

larger and better characterized patient cohorts should help resolve these differences.  
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Other metabolites that showed promise as biomarkers of HCC included 

canavaninosuccinate, which showed a striking 680-fold elevation in HCC patients vs. 

cirrhosis controls and outperformed AFP in sensitivity and specificity. Sphingosine 1-

phosphate (up), GRO- (up), and thrombin light chain (up) were other novel putative 

HCC biomarkers that had superior predictive utility for HCC than AFP.  

Although the comparison of HCC vs. cirrhosis was not reported in 7/15 studies, 

the majority of these studies reported significant alterations between cirrhosis patients 

and healthy volunteers and these results reveal a panel of putative markers for 

cirrhosis. Currently, the gold standard of cirrhosis and HCC diagnosis is the biopsy, an 

invasive procedure, and an accurate cirrhosis biomarker may eliminate the patient 

discomfort and expenses associated with this procedure (76). Among the putative 

markers of cirrhosis include the purine metabolites hypoxanthine and inosine (41), both 

significantly downregulated five and six-fold respectively in cirrhosis vs. NHC. -

glutamylalanine, -glutamylvaline, -glutamylglutamine, -glutamylphenylalanine and -

glutamylcitrulline were also significantly elevated in cirrhosis vs. NHCs. Increases in the 

-glutamyl peptides in cirrhosis vs. NHC and HCC vs. NHC indicates heighted 

production of glutathione to combat the oxidative damage process commonly implicated 

as a promoter of tumor initiation and progression. -glutamyl peptides are also liberated 

in free form by gammaglutamyl transpeptidase (GGT) mediated breakdown of 

glutathione. GGT is an enzymatic signature of liver disease and a marker routinely used 

in the clinic to assess the severity of liver dysfunction. The elevation of -glutamyl 

peptides in cirrhosis vs. NHC may therefore conversely be explained by excessive 
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breakdown of glutathione resulting in impaired oxidative stress neutralization that is 

commonly witnessed in HCC.  

The findings of these analyses show a potential role for LPCs, bile acids, 

acylcarnitines, amino acids, GRO-, lignoceric acid, nervonic acid, thrombin light chain, 

and S1P in distinguishing HCC patients from cirrhosis controls. Diagnostic panels 

measuring for fasted amino acid levels in HCC patients may also be of benefit in early 

HCC detection, but validation studies are needed. Diagnostic panels measuring for 

acylcarnitines, LPCs, or bile acids may be of utility but consensus regarding their 

expression pattern in HCC vs. cirrhosis was not achieved from the results of these 

metabolomics studies and must first be established. -glutamyl peptides, and nucleic 

acid degradation products hypoxanthine and/or inosine may also be of utility as markers 

of cirrhosis.  

Future HCC metabolomics study designs must compare the expression patterns 

of HCC patients vs. cirrhosis controls. Given that HCC culminates from progressively 

worsening chronic liver disease, metabolomics will also prove useful for unveiling the 

pathways involved in the stepwise hepatocarcinogenesis. Moreover, pathways involved 

in the progression from chronic viral hepatitis infection/alcohol injury/NAFLD to cirrhosis 

are of particular value for identification of potential cirrhosis biomarkers that can be used 

in a non-invasive manner. In vitro or in vivo validation and metabolomic expression 

response to treatment are avenues that remain largely unexplored in HCC 

metabolomics and are needed to bolster the findings of these studies. Opportunities for 

metabolomic profiling of well-matched HCC vs. cirrhosis samples are fertile and should 

be endeavored. 
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Table 1-1.  Systematic review of current HCC metabolomics studies. P<.05  indicates significant alteration. 
Author Tissue 

(organism) 
HCC Etiology Significantly Altered 

Metabolites in HCC Patients 
vs. Cirrhosis Controls 

Main Pathways 
distinguishing 
HCC from 
Cirrhosis 

Significantly Altered 
Metabolites in Cirrhosis 
Patients vs. Healthy 
Volunteers 

Main Pathways 
distinguishing 
Cirrhosis from Healthy 
Volunteers 

Zhou L, 
Wang Q, 
Yin P, et al. 

Serum 
(human) 

Cirrhosis (of 
unknown origin) 

Not reported N/A Tryptophan ↓ 
GCA ↑ 
GCDCA ↑ 
LPC 0:0/14:0 ↓ 
FFA (C16:1) ↑ 
FFA (C16:0) ↑ 
FFA (C18:2) ↑ 
FFA (C18:1) ↑ 
FFA (C18:0) ↑ 
FFA (C20:5) ↑ 
FFA (C20:4) ↑ 
FFA (C20:2) ↑ 
FFA (C22:6) ↑ 
FFA (C22:5) ↑ 
C16:1-CN ↑ 
C10-CN ↓ 
C10:1-CN ↓ 
C8-CN ↓ 
C6-CN ↓ 

Tryptophan 
metabolism 
Carnitine palmitoyl 
transferase shuttle 
system 
Bile acid 

       
Gao H, Lu 
Q,  Liu X, et 
al. 

Serum 
(human) 

Not reported Not reported N/A Isoleucine ↓ 
Leucine ↓  
Valine ↓ 
Acetate ↑ 
N-acetylglycoproteins ↑ 
Acetoacetate ↓ 
Pyruvate ↑ 
Glutamine ↑ 
a-ketoglutarate ↑ 
choline ↓ 
taurine ↑ 
glycerol ↑ 
unsaturated lipid ↓ 
tyrosine ↑ 
1-methylhistidine ↑ 
phenylalanine ↑ 

Amino acid 
metabolism 
TCA cycle 
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Table 1-1.  Continued 
Author Tissue 

(organism) 
HCC Etiology Significantly Altered 

Metabolites in HCC Patients 
vs. Cirrhosis Controls 

Main Pathways 
distinguishing 
HCC from 
Cirrhosis 

Significantly Altered 
Metabolites in Cirrhosis 
Patients vs. Healthy 
Volunteers 

Main Pathways 
distinguishing 
Cirrhosis from 
Healthy Volunteers 

Patterson 
AD, 
Maurhofer 
O, Beyoglu 
D, et al. 

Plasma 
(human) 

HCC n=20: 
EtOH n=6 
HBV n=3 
HCV n=5 
NASH n=3 
NASH/alcoholic 
steatohepatitis n=1 
HH n=2 

LPC(14:0) ↓ 
LPC (18:1) ↓ 
LPC (20:4) ↓ 
LPC(20:3) ↓ 
LPC(22:6) ↓  
FFA(24:0) - lignoceric acid ↓ 
FFA(24:1) - nervonic acid ↓ 
bilirubin ↑ 
biliverdin ↑  

Lysophosphatid
ylcholine 
(glycerophosph
olipid 
metabolism) 
Very long chain 
fatty acid 
metabolism 
Heme pigment 
metabolites 

Not reported N/A 

       
Li S, Liu H, 
Jin Y, Lin S, 
Cai Z, Jiang 
Y 

Serum 
(mouse) 

EtOH-induced 
cirrhosis, HCC 
xenografts (HepG2 
hindquarter 
injection) 

Not reported N/A Leucine ↓ 
Phenylpyruvic acid ↓ 
Phenylalanine ↓ 
Tryptophan ↓ 
LPE(16:0) ↓ 
LPE(18:0) ↓ 
LPC(16:0) ↓ 
LPC(20:1) ↓ 
LPC(22:6) ↑ 
PC(16:0/18:3) ↑ 
PC(12:1/24:3) ↑ 
PC(16:0/20:4) ↑ 
PC(16:0/22:6) ↑ 
PC(18:0/20:4) ↑ 
SM(d18:0/16:1) ↓ 

Amino acid 
metabolism 
LPE metabolism 
LPC metabolism 
PC metabolism 

       

Soga T, 
Sugimoto 
M, Honma 
M, et al. 

Serum 
(human) 

HCV Investigated, but none 
found 

N/A Glutamylalanine ↑ 

Glutamylvaline ↑ 

Glutamylglutamine ↑ 

Glutamylphenylalanine ↑ 

Glutamylcitrulline ↑ 
Methionine sulfoxide ↑ 

Oxidative stress 
homeostasis 
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Table 1-1.  Continued 
Author Tissue 

(organism) 
HCC Etiology Significantly Altered 

Metabolites in HCC Patients 
vs. Cirrhosis Controls 

Main Pathways 
distinguishing 
HCC from 
Cirrhosis 

Significantly Altered 
Metabolites in Cirrhosis 
Patients vs. Healthy 
Volunteers 

Main Pathways 
distinguishing 
Cirrhosis from Healthy 
Volunteers 

Xiao JF, 
Varghese 
RF, Zhou B, 
Nezami 
Ranjbar 
MR, et al. 

Serum 
(human) 

HCV 3β, 6β -dihydroxy-5β-
cholan-24-oic acid ↓ 
3 α,7β-dihydroxy-5 β-
cholest-24-en-26-oic acid ↓ 
GCA ↓ 
GDCA ↓ 
GCDCA ↓ 
TCDCA ↓ 
Linoelaidyl carnitine ↓ 
Oleoylcarnitine ↓ 
Palmitoyl carnitine ↓ 
O-octanoyl-R-carnitine ↓ 
LPC(20:1) ↓ 
LPC(20:4) ↓ 
PE(20:4/18:1) ↓ 
4E;15Z-Bilirubin IXa ↓ 
15,16-dihydrobiliverdin ↓ 
3-ganidinopropionicacid ↓ 
Tetracosahexaenoic acid ↓ 
3-hydroxy-eicosanoic acid ↓ 
Oleamide ↓ 
Phe-Phe ↑ 

Bile acid 

biosynthesis 
Long chain 
carnitine 
metabolism 
Small peptide 
metabolism 

Not investigated N/A 

       
Wang B, 
Chen D, 
Chen Y, et 
al. 

Serum 
(human) 

HCC n=82: 
HBV-cirrhosis n=41 
HBV-only n=41 

LPC −16:0 ↑ 
LPC −18:0 ↑ 
16:0/18:1-PC ↑ 
16:0/18:2-PC ↑ 
16:0/20:4-PC ↑ 
16:0/22:6-PC ↑ 
18:0/18:2-PC ↑ 
Phenylalanine ↓ 
GCDCA ↓ 
Canavaninosuccinate ↑ 
 

 

Phospholipid 
catabolism 
Gut flora 
metabolism 
Bile acid 
metabolism 
Organic acid 
metabolism 

LPC −16:0 ↓ 
LPC −18:0 ↓ 
16:0/18:1-PC ↓ 
16:0/18:2-PC ↓ 
16:0/20:4-PC ↓ 
16:0/22:6-PC ↓ 
18:0/18:2-PC ↓ 
Oleamide ↑ 
Phenylalanine ↑ 
GCDCA ↑ 
Canavaninosuccinate ↓ 
 

Phospholipid 
catabolism 
Fatty acid metabolism 
Gut flora metabolism 
Organic acid 
metabolism 
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Table 1-1.  Continued 
Author Tissue 

(organism) 
HCC Etiology Significantly Altered 

Metabolites in HCC Patients 
vs. Cirrhosis Controls 

Main Pathways 
distinguishing 
HCC from 
Cirrhosis 

Significantly Altered 
Metabolites in Cirrhosis 
Patients vs. Healthy 
Volunteers 

Main Pathways 
distinguishing 
Cirrhosis from Healthy 
Volunteers 

Zhou L, 
Ding L, Yin 
P, et al. 

Serum 
(human) 

HCC n=69: 
HBV-HCC n=38 
HCV-HCC n=31 

LPC(14:0) HCC-C ↓ 
LPC (16:1) HCC-C ↓ 
LPC(18:3) HCC-B ↓ 
                 HCC-C ↓ 
LPC(18:2) HCC-B ↓ 
                  HCC-C ↓ 
LPC(18:1) HCC-B ↓ 
                  HCC-C ↓ 
LPC(18:0) HCC-C ↓ 
LPC(20:5) HCC-C ↓ 
LPC(20:4) HCC-B ↓ 
                  HCC-C ↓ 
LPC(20:3) HCC-B ↓ 
                  HCC-C ↓ 
LPC(20:2) HCC-C ↓ 
LPC(20:0) HCC-B ↓ 
                  HCC-C ↓ 
LPC(22:6) HCC-C ↓ 
LPC(22:5) HCC-B ↓ 
                  HCC-C ↓ 
LPC(22:4) HCC-B ↓ 
                 HCC-C ↓ 

Phospholipid 
catabolism 

Phenylalanine ↑ 
GCA ↑ 
GDCA ↑ 
Bilirubin ↑ 
LPE(18:2) ↓ 
LPC(22:6) ↓ 
LPC(18:2) ↓ 
LPC(20:4) ↓ 
LPC(16:0) ↓ 
LPC(18:0) ↓ 
C18:1-CN ↑ 

Amino acid 
metabolism 
Bile acid metabolism 
Heme pigment 
Phospholipid 
catabolism 
Carnitine palmitoyl 
transferase shuttle 
system 

       

Chen T, Xie 
G, Wang X 

Serum 
(human); 
Urine 
(human) 

HCC n=82: 
 - Cirrhosis n=66 
 - No cirrhosis n=16 

Not reported N/A Inositol ↓ 
2,2_-Bipyridine ↓ 
Methionine ↓ 
Arginine ↓ 
Stearic acid ↓ 
Palmitic acid ↓ 
Citric acid ↓ 
2-piperidine carboxylic 
acid ↓ 
5-Hydroxy-tryptophan ↓ 
Tyrosine ↓ 

TCA cycle 
Amino acid 
metabolism 
Fatty acid metabolism 
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Table 1-1.  Continued 
Author Tissue 

(organism) 
HCC Etiology Significantly Altered 

Metabolites in HCC Patients 
vs. Cirrhosis Controls 

Main Pathways 
distinguishing 
HCC from 
Cirrhosis 

Significantly Altered 
Metabolites in Cirrhosis 
Patients vs. Healthy 
Volunteers 

Main Pathways 
distinguishing 
Cirrhosis from Healthy 
Volunteers 

Cao H, 
Huang H, 
Xu W, et al. 

Fecal 
(human) 

HCC n=23; 
Cirrhosis n=23 

Not reported N/A Chenodeoxycholic 
acid dimeride ↓ 
Urobilin ↓ 
Urobilinogen ↓ 
7-ketolithocholic 
acid ↓ 
LPC C18:0 ↑ 
LPC C16:0 ↑ 

Bile acid metabolism 
Heme pigmentation 
molecules 
Microbiome 
metabolism 
Glycerophospholipid 
metabolism 

       
Yin P, Wan 
D, Zhao C, 
et al. 

Serum 
(human) 

Not reported Not reported N/A Hypoxanthine ↓ 
Inosine ↓ 
Bilirubin ↑ 
Glycocholic acid ↑ 
GCDCA ↑ 
Taurine ↓ 
Dihydrosphingosine 
LPC C18:2 ↓ 
LPC C18:3 ↓ 
LPC C16:1 ↓ 
LPC C18:0 ↓ 
LPC C16:1 ↓ 
L-Acetylcarnitine ↑ 
6-Methylnicotinic acid ↓ 

Purine synthesis 
Heme pigmentation 
molecules 
Bile acid metabolism 
Glycerophospholipid 
metabolism 
Carnitine palmitoyl 
transferase shuttle 
system 

       
Wu FX, 
Wang Q, 
Zhang ZM, 
et al. 

Serum 
(human) 

HBV GRO- 
Thrombin light chain 

 
Protease 
cleavage 

Not reported N/A 
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Table 1-1.  Continued 
Author Tissue 

(organism) 
HCC Etiology Significantly Altered 

Metabolites in HCC Patients 
vs. Cirrhosis Controls 

Main Pathways 
distinguishing 
HCC from 
Cirrhosis 

Significantly Altered 
Metabolites in Cirrhosis 
Patients vs. Healthy 
Volunteers 

Main Pathways 
distinguishing 
Cirrhosis from Healthy 
Volunteers 

Ressom 
HW, Xiao 
JF, Tuli L, et 
al. 

Serum 
(human) 

HCC n =78: 
- HCV 67% 
- HBV 15% 
- Alcoholism 

29% 
- NASH 13% 
- Cryptogenic 

(8%) 
- Autoimmune 

(3%) 

GDCA  ↓ 
TCA ↓ 
TCDCA ↓ 
Sphingosine 1-phosphate ↑ 
LPC (16:0) ↑ 
LPC (17:0) ↑ 
LPC (18:0) ↑ 
LPC (15:0) ↑ 
LPC (22:6) ↑ 
LPE (22:6) ↑ 
LPE (20:4) ↑ 
LPE (20:3) ↑ 
PS ↑ 

Bile acid 
metabolism 
Spingolipid 
metabolism 
Glycerophospho
lipid metabolism 

Not investigated N/A 

       
Yang Y, Li 
C, Nie X, et 
al. 

Biopsy 
(human) 

HCC n=17: 
- Cirrhosis n=9 
- No cirrhosis 

n=8 

Glucose ↓ 
Creatine ↓ 
PE ↑ 
Glutamine ↑ 
Glutamate ↑ 
PC+GPC ↑ 

Glycolysis 
Glycerophospho
-lipid 
metabolism 
Amino acid 
metabolism 
Bile acid 
metabolism 

Not investigated N/A 
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CHAPTER 2 
NON-TARGETED METABOLOMICS OF LIVER CANCER AND CIRRHOSIS 

Introduction 

Recent advances in analytical chemistry and biostatistical methods have placed 

the emerging field of metabolomics at the frontier of lead marker generation. Because 

the liver is the principal organ of amino acid, lipid, and carbohydrate metabolism and 

given the stepwise hepatocarcinogenic process involving transition from chronic viral 

hepatitis to cirrhosis and ultimately culminating in establishment of HCC, HCC is an 

ideal candidate for metabolomics profile comparison studies.  Metabolomics is the 

identification and quantification of all small molecules <1kD in a tissue sample (75). 

Metabolomics integrates liquid or gas chromatography/mass spectrometry (LC/MS, 

GC/MS) or nuclear magnetic resonance (NMR) with mass spectral and biostatistical 

analysis software to provide a seamless, validated and high-throughput method for 

obtaining and comparing the full complement of metabolites in tissue samples derived 

from multiple groups.  

While still in its relative infancy, HCC metabolomics has gained significant 

traction in recent years as demonstrated by the above-referenced studies. A large 

number of these studies, however, looked solely at metabolomic expression pattern 

differences between HCC patients and healthy volunteers. Because >90% of HCC 

cases are diagnosed in patients with cirrhosis, an inquiry into metabolome differences 

between HCC and cirrhosis is a more clinically relevant comparison and can better 

elucidate the mechanisms involved in the progression from cirrhosis to HCC. 

Furthermore, these studies focused on the utility for metabolomics itself to function as a 

novel clinical diagnostic modality. While this technology shows promise in predicting 
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patient disease status based on his/her metabolomic expression profile, the 

sophisticated nature of this technology is economically and logistically incompatible with 

the developing countries experiencing the brunt of HCC’s mortality rate (6). Hence, the 

focus of these studies should also be on the utility for metabolites or the enzymes that 

produce them to function as biomarkers of HCC. 

In this study, we compared the global serum metabolomes of 30 hepatitis C-

associated HCC patients (HCC), 27 hepatitis C-cirrhosis disease control patients (DC) 

and 30 normal healthy controls (NHC) using non-targeted ultrahigh performance liquid 

chromatography electrospray ionization tandem mass spectrometry (UPLC/(ESI)MS-

MS) metabolomics to identify biomarkers of HCC. Multivariate statistics and the random 

forest supervised classification analysis (RF) were employed to narrow down the list of 

potential markers to a subset of metabolites that showed the most promise as HCC 

biomarkers. We then tested the utility of these putative markers to accurately diagnose 

HCC using receiver operator characteristic (ROC) curve analysis and ELISA. We report 

significant aberrations in a number of pathways potentially involved in the progression 

from HCV-cirrhosis to HCC including amino acid metabolism, purine and pyrimidine 

nucleotide processing, reactive oxygen species homeostatic pathways, lipid signaling 

cascades, and lipid metabolism. We further identified several metabolites that show 

promise as biomarkers for cirrhosis. While the liver biopsy is a highly accurate approach 

for diagnosing advanced liver fibrosis and cirrhosis, it is not, by virtue of its invasive 

nature, a gold standard approach (76). The identification of accurate cirrhosis 

biomarkers may facilitate development of equally accurate and noninvasive cirrhosis in 

vitro diagnostics. 
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Materials and Methods 

Patients 

This study was approved by the University of Florida Institutional Review Board 

and written informed consent was obtained from all study participants prior to their 

enrollment. HCC patients were diagnosed and staged according to the Barcelona Clinic 

Liver Cancer Staging System (BCLC). The study cohort included 30 baseline HCC 

patients whose cancer arose exclusively from HCV-cirrhosis, 27 HCV-cirrhosis disease 

control patients (DC), and 30 healthy non-diabetic controls (NHC). We recruited only 

HCC and DC patients with histologically proven HCV-related cirrhosis given that HCV-

cirrhosis is the leading cause of HCC in Western countries. Patient clinical 

characteristics were obtained from the medical record and included the following 

parameters: Demographic information, body mass index (BMI), AFP level, Child-Pugh 

score (CP), and Model for End-Stage Liver Disease score (MELD). HCC patient 

samples were collected from patients with HCC at stage A (n = 13), B (n = 10) and C (n 

= 7) and all were naïve to cancer treatment at the time of blood withdrawal. All DC 

patients in the study were enrolled into our surveillance program, received serial cross-

sectional imaging every six months, and had no liver masses on enrollment. NHCs were 

recruited from the LifeSouth Community Blood Center in Gainesville, FL. Blood was 

drawn from patients presenting to clinic after overnight fast, whole blood samples were 

immediately processed for serum and serum samples were stored in our biorepository 

at -80oC until retrieval. 

Metabolomics Analysis 

For metabolomic profiling of patient serum, we employed an integrated, non-targeted 

UPLC/(ESI)-MS platform described in a previous publication (77). Upon retrieval, serum 
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samples were thawed on ice and 100 L of serum was aliquotted per subject. Large 

proteins were precipitated for exclusion with methanol containing four standards that 

enabled monitoring of extraction efficiency. Samples were then evacuated into a 

collection chamber in vacuo using an automated liquid handler (Hamilton MicroLab 

STAR). The metabolomics platform utilized three operation modes to ensure full 

coverage of the metabolome: Gas chromatography-mass spectrometry (GC-MS) to 

detect lipids and organic phase biomolecules, UPLC/(ESI)MS-MS in the positive mode 

optimized for detection of basic species, and UPLC/ (ESI)MS-MS in the negative mode  

optimized for detection of acidic species. Serum samples were aliquotted into three 

equal parts, randomly sorted, and processed on their respective instrument on three 

consecutive days such that each run consisted of exactly one-third of each group’s 

samples. GC/MS samples were separated and quantified on a Thermo-Finnigan Trace 

DSQ fast-scanning single-quadrupole mass spectrometer using electron impact 

ionization. The samples destined for GC/MS analysis were re-dried under vacuum 

desiccation for a minimum of 24 hours prior to being derivatized under dried nitrogen 

using bistrimethyl-silyl-triflouroacetamide (BSTFA).  The GC column was 5% phenyl and 

a 40° to 300°C temperature ramp was applied in a 16 minute period.  The instrument 

was tuned and calibrated for mass resolution and mass accuracy on a daily basis. The 

UPLC/(ESI)MS-MS portion of the platform was based on a Waters Acquity UPLC and a 

Thermo-Finnigan linear trap quadrupole fourier transform (LTQ-FT) mass spectrometer, 

which had a linear ion-trap front end and a Fourier transform ion cyclotron resonance 

mass spectrometer backend. Process coefficients of variation including instrument 

performance, chromatography, and mass calibration were checked using reference 
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standards to ensure quality on a daily basis. The median relative standard deviation 

(RSD) of instrument variability was 5% and total process variability RSD was 12%. 

Samples were reconstituted in 50 L of 6.5 ammonium bicarbonate in water (pH 8) and 

50 L of .1% formic acid in water for the ESI positive and negative analyses, 

respectively. All reconstitution solvents contained instrument internal standards used to 

monitor instrument performance and functioned as retention index (RI) markers. A 

pooled quality control matrix sample was also created to ensure low process variability 

during the analysis. For ions with counts greater than 2 million, an accurate mass 

measurement was performed.  Accurate mass measurements could be made on the 

parent ion as well as fragments. The typical mass error was less than 5 ppm. 

Chromatographic peaks, retention time, mass/charge (m/z) data, and MS spectra were 

obtained for all compounds in the serum samples. To verify the identity of detected 

metabolites, proprietary mass spectra interpretation software cross-referenced the 

generated MS spectra with ~1500 authenticated standard spectra housed in an internal 

library and matches were confirmed by a trained operator. 

Statistical Analysis 

Statistical analyses were performed with the program “R” (http://cran.r-

project.org). Unsupervised hierarchical clustering analysis of HCC and DC 

metabolomes was performed using dChip (Harvard, Cambridge, MA). Random forest 

analysis, a supervised machine-learning classification technique reporting on the 

consensus of a large number of decision trees, was employed to (1) predict HCC, DC, 

and NHC classes on the basis of global metabolomic expression profiles and (2) identify 

metabolites most important to the group classification for elucidation of potential HCC 
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biomarkers. Metabolites with the largest mean decrease accuracy were deemed as 

putative biomarkers. The mean decrease accuracy describes the magnitude loss of 

class prediction accuracy following removal of a metabolite from the random forest 

analysis. The greater the decrease in class prediction accuracy, the more valuable the 

marker is deemed to the class prediction and hence, potentially, to the disease. 

Following log transformation and variance normalization of the metabolite levels, 

intergroup fold-differences for HCC vs. DC and DC vs. NHC were generated, and a two-

sided t-test was then used to identify metabolites whose expression differed significantly 

(P < .05) between compared groups. To qualify for designation as potential biomarkers, 

metabolites must have met following criteria: (1) >80% expression in HCC group and 

>50% expression in DC/NHC (2) intergroup fold-difference significance of P < .05 (3) 

false discovery rate q < .10. ROC analysis was performed using MedCalc (Mariakerke, 

Belgium) on potential HCC biomarkers and on biomolecules showing the greatest 

promise as biomarkers of cirrhosis. 

In Vitro Validation 

To validate the in vitro expression pattern of rate limiting enzymes involved in the 

production of putative biomarkers of HCC, we tested for the expression patterns of 

xanthine oxidase, the enzyme that forms xanthine from hypoxanthine; phosphoglycerate 

dehydrogenase, the rate limiting enzyme of serine biosynthesis; sphingosine, the lipid 

signalling molecule generated from acid ceramidase activity on ceramide; and 

sphingosine 1-phosphate, the phosphorylated version of sphingosine implicated as an 

anti-apoptotic molecule. These levels were determined in serum from a randomized 

group of 24 HCC and 12 DC patients from our metabolomics cohort, three human HCC 

cell lines, and one human renal cancer cell line. The HCC lines consisted of Huh7, 
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HepG2, and Hep3B. AHCN, a renal cell carcinoma cell line, was used as a cancer 

control.  

Medium preparation 

Fetal bovine serum (FBS), penicillin and L-glutamine were removed from -20oC 

and, together with Dubecco’s Modified Eagle Medium (DMEM) (Cellgro) and non-

essential amino acids (NEAA) taken from 4oC, were thawed in a water bath at 37oC for 

5min. 200mL of DMEM was then poured into a 150mL bent-neck cell culture flask 

(Corning) under a sterile hood. 20mL of FBS, 2mL penicillin, 2mL L-glutamine and 2mL 

NEAA were then added to the flask. Contents were mixed and filtered using a filter 

bottle system (Corning; Cat# 430767).  

Cell culturing 

Cell lines contained in 2mL cryogenic vials (Corning) were removed from our 

internal liquid nitrogen repository and thawed in a 37oC water bath. 2-3mL of medium 

was added to a 15mL tube corresponding to each cell line, cells were transferred into 

their respective tube, and tubes were capped loosely and incubated at 37oC for 30min. 

Tubes were then shaken gently and centrifuged at 1600 RPM for 6 min at 23oC. 

Supernatant was suctioned away using a vacuum and each cell line pellet resuspended 

with 1mL of medium. Cells were counted using a 10:1 trypan blue:suspension ratio. 

Cells were then transferred to a Petri dish sized according to the cell count (small Petri 

dish for low cell count, larger dish to accommodate greater cell quantity) and incubated 

18-30h at 5% CO2 and 37oC. To alleviate cell crowding, cells were split by washing the 

Petri dish with PBS at least 2x and subjected to 1mL trypsin EDTA. After a 2min 

incubation at 37oC, cells were viewed on under a microscope to observe successful 

detachment from the plate. Cell suspensions were then placed in 15mL tubes 
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corresponding to each cell line and pelleted at 1600 RPM for 6min. Supernatant was 

subsequently removed, pellets were resuspended with 3mL medium, and cells were 

counted as described above. Cells were then split equally onto two Petri dishes, labeled 

and dated, and placed back in the incubator for 18-30h. Growth was monitored over a 

period of 3-7d. Subsequently, cell counts were used to determine each line’s volume 

that corresponding to concentrations of 0.5x106 cells/mL, 1.0 x106 cells/mL, and 1.5 

x106 cells/mL. Cells at these appropriate concentrations were then transferred to a 12-

well plate and incubated. 12-well plates were then centrifuged at 1600 RPM for 6min on 

a plate holder, and 500L of supernatant of each cell line concentration was transferred 

to 2mL cryogenic vials and stored at -20oC until ELISA. 

ELISA 

Xanthine oxidase (XO), phosphoglycerate dehydrogenase (PHGDH), 

sphingosine, and sphingosine 1-phosphate sandwich ELISA kits (Cusabio) were used to 

measure the expression pattern of these enzymes/metabolites in human serum (HCC 

n=24, DC n=12) and cell line supernatants (n=5). ELISA was performed according to 

the manufacturer’s protocol. Briefly, microtiter plates coated with anti-human antibody 

were inculcated with human serum and cell line supernatant and subjected to 

horseradish peroxide, a substrate solution that upon addition induced a color change. 

The intensity of the colored product was directly proportional to the level of enzyme for 

XO and PHGDH or metabolite for sphingosine and sphingosine 1-phosphate present in 

each well. Plates were read at 450nm using a Spectramax 190 plate reader (Molecular 

Devices, Sunnyvale, CA) and analyzed using SoftMax Pro 6 (Molecular Devices). 
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Results 

Patients 

Most of our patients were Caucasian males and the mean ages of HCC patients 

and cirrhosis controls were 60 and 55 years respectively (Figure 2-1). All patients were 

matched by age, gender, and body mass index (BMI) and had Child-Pugh A status and 

MELD scores <12, emblematic of well-compensated cirrhosis. To minimize the influence 

of comorbidity on metabolite expression patterns, no patient had other cancers and all 

were non-diabetic and did not have ascites at the time of blood withdrawal. 28/30 HCC 

patients had a BMI <30, the United States obesity cutoff, which minimized the influence 

of excess adiposity on the generated biochemical profiles. All patients were abstinent 

from alcohol and illicit drug use at the time of enrollment. 

Metabolomic Profiles 

The metabolomics analysis detected a total of 485 biomolecules. 107 metabolites 

were significantly altered in the HCC vs. DC (P < .05) but none of these metabolites 

exhibited >3-fold elevation or downregulation vs. DC. In contrast, 245 metabolites were 

significantly altered in DCs vs. NHC, with eight among them exhibiting >10-fold 

overexpression. In the random forest analysis comparing all three groups, RF 

accurately classified 100% of the NCs, 70% of DCs, and 70% of HCC patients (Figure 

2-2). For the RF comparison of HCC vs. cirrhosis, RF gave a mean prediction accuracy 

of 82%, a satisfactory improvement over the 50% accuracy that would be expected from 

random assignment to either group. The most differentially expressed metabolites in 

HCC patients vs. DCs belonged to pathways of amino acid metabolism, lipid signaling, 

lipid metabolism, acylcarnitine metabolism, nucleic acid processing, and oxidative stress 

homeostasis and by virtue of their strong association with HCC, these metabolites 
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assume putative status as HCC biomarkers (Figure 2-3). Pathways of importance for 

cirrhosis were bile acid metabolism, acylcarnitine metabolism, fatty acid metabolism, 

fibrinogen cleavage peptides, hemoglobin catabolism, and dipeptide metabolism. 

Hierarchical cluster analysis of HCC and DC metabolomes is shown in Figure 2-

4. The heat map shows a major node of separation which partially stratifies HCC 

patients on the left and places DCs on the right. Nevertheless, the hierarchical cluster 

did not reveal markedly distinct metabolomic expression patterns between HCC patients 

and DCs. 

Pathways Involved in Stepwise Hepatocarcinogenesis 

Lipid metabolism 

The liver can be considered the “hub” of lipid metabolism and not surprisingly, 

numerous HCC metabolomics analyses have implicated aberrations in lipid metabolism 

as signatures of HCC development (29, 36, 39, 78). In our study we witnessed a 

strongly significant upregulation of multiple lipid classes in HCC vs. DC and DC vs. 

NHC. Monohydroxy fatty acids, dicarboxylic fatty acids (DCA), glycerophospholipids, 

sphingolipids, and acylcarnitines all trended higher in HCC vs. DC. This is in contrast to 

what would be expected from BMI data for the respective groups showing greater 

adiposity in DC vs. HCC. An especially remarkable upregulation of DCA was seen in the 

comparison of cirrhosis controls vs. NHC, where nonanedioate (azelate), 

undecanedioate, and decanedioate (sebacate) were overexpressed in cirrhosis 54, 36, 

and 26-fold respectively. Multivariate statistics indicated that the P-value for each of 

these metabolite fold-differences was 0. We also witnessed global downregulation of 

glycerophospholipids in DCs vs. NHC. Medium chain fatty acid levels were not 
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statistically different in HCC vs. DC, but this class of lipid metabolites was strongly 

upregulated in DC vs. NHC. 

A massive downregulation of lysophospholipids (LPC) was also witnessed in DC 

vs. NHC and HCC vs. NHC, a trend observed in most HCC metabolomics studies (29, 

38-39, 41-42). Of the 33 LPCs detected, 28 were significantly downregulated in DC vs. 

NHC and 23 were significantly diminished in HCC vs. NHC. There was an increase of 

LPCs in HCC vs. DC but this was not significant (P=.21). 

Bile acids 

Bile acids, which are routinely implicated as markers of liver disease in HCC 

metabolomics studies (36-39), exhibited vast overexpression in cirrhotics vs. NHC. 

Taurochenodeoxycholate (TCDCA), taurocholate and glycocholate were 17.8, 15, and 

4-fold upregulated in DC vs. NHC and are joined by other cholic acids that were 

elevated in cirrhosis. These metabolites were also markedly elevated in HCC vs. NHC 

with similar fold differences for each aforementioned bile acid. 

Acylcarnitines 

Alone, fatty acyl-CoAs (fatty acids) cannot enter the mitochondria for b-oxidation 

and must first be converted to acylcarnitines by enzymes of the carbamoyl phosphate 

transport shuttle system. In our study, acetylcarnitine, glutarylcarnitine, and 

succinylcarnitine were significantly upregulated in HCC patients vs. DCs. In DC vs. 

NHC, medium chain acylcarnitines averaged two-fold overexpression while long chain 

acylcarnitines were downregulated. 

Lipid signalling molecules 

Eicosanoids are twenty-carbon autocrine and paracrine lipid signalling molecules 

that perform a myriad of signal transduction roles, notably in the cycloxygenase (COX) 
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and lipoxygenase (LOX) pathways, and these metabolites are best known for regulating 

pain and inflammation. Eicosanoids consist of leukotrienes, prostaglandins and 

thromboxanes and are derived from arachidonic acid or linoleate. In our study, 

eicosanoids were significantly overexpressed in HCC patients vs. DCs and 

downregulated in DCs vs. NHC. These differences included the two prostaglandin 

parent molecules arachidonate (20:4n6), which was significantly elevated in HCC vs. 

DC but downregulated in DC vs. NHC, and dihomo-linoleate (20:2n6), which showed 

significant elevation in HCC vs. DC. Linoleate/arachidonate-derived lipid signaling 

molecules 13-HODE+9-HODE (2.54-fold increase in HCC:DC), 15-HETE (2.8) and 12-

HETE (1.7) were significantly upregulated in HCC vs. DC.  Further, 12-HETE and 15-

HETE were among metabolites with the highest mean decrease accuracy in random 

forest analysis comparing HCC vs. DC.  

Oxidative stress homeostasis 

The liver is the major site of glutathione (GSH) synthesis and principal organ of 

oxidative stress homeostasis. Key HCC vs. DC trends among oxidative stress-

associated metabolites included 1.62-fold upregulation of xanthine (P=9.35x10-5), a 

purine degradation intermediate whose production is accompanied by generation of 

reactive oxygen species (ROS) hydrogen peroxide (H2O2) and 1.56-fold elevated 2-

hydroxybutyrate (2HB) (P<.0003), an important neutralizing agent of reactive oxygen 

species which complements glutathione during periods of marked oxidative stress. 

Gamma-glutamyl peptides, which are liberated via gammaglutamyl transpeptidase-

mediated breakdown of glutathione, were also significantly upregulated in HCC vs. DC. 

Xanthine and 2HB were among the best class predictors in the random forest analysis 

of HCC vs. DC.  
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Fibrinogen cleavage peptides 

Our study identified two unknown fibrinogen cleavage fragments, denoted by 

amino acid sequence, that were strongly upregulated in DC vs. NHC, indicating 

potential importance of these metabolites in distinguishing cirrhosis patients from 

healthy subjects. ADSGEGDFXAEGGGVR (ADS) differed from DSGEGDFXAEGGGVR 

(DSG) by the presence of a single alanine on the N-terminus. DSG and ADS exhibited 

11.8 and 2.9-fold elevation in DC vs. NHC, respectively. Moreover, DSG levels were 

35% downregulated in HCC vs. DC (P=.046). 

Amino acids and protein metabolites 

Numerous studies have linked amino acid metabolism aberrations to cancer 

development (17-21) including several recent HCC metabolomics studies (38, 40, 42). 

Consistent with these reports, we found significant upregulation of serine, aspartate, 

glycine, phenylalanine, and glutamate in HCC vs. HCV-cirrhosis, and these metabolites 

had the strongest P-values and lowest false discovery rates (q-value) in the intergroup 

metabolite expression level comparison between HCC patients and DCs. Serine was 

the most significantly altered amino acid between HCC patients and DCs (P = 7.0 x 10-

6) and was the best class predictor in the random forest analysis of HCC patients and 

cirrhosis controls. A more reactive form of serine, homoserine, also trended higher with 

1.62-fold overexpression (P = .0002) in HCC vs. DC and was the fourth most important 

metabolite for accurate class prediction in the HCC vs. DC random forest analysis. 

Glycine was also strongly associated with HCC, exhibiting a 1.36-fold increase in HCC 

patients versus DCs (P<2.58 x10-5) and likewise ranked among the top in the 

supervised random forest classification of HCC vs. DCs. The trend of overexpressed 
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amino acids in HCC vs. DC was further seen among amino acids valine (P = .0409), 

tyrosine (P = .0211), asparagine (P = .0108) and tryptophan (P =.0036).  

The reverse trend in amino acid expression was true for the comparison between 

DCs and NHCs, with HCV-cirrhotics exhibiting strongly significant downregulation of 

serine, glycine, aspartate, glutamate and phenylalanine. We also observed a consistent 

downregulation of dipeptides pyroglutamylglycine, glycylvaline, alanylalanine and 

aspartyleucine in DC vs. NHC. In HCC vs. DC, pyroglutamylglycine and glycylvaline 

trended 1.95 and 1.48 times higher, and of the only four metabolites significantly 

downregulated in HCC vs. DC, three were dipeptides: phenylalanyltryptophan, 

phenylalanylserine, and leucylalanine. 

Other metabolites 

Hemoglobin catabolites bilirubin and biliverdin are routinely implicated as 

important class distinguishers in HCC metabolomics studies (29, 32, 39, 41), and 

elevated bilirubin is a clinically valuable hallmark of liver decompensation (79). 

Consistent with this fact, we observed significantly elevated levels of heme catabolites 

bilirubin, biliverdin, and urobilinogen in DC vs. NHC and HCC vs. NHC. There was no 

significant difference between the levels of heme catabolites in HCC patients vs. DCs, 

however. 2-pyrrolidinone, a gamma-aminobutyric acid (GABA) metabolite with an 

unknown role in cirrhosis or cancer, exhibited a strongly significant, progressive 

elevation from NHC to cirrhosis and cirrhosis to HCC. 1,2-propanediol, a ketogenesis 

intermediate, was 5.8 times upregulated in DC vs. NHC (P<1.0x10-15), We also 

witnessed significant elevation of purine and pyrimidine metabolites in HCC vs. DCs. 
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Receiver Operator Characteristic Analysis 

To gauge the diagnostic utility of the putative HCC and cirrhosis biomarkers, we 

generated receiver operator characteristic (ROC) curves using MS peak areas 

corresponding to metabolite concentration in each patient. The HCC vs. DC comparison 

was used during ROC analysis of HCC biomarkers, and DC vs. NHC was used for 

cirrhosis ROC curves. The ROC analyses showed that the diagnostic utility of cirrhosis 

markers was better than the utility for putative HCC biomarkers to accurately 

discriminate between HCC patients and DCs. Given the striking upregulation 

dicarboxylates and bile acids in HCV-cirrhosis patients vs. healthy volunteers and 

similar trends among other potential markers of cirrhosis, we performed ROC analysis 

on the capacity for these metabolite levels to discriminate cirrhotics from NHCs. The 

results of this ROC analysis reveal that azelate, which was 54 times upregulated in 

cirrhosis patients vs. NHC, possessed 100% sensitivity, 100% specificity and AUC=1.00 

(P=0.00) when used to distinguish DC from NHC. Sebacate was elevated 26-fold in DC 

vs. NHC and ROC analysis showed that this DCA also possessed a sensitivity of 100% 

and a specificity of 100% with an AUC=1.00 and P=0.00 when used to discriminate 

between these groups. A third DCA, undecanedioate, was elevated 36-fold in DC vs. 

NHC and had a sensitivity of 78% and a specificity of 90% (AUC=.860, P<.0001) when 

distinguishing HCV-cirrhotics from NHC. Two other DCAs, 2-hydroxyglutarate and 

hexadecanedioate, were strong predictors of cirrhosis in the DC vs. NHC ROC analysis. 

2-pyrrolidinone also possessed 100% sensitivity and 100% specificity (AUC=1.00, 

P=0.00) for distinguishing DCs from NHCs. 

Aspartate was the most sensitive HCC biomarker, possessing a sensitivity of 100 

and a specificity of 52 for HCC (area under the curve, AUC=.789, P<.0001). In 
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comparison, AFP had a sensitivity of 63.3 and a specificity of 83.6 for detecting the 

presence of HCC in the same study cohort (AUC=.760, P <.0001). Glycine also had a 

high sensitivity of 83.3 and a specificity of 63.0 (AUC=.801, P <.0001) for HCC. Serine 

had a sensitivity of 73.3 and a specificity of 85.2 when used to distinguish HCC patients 

from DCs (AUC=.831, P < .0001). Serine’s sensitivity for HCC was enhanced when 

used to distinguish early HCC patients (stage A, n=13) from the disease controls, 

possessing a sensitivity and specificity of 76.9 and 88.9, respectively (AUC: .875, P 

<.0001). Xanthine, a purine degradation metabolite accompanied by production of 

reactive oxygen species (ROS) hydrogen peroxide (H2O2), had a sensitivity of 63.3 and 

a specificity of 88.9 for detecting HCC presence (AUC=.790, P <.0001). The 15-

lipooxygenase product 15-HETE, a lipid signalling eicosanoid involved in inflammation 

and endothelial cell adhesion, was also identified as a potentially important biomarker 

for HCC in the ROC analysis, possessing a sensitivity of 83.3 and a specificity of 59.3 

for HCC presence (AUC=., P =.0011). 15-HETE (sensitivity/specificity=73Our study also 

revealed a litany of potentially important lipid signatures of HCC, and multiple HCC 

metabolomics studies have implicated aberrations in lipid metabolism as hallmarks of 

the neoplastic HCC process. 2-hydroxypalmitate (2HP) possessed the highest mean 

decrease accuracy among lipids in the HCC vs. DC RF analysis and ROC analysis 

showed that 2HP possessed a sensitivity of 80 and a specificity of 63 when used to 

distinguish HCC patients from cirrhosis controls (AUC=.736, P<.0004). Given the 

previously implicated role of sphingosine 1-phosphate in HCC progression and that 

sphingosine had the second highest mean decrease accuracy among lipids in the HCC 

vs. DC RF analysis, we tested its utility as an HCC biomarker using ROC curve analysis 
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and found that it possessed a sensitivity of 58.3 and a specificity of 86.7 for 

distinguishing HCC patients from DCs (AUC=.731, P<.0058).  

In Vitro Validation 

The levels of sphingosine trended higher with increasing tumor burden 

(Spearman’s R=.225) but these increases were not significant (P=.29). At a cutoff of 

29ng/mL, sphingosine had a sensitivity of 50% and a specificity of 75% for 

distinguishing HCC patients from disease controls, but these values were again 

insignificant (AUC=.531, P=.765). There was no difference between sphingosine 1-

phosphate expression in HCC patients vs. DCs and the level of S1P did not exhibit any 

differential expression with regard to tumor burden. ROC analysis showed that S1P was 

a poor predictor of HCC in the comparison with DCs (Sensitivity/specificity: 63%/67%, 

AUC=.538, P=.377), but its ability to distinguish early HCC from cirrhosis controls 

showed improvement (75%/67%, AUC=.636, P=.24). The comparison of xanthine 

oxidase expression in HCC vs. DC failed to demonstrate a significant difference in the 

expression patterns between these groups. ROC analysis further showed that in this 

group of patients, XO was not good distinguisher of HCC vs. DC (AUC=.542, P=.711). 

Interestingly, the median XO level in HCC cell lines was 4.7ng/mL, while the level of XO 

in AHCN was 28.9ng/mL. 

Discussion 

Biomarkers of HCC 

Our study identified significant aberrations in lipid, amino acid, and nucleotide 

metabolism in HCC vs. cirrhosis and cirrhosis vs. NHC. The following metabolites were 

significantly elevated in HCC vs. DC: Arachidonic acid-derived eicosanoids 12-HETE 

and 15-HETE produced through 12-lipoxygenase, 15-LOX, and cytochrome P450 
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pathways; the Gamma-glutamyl peptides which act as substrates and catabolic end 

products of GGT-catalyzed reversible production of ROS antioxidant glutathione; purine 

and pyrimidine catabolites xanthine and hypoxanthine, adenine, uridine, and N-

methyladenosine; amino acids serine, glycine, aspartate, phenylalanine; N-acetyl amino 

acids involved in epigenetic regulation; glycerophospholipids; acylcarnitines, lipid 

intermediates of the mitochondrial carbamoyl phosphate transferase shuttle system; the 

sphingolipid sphingosine. 

12-HETE and 15-HETE are products of lipoxygenase and cytochrome P450 

enzymes and exert both pro and anti-inflammatory effects (80). 12-HETE is reported to 

augment tumor metastatic potential through activation of protein kinase C (81). It also 

promotes vasoconstriction and is involved in stimulating the aggregation of neutrophils 

and platelets (82). Ki-67 and GST-n immunohistochemical staining by Xu and 

colleagues showed that 12-LOX was significantly overexpressed in rat HCC tumors, 

HepG2 and L02 cell lines. The group subsequently demonstrated a dose-dependent 

attenuation of HCC development and induction of apoptosis by the 12-LOX inhibitor 

baecalein (83). A nearly identical study performed by Wong and colleagues confirmed 

the findings of the Xu work (84). The endogenous production of 12-HETE by tumors of 

the stomach, lung and colon and by melanoma cells has also been observed, and 12-

HETE was further shown to enhance tumor cell metastatic potential (85).  

15-HETE induces vasoconstriction and is implicated in edema (86), and is a 

central anti-apoptosis molecule in pulmonary arterial smooth muscle cells through a 

variety of mechanisms including inducible nitric oxide synthase and K+ channel 

regulation (87-88). 15-HETE was recently shown to promote HCC growth and 
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metastasis through the phosphoinositide 3-kinase/protein kinase B/heat shock protein 

90 (PI3K/Akt/HSP90) pathway (89). Our metabolomic data shows that 12-HETE and 15-

HETE were significantly downregulated in DC vs. NHC but experienced a rebound in 

expression in the HCC group, with both compounds exhibiting significant elevation in 

HCC vs. DC. ROC analysis of these markers showed good sensitivity but their potential 

substandard specificity would diminish their utility as biomarkers of HCC. 

Notwithstanding, their reemergence in HCC suggests a potential role for these 

metabolites’ respective LOX or cytochrome P450 pathways in HCC development. The 

roles of 12-HETE and 15-HETE and their enzymes in HCC remain largely 

uncharacterized and are worthy of further investigation.  

Oxidative stress through accumulation of ROS species superoxide, hydrogen 

peroxide (H2O2), and hydroxyl radical is known to promote the development of HCC 

primarily by enhancing DNA damage (90). Our data reveals significant elevation of 

oxidative stress-related metabolites xanthine and the gamma-glutamylpeptides in HCC 

vs. DC. Xanthine is produced from hypoxanthine by xanthine oxidase, and the 

production of xanthine is accompanied by generation of H2O2. One study reported a 

significant elevation of xanthine oxidase activity in HCC (91) while others showed a 

decrease in XO activity in HCC (92). The concomitant elevation of hypoxanthine in our 

study suggests overactivity of xanthine oxidase in HCC. Interestingly, one study showed 

that the elevation of ROS in hepatoma cells was a prerequisite for heightened glycolysis 

(93), consistent with the Warburg theory of cancer. While oxidative stress is routinely 

implicated in cancer and in HCC, the role the xanthine oxidase pathway in HCC is 

unexplored and needs better characterization. Its elevation in HCC vs. cirrhosis may 
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reflect increased oxidative stress that is a hallmark of the neoplastic HCC 

microenvironment, and oxidative stress may synergistically promote the enhanced 

glycolysis exhibited by growing tumors.  

Gamma-glutamyl peptides are the building blocks of glutathione, the body’s chief 

antioxidant that is produced primarily in liver and acts as a reducing agent to neutralize 

ROS. Glutathione is catalytically produced by gamma-glutamylpeptidase (GGT), a 

clinical signature of chronic liver disease. GGT breakdown of glutathione results in the 

liberation of free -glutamyl peptides. Glutathione scavenging of ROS is catalyzed by 

glutathione s-transferase P1 (GSTP1) and studies show that impairment of GSTP1 

promotes hepatocellular carcinoma development (94-95). Failure of GSTP1 in HCC 

would impair glutathione’s ability to fulfill its role in oxidative stress homeostasis, 

exacerbating oxidative stress in liver and increasing the likelihood for DNA damage to 

transpire. Decreased activity of liver glutathione peroxidase, another important free 

radical scavenger, has also been observed in HCC (96). Elevations in glutathione in 

HCC vs. cirrhosis are often reported and the increase of gamma-glutamylpeptides 

witnessed in our study may reflect bolstered GSH manufacture aimed at overcoming the 

deficiency of functional GSTP1 or glutathione peroxidase. Another oxidative stress 

metabolite, 2-hydroxybutyrate, was also strongly elevated in HCC vs. cirrhosis and was 

among the most important metabolites for class prediction by random forest. When 

overwhelming oxidative stress eclipses glutathione antioxidant capacity, the liver 

produces antioxidant 2HB through an “emergency” transsulfuration pathway (97). The 

upregulation of 2HB may be a signature of elevations in ROS that summon emergency 

LDH production of 2HB to complement the antioxidative effects of GSH. ROC analysis 
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of Xanthine, 2HB, and the gamma glutamyl-peptides demonstrates that these oxidative 

stress metabolites may have utility as ROS-related biomarkers of HCC. 

Multivariate analysis and random forest showed that serine, aspartate and 

glycine were the best distinguishers between HCC and cirrhosis controls. Serine’s 

importance to HCC development may also be linked to its role as an allosteric activator 

of pyruvate kinase M2 (PKM2), the principal cancer isoform of PK which converts 

phosphoenolpyruvate to pyruvate. Serine not only activates this enzyme upon binding, 

but depletion of serine results in an attenuation of PKM2 activity. Among the hallmarks 

of the cancer microenvironment is hypoxia and numerous studies have demonstrated 

the growing cancer’s bolstered reliance on glycolysis due to the absence of molecular 

oxygen, a phenomenon known as the Warburg effect. PKM2 has been implicated as a 

critical arbitrator of cancer growth and proliferation. The elevation of serine in HCC vs. 

DC may reflect serine’s constitutive influence on PKM2, thereby reinforcing the 

glycolytic process. A more reactive form of serine, homoserine was also among the 

most significantly overexpressed markers of HCC. The role of this amino acid in human 

physiology is unknown, but a study by Gazarian and colleagues showed that 

homoserine was upregulated in hepatitis B patients’ urine (98). The study proposed that 

homoserine is produced through an emergency pathway aiding in overwhelmed 

methionine catabolism and proposed that this metabolite is liberated through S-

adenosylmethionine (SAM) cleavage into homoserine and methylthioadenosine. The 

increased pool of amino acids in HCC vs. DC is consistent with the anabolic needs of 

growing HCCs.  



 

59 

Glycine is also a vital anabolic metabolite of growing cancers. Recently, Jain et 

al. analyzed the metabolic profile of 60 cancer cell lines using LC/MS-MS (48) and 

found that glycine biosynthesis was among the most important pathways for the 

development of a broad spectrum of cancers. Further, higher expression of glycine 

biosynthesis pathway enzymes was associated with increased mortality in breast 

cancer patients. Glycine is synthesized in the mitochondria by serine hydroxymethyl-

transferase 2 (SHMT2). Jain and colleagues stopped cancer cell proliferation by both 

antagonizing glycine uptake by the cancer cells and by impairing mitochondrial 

biosynthesis of glycine via RNAi-mediated knockout of SHMT2. When glycine was 

added into the medium, proliferation was rescued. To track the destination of the 

SHMT-hyperproduced glycine, the team conducted a metabolic tracing experiment 

using (13C)glycine and saw that the glycine was being incorporated into purine 

nucleotides of the rapidly proliferating cancer cells. This suggests that the 

overproduction of glycine in the mitochondria of cancer cells may be a pivotal anabolic 

process that through enhanced nucleotide synthesis necessary for active mitosis 

galvanizes the pre-neoplastic lesion for progression to HCC. Consistent with this theory, 

we observed significant upregulation of several purine and pyrimidine metabolites in 

HCC vs. DC. These metabolites were downregulated in DC vs. NHC but experienced a 

rebound in concentration in HCC patients. This may reflect the metabolically enhanced 

state of the HCC microenvironment.  

Further aberrations of lipid metabolism were seen in HCC vs. DC and DC vs. 

NHC, revealing a litany of metabolites with putative utility in the diagnosis of HCC and 

cirrhosis. Sphingosine is the precursor of sphingosine 1-phosphate, a metabolite 
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increasingly becoming recognized as an important facilitator of cancer development. In 

agreement with a recent HCC metabolomics study identifying aberrations in 

sphingosine metabolism in HCC (36) we observed a significant elevation of sphingosine 

in HCC patients vs. DCs (P=.0017). Ceramide is routinely shown to be a tumor 

suppressing lipid and a facilitator of tumor cell apoptosis, while S1P is implicated in 

HCC proliferation and has been shown to silence apoptosis signalling. The 

ceramide/sphingosine/sphingosine-1-phosphate reaction is known as the “sphingosine 

rheostat” (61) and this mechanism plays a crucial role in cell turnover homeostasis. 

Sphingosine is ultimately produced from ceramide in a reversible manner by acid 

ceramidase (99). The observed elevation in sphingosine in the HCC patients vs. 

cirrhosis controls may reflect the establishment of bolstered cell survival and 

proliferative capacity in cirrhotic tissue mediated through enhanced acid ceramidase 

pathway activity and promoting the formation of neoplastic HCC tissue. Interestingly, the 

initiation of the sphingosine production pathway involves the combination of palmitoyl-

CoA and serine via serine palmitoyltransferase to produce the biosynthetic intermediate 

3-ketosphinganine. The observed elevation in serine levels in our HCC patient group 

may reflect not only the tumor’s heightened biosynthetic needs and serine’s 

enhancement of HCC proliferation through PKM2, but also the heightened activity of 

pathways such as AC. The synergy of these phenomena may be chief components of 

the pre-neoplastic microenvironment that increases the cell survival capacity and hence 

the likelihood for HCC initiation.  

One potential HCC therapeutic strategy is directed at AC suppression, which 

allows for ceramide accumulation and inhibition of sphingosine production 
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simultaneously resulting in increased apoptosis and reduced cell survival. The inhibition 

of AC resulting in accumulation of ceramide/truncation of sphingosine levels has been 

shown to both sensitize HCC cells to chemotherapy and shrink HCC tumors in vivo 

(100). In a similar study involving melanoma cell response to treatment decarbazene, 

AC suppression resulted in better tumor response while the inducible overexpression of 

AC bolstered tumor resistance to the treatment (101). Gene expression profiling of 

hepatitis C-induced HCC by Mas and colleagues showed that AC was among the top 

10% of the most overexpressed genes in HCC samples vs. normal uninvolved liver 

tissues (102). Other studies aimed at sphingosine kinase inhibition have shown a 

synergistic abrogation of HCC development when sorafenib is combined with selective 

inhibition of SPHK2 (60, 103). Our metabolomics data is in agreement with a growing 

body of evidence suggesting that therapies targeting the ceramide/sphingosine axis 

may be beneficial in abrogating HCC tumor growth. 

Biomarkers of Cirrhosis 

The DC vs. NHC comparison revealed 65 significantly altered pathways, which is 

less than the number that significantly differed in HCC vs. DC. Notwithstanding, the 

metabolite fold differences between these groups were more remarkable than those in 

the HCC vs. DC comparison. We observed a tremendous overexpression of 

dicarboxylic acids in DC vs. NHC and ROC curves of azelate and sebacate show that 

each of these metabolites could accurately distinguish DCs from NHCs with 100% 

sensitivity and 100% specificity (AUC=1.00, P=0.00). DCAs are toxic very long chain 

fatty acids that inhibit mitochondrial -oxidation and serve as substrates for PPAR--

oxidation (104). The overexpression of DCAs in DCs vs. NHC and HCC vs. NHC may 
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be related to the impairment of CPT shuttle system, as shown by the buildup of 

acylcarnitines in HCC and DC vs. NHC. In lieu of a deregulation in CPT function, PPAR-

 activity would be enhanced to compensate for the loss of mitochondrial -oxidation, 

and this enhancement is shown to promote HCC development (53-55). Given that 

DCAs are substrates of PPAR--oxidation, their elevation may be a signature of a 

metabolic shift from mitochondrial to peroxisomal fatty acid oxidation. The injurious 

effects of this shift involve the fact that H2O2, a ROS, is liberated with the oxidation of 

every DCA. Hence, overreliance on this pathway may increase the oxidative stress, 

contributing to greater likelihood of injurious effects. Further, DCAs can be activated by 

microsomal dicarboxylyl-CoA synthetases, and the products of this reaction proceed 

through H2O2-generating reactions (104). The high upregulation of DCAs in HCC vs. 

NHC and DC vs. NHC hence potentially reinforces the link between ROS and 

hepatocarcinogenesis. Interestingly, azelate is also produced by naturally-occurring skin 

yeast Malasezzia furfur (105). Previous studies have shown a relationship between 

altered gastrointestinal function and skin disorders (106), an interplay termed the gut-

brain-skin axis whereby the skin or the GI tract exhibits “leaky” characteristics. Studies 

have also shown that the onset of cancer can disrupt the skin flora (107). More 

importantly, however, is the potential production of DCAs by gut microflora. Although it 

is unknown whether gut bacteria produce DCAs, aberrant gut microflora expression is 

becoming increasingly implicated as a signature of a variety of diseases and the 

elevation of DCAs may in fact be related to increased volume of gastrointestinal 

bacteria reflecting more favorable microenvironment of cirrhosis and HCC. 
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Further aberrations in lipid metabolism were witnessed through strong elevations 

in bile acids TCDCA, TCA, GHCA, GCA and GHCA were seen in DC vs. NHC and ROC 

analysis confirmed that these bile acids possessed strong diagnostic utility for cirrhosis. 

Several studies have shown that total bile acids have high diagnostic utility for cirrhosis 

and hepatobiliary disease (108-110). Other significantly elevated markers included two 

unknown fibrinogen cleavage byproducts. The accelerated breakdown of fibrinogen is 

strongly implicated in cirrhosis (111) and is in agreement with the increased prothrombin 

time (INR) that is a signature of impaired extrinsic pathway of coagulation and is among 

the major clinical indications of liver disease. 

Highly overexpressed acylcarnitines in both HCC vs. DC and DC vs. NHC was 

also observed and is consistent with recent HCC metabolomics studies showing an 

elevation of these metabolites in chronic liver disease patients. Aberrant acylcarnitine 

metabolism has been implicated as an important mechanism of cirrhosis onset (112-

113). Increases in acylcarnitines in HCC patients vs. NHC and cirrhotics vs. NHCs may 

reflect failure of the enzyme CPTI to catalyze the unification of free fatty acid with 

carnitine. 

Conclusion and Future Directions 

At least fifteen HCC metabolomics studies have been conducted, but among 

these studies only seven showed metabolomic differences between HCC and DC (28, 

29, 31, 36-39). Given that HCC is a complex heterogeneous disease that arises from a 

preexisting long-term condition of cirrhosis and is often accompanied by significant 

comorbidity, the comparison of HCC vs. NHC will invariably show substantial 

metabolomic differences. To demonstrate this fact, of the 485 metabolites detected in 

our analysis, 260 metabolites were significantly up or downregulated in HCC vs. NHC 



 

64 

but in contrast, 107 metabolites were significantly altered in HCC vs. DC. The HCC vs. 

DC contains less patent differences but is more clinically relevant because HCC arises 

in the setting of cirrhosis in >90% of cases and because the HCC surveillance 

paradigms target individuals with cirrhosis. Furthermore, just half of the previous HCC 

metabolomics studies reported the etiology of cirrhosis. HCC emerges from viral 

hepatitis B or C-associated cirrhosis, alcoholic-cirrhosis, nonalcoholic steatohepatitis, 

primary biliary cirrhosis, and non-alcoholic fatty liver disease. These distinct etiologies 

each likely leave a unique metabolomic fingerprint in the afflicted patient, which may 

explain the inconsistent expression trends reported in contemporary HCC metabolomics 

investigations. In addition, previous studies did not match HCC patients and cirrhosis 

controls by appropriate etiology, further confounding interpretation of the phenomena 

witnessed. MELD and Child-Pugh scores were also absent from these studies and it is 

unclear whether the metabolomic expression profiles are reflective of well-compensated 

or decompensated cirrhosis. Further, no HCC metabolomic studies to date have 

accounted for patients’ body mass index (BMI). BMI significantly influences 

metabolomic expression data, with more obese individuals exhibiting higher levels of 

lipids and amino acids. Our study addresses these limitations by matching HCC and DC 

patients according to histologically proven HCV-associated cirrhosis, age, gender, race, 

MELD, Child-Pugh score, and BMI. Our patients were also abstinent from alcohol and 

illicit drug use at the time of enrollment, further controlling for potential confounders.  

While this study reported on the differences between HCC vs. cirrhosis and 

cirrhosis vs. NHC, we did not evaluate the metabolomes of chronic HCV patients 

without cirrhosis. HCV-only vs. HCV-cirrhosis would likely better illustrate the 
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metabolomic expression differences than the comparison of DC vs. NHC. And, while 

ROC curves provided validity to the markers with promising results, these curves were 

generated on the basis of each metabolite’s mass spectrometry peak area. Absolute 

quantitation methods are required to better establish the diagnostic utility of these 

putative markers. Finally, our validation efforts showed that PHGDH levels trended 

significantly lower from DCs through the different HCC stages (R=-.335, P=.035). Our 

validation did not identify any significant alterations in sphingosine, S1P, xanthine 

oxidase, and none of the ELISA data demonstrated good sensitivity and specificity for 

distinguishing HCC patients vs. DCs. Notwithstanding, we used a low number of 

patients in the validation (HCC n=24, DC n=12) and that these values may not be 

reflective of the true trends between HCC and DC. Future validation of metabolomics 

data will require larger cohorts of patients and should also measure enzyme activity. 

Our study identified a panel of metabolites in that may be of utility as biomarkers 

of HCC including amino acids, oxidative stress markers, and purine and pyrimidine 

nucleotides. We further showed putative utility for dicarboxylic acids and bile acids to 

function as biomarkers of cirrhosis. Validation of these markers are planned.



 

66 

 

 

Figure 2-1. Clinical characteristics of HCC patients and HCV-cirrhosis disease control 
subjects. 
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Figure 2-2.  Random forest supervised classification model. A) Random forest 
supervised class prediction analysis of HCC patients, HCV-cirrhosis DCs, and 
NHC. Random forest accurately placed 70% of HCC patients in their 
appropriate groups on the basis of their global metabolomic profile expression 
profile. 70% of DCs were also accurately classified and 100% of NHCs were 
correctly predicted as NHC. The mean predictive accuracy of this model for 
all comers was 80%. B) Random forest analysis of HCC vs. DC only. Class 
prediction accuracy for HCC patients was 73% and 70% for DC. Serine was 
the most important metabolite for distinguishing HCC patients from cirrhosis 
controls and more broadly, amino acids played important roles in the random 
forest classification. 
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Figure 2-3. Unsupervised hierarchical clustering analysis of HCC and DC metabolomes. 

A major node of separation separated disease control patients (green) toward 
the right of the cluster and HCC patients (violet) at the left of the cluster. HCC 
patients (n=30) denoted by violet H. HCV-cirrhosis disease controls (n=27) 
indicated by green D. The UNFL data corresponds to patient identifiers. Red 
signifies overexpression, blue represents downregulation, and white 
corresponds to no change. 
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Biochemical Name Metabolic Pathway HCC/DC DC/NC HCC/DC P HCC/DC q DC/NC P DC/NC q RT m/z Platform

succinylcarnitine Acylcarnitine metabolism - Medium chain 1.31 0.89 0.0148 0.0658 6.12E-09 2.28E-08 1401 262.1 LC/MS pos

acetylcarnitine Acetylcarnitine metabolism - Medium chain 1.2 1.01 0.0335 0.0864 1.43E-06 2.59E-06 1203 204.2 LC/MS pos

glutarylcarnitine (C5DC) Acetylcarnitine metabolism - Medium chain 1.28 0.86 0.0028 0.0488 3.98E-12 2.81E-11 1565 276.1 LC/MS pos

aspartate Amino Acids 1.42 0.51 1.13E-05 0.0013 1.22E-11 7.85E-11 1763.1 348.2 GC/MS

glutamate Amino Acids 1.9 0.51 0.0007 0.0241 1.20E-08 3.93E-08 1836.8 362.2 GC/MS

serine Amino Acids 1.35 0.73 6.96E-06 0.0013 1.61E-06 2.81E-06 1656.3 320.2 GC/MS

glycine Amino Acids 1.36 0.7 2.58E-05 0.0019 4.18E-06 6.22E-06 1486.9 218.1 GC/MS

phenylalanine Amino Acids 1.22 0.81 0.0001 0.0053 1.43E-05 1.80E-05 2056 166.1 LC/MS pos

homoserine Amino Acids 1.62 0.71 0.0002 0.0002 0.0012 0.0269 1726.1 334.2 GC/MS

phenylalanyltryptophan Dipeptide 0.84 0.97 0.031 0.0832 0.9191 0.2822 3349 352.2 LC/MS pos

phenylalanylserine Dipeptide 0.8 2.55 0.0341 0.0864 4.37E-08 1.21E-07 1808 253.1 LC/MS pos

leucylalanine Dipeptide 0.76 2.24 0.0484 0.1049 1.98E-05 2.37E-05 1760 203.2 LC/MS pos

12-HETE Eicosanoid Lipid Signalling Cascade 1.69 0.13 0.0028 0.0488 3.98E-12 2.81E-11 5295 319.3 LC/MS neg

15-HETE Eicosanoid Lipid Signalling Cascade 2.8 0.34 0.0148 0.0658 6.12E-09 2.28E-08 5271 319.3 LC/MS neg

dihomo-linolenate (20:3n3 or n6) Eicosanoid Lipid Signalling Cascade 1.27 0.83 0.0091 0.0553 0.0073 0.0054 5600 305.4 LC/MS neg

linolenate [alpha or gamma; (18:3n3 or 6)] Eicosanoid Lipid Signalling Cascade 1.46 0.81 0.0158 0.0661 0.0553 0.0312 5450 277.3 LC/MS neg

linoleate (18:2n6) Eicosanoid Lipid Signalling Cascade 1.25 0.91 0.0247 0.0832 0.1172 0.0579 5533 279.3 LC/MS neg

dihomo-linoleate (20:2n6) Eicosanoid Lipid Signalling Cascade 1.41 1.13 0.0129 0.0648 0.8936 0.2774 5722 307.3 LC/MS neg

arachidonate (20:4n6) Eicosanoid Lipid Signalling Cascade 1.23 0.72 0.0268 0.0832 1.93E-05 2.33E-05 5525 303.4 LC/MS neg

13-HODE + 9-HODE Eicosanoid Lipid Signalling Cascade 2.54 0.52 0.0307 0.0832 1.05E-06 1.98E-06 5270 295.2 LC/MS neg

isovalerate Fatty acid metabolism 2.63 0.69 0.0038 0.049 0.1201 0.0591 1623 101.2 LC/MS neg

stearamide Fatty acid, amide 1.38 0.48 0.0102 0.0589 1.01E-09 4.58E-09 2071 131 GC/MS

azelate (nonanedioate) Fatty acid, dicarboxylate 1.77 54.35 0.0184 0.0691 0.00E+00 0.00E+00 1322 187.2 LC/MS neg

sebacate (decanedioate) Fatty acid, dicarboxylate 1.66 25.78 0.0298 0.0832 0.00E+00 0.00E+00 1778 201.2 LC/MS neg

undecanedioate Fatty acid, dicarboxylate 1.83 36.09 0.0331 0.0864 0.00E+00 0.00E+00 2376 215.1 LC/MS neg

dodecanedioate Fatty acid, dicarboxylate 1.54 2.27 0.0335 0.0864 1.43E-06 2.59E-06 2990 229.2 LC/MS neg

n-Butyl Oleate Fatty acid, ester 1.43 1.03 0.012 0.0644 0.3653 0.1358 2045 265.3 GC/MS

2-hydroxypalmitate Fatty acid, monohydroxy 1.24 1.37 0.0011 0.0269 7.76E-06 1.06E-05 5508 271.3 LC/MS neg

3-hydroxydecanoate Fatty acid, monohydroxy 1.29 1.14 0.0149 0.0658 0.0238 0.0152 4681 187.2 LC/MS neg

2-hydroxystearate Fatty acid, monohydroxy 1.17 1.24 0.0191 0.0706 0.0032 0.0026 5705 299.4 LC/MS neg

2-hydroxydecanoic acid Fatty acid, monohydroxy 1.87 1.24 0.0286 0.0832 0.4604 0.1654 4826 187.2 LC/MS neg

8-hydroxyoctanoate Fatty acid, monohydroxy 1.45 3.31 0.0371 0.0899 3.48E-12 2.59E-11 2323 159.1 LC/MS neg

2-pyrrolidinone GABA Metabolism 1.27 3.59 0.0082 0.0541 0.00E+00 0.00E+00 1190.9 142 GC/MS

1-palmitoylglycerophosphate Glycerolipid metabolism 1.58 0.61 0.006 0.0536 9.11E-06 1.20E-05 5752 409.3 LC/MS neg

2-oleoylglycerophosphoethanolamine* Glycerolipid metabolism 1.78 0.57 0.0074 0.0536 0.023 0.0147 5848 478.3 LC/MS neg

1-palmitoylglycerophosphoethanolamine Glycerolipid metabolism 1.53 0.62 0.0268 0.0832 0.045 0.0263 5940 452.3 LC/MS neg

2-palmitoylglycerophosphoethanolamine* Glycerolipid metabolism 1.24 0.66 0.0284 0.0832 0.012 0.0084 5790 452.3 LC/MS neg

1-oleoylglycerophosphoethanolamine Glycerolipid metabolism 2.07 0.49 0.0384 0.092 0.0078 0.0057 5928 478.3 LC/MS neg

choline Glycerolipid metabolism 1.17 0.64 0.0074 0.0536 4.20E-12 2.83E-11 674 104.2 LC/MS pos

N-acetylalanine N-Acetyl Amino Acids 1.21 0.89 0.0012 0.0269 0.0002 0.0002 882 130.1 LC/MS neg

N-acetylglycine N-Acetyl Amino Acids 1.68 0.74 1.13E-05 0.0013 1.22E-11 7.85E-11 1396.4 143.9 GC/MS

N-acetylserine N-Acetyl Amino Acids 1.26 0.96 0.0001 0.0053 1.43E-05 1.80E-05 1526 218 GC/MS

N6-acetyllysine N-Acetyl Amino Acids 1.18 0.86 0.0017 0.0312 6.39E-09 2.31E-08 1134 189.1 LC/MS pos

gamma-glutamylphenylalanine Oxidative Stress Homeostasis 1.4 0.9 0.0013 0.0269 0.0576 0.032 2846 295.1 LC/MS pos

gamma-glutamylisoleucine* Oxidative Stress Homeostasis 1.59 0.84 0.0057 0.0536 0.0599 0.0332 2644 261.2 LC/MS pos

gamma-glutamylthreonine* Oxidative Stress Homeostasis 1.43 0.91 0.0139 0.0658 0.1827 0.0812 977 249.1 LC/MS pos

gamma-glutamylvaline Oxidative Stress Homeostasis 1.62 0.76 0.034 0.0864 0.0004 0.0004 2040 247.2 LC/MS pos

2-hydroxybutyrate (AHB) Oxidative Stress Homeostasis 1.56 0.83 0.0003 0.0103 0.1019 0.0525 1169.4 130.9 GC/MS

xanthine Purine metabolism, (hypo)xanthine/inosine containing 1.62 0.51 9.35E-05 0.0053 1.58E-11 9.28E-11 1889.9 353 GC/MS

hypoxanthine Purine metabolism, (hypo)xanthine/inosine containing 1.24 0.2 0.0346 0.0866 0.00E+00 0.00E+00 1313 135.1 LC/MS neg

N1-methyladenosine Purine metabolism, adenine containing 1.17 1.25 0.0089 0.0553 7.01E-05 7.74E-05 1356 282.1 LC/MS pos

adenine Purine metabolism, adenine containing 1.91 2.24 0.0371 0.0899 6.42E-06 9.16E-06 1804.2 264 GC/MS

uridine Pyrimidine metabolism, uracil containing 1.2 0.72 0.0035 0.049 2.07E-06 3.41E-06 1430 243.1 LC/MS neg

sphingosine Sphingolipid 1.87 0.44 0.0017 0.0312 6.39E-09 2.31E-08 5197 300.2 LC/MS pos  
 
Figure 2-4.  Most significantly altered metabolites in HCC and cirrhosis. Dashes in 2-4B denote non-significant p-values. 

LC/MS pos represents positive mode electrospray ionization (ESI) and neg corresponds to negative mode ESI. 
P<.05 used as the significance cutoff. q-value represents the false discovery rate, which describes the 
confidence in the p-value. m/z, mass-to-charge ratio. RT, retention time. A) Markers most strongly associated 
with HCC (P<.05, q<.10). B) Putative biomarkers of cirrhosis. 
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Biochemical Name Pathway DC/NC HCC/NC HCC/DC DC/NC P DC/NC q HCC/NC P HCC/NC q HCC/DC P HCC/DC q RT m/z Platform

taurochenodeoxycholate (TCDCA) Bile acid metabolism 17.78 16.09 0.9 5.74E-07 1.19E-06 5.30E-14 5.42E-13 - - 5218 498.3 LC/MS neg

taurocholate (TCA) Bile acid metabolism 14.97 17.96 1.46 1.37E-08 4.39E-08 5.00E-15 8.00E-14 - - 5122 514.3 LC/MS neg

taurocholenate sulfate* Bile acid metabolism 6.54 8 1.22 1.12E-08 3.75E-08 2.04E-13 1.66E-12 - - 4762 279.8 LC/MS neg

taurolithocholate 3-sulfate Bile acid metabolism 5.15 4.82 0.94 0.0011 0.001 1.25E-05 2.12E-05 - - 5002 562.1 LC/MS neg

glycocholate (GCA) Bile acid metabolism 4.18 6.18 1.48 1.28E-06 2.38E-06 1.15E-09 4.68E-09 - - 5104 464.4 LC/MS neg

tauroursodeoxycholate (TDCA) Bile acid metabolism 4.11 4.41 1.07 1.44E-05 1.80E-05 3.64E-07 8.93E-07 - - 5002.6 498.4 LC/MS neg

glycochenodeoxycholate (GDCA) Bile acid metabolism 3.24 3.68 1.14 0.0002 0.0002 2.92E-06 6.19E-06 - - 5245 448.4 LC/MS neg

octanoylcarnitine Acylcarnitine metabolism - Medium chain 1.98 1.76 0.89 0.0075 0.0056 1.88E-05 2.97E-05 - - 4100 288.3 LC/MS pos

decanoylcarnitine Acylcarnitine metabolism - Medium chain 1.99 1.37 0.69 0.0274 0.0169 0.0735 0.0413 - - 4700 316.3 LC/MS pos

laurylcarnitine Acylcarnitine metabolism - Medium chain 2.19 2.03 0.93 0.0002 0.0002 5.41E-05 7.27E-05 - - 5066 344.3 LC/MS pos

isobutyrylcarnitine Acylcarnitine metabolism - Long chain 0.49 0.58 1.19 7.24E-06 1.01E-05 0.0002 0.0002 - - 1941 232.2 LC/MS pos

oleoylcarnitine Acylcarnitine metabolism - Long chain 0.75 1.03 1.37 0.0129 0.0089 0.5275 0.2054 - - 5202 426.4 LC/MS pos

palmitoylcarnitine Acylcarnitine metabolism - Long chain 0.82 1.09 1.32 0.03 0.0183 0.5358 0.2081 - - 5179 400.4 LC/MS pos

azelate (nonanedioate) Fatty acid, dicarboxylate 54.35 96.08 1.77 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.0184 0.0691 1322 187.2 LC/MS neg

undecanedioate Fatty acid, dicarboxylate 36.09 66.05 1.83 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.0331 0.0864 2376 215.1 LC/MS neg

sebacate (decanedioate) Fatty acid, dicarboxylate 25.78 42.91 1.66 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.0298 0.0832 1778 201.2 LC/MS neg

hexadecanedioate Fatty acid, dicarboxylate 5.08 6.56 1.29 1.60E-14 1.85E-13 0.00E+00 0.00E+00 - - 4650 285.2 LC/MS neg

tetradecanedioate Fatty acid, dicarboxylate 2.65 2.7 1.02 1.80E-05 2.19E-05 1.06E-07 2.81E-07 - - 3970 257.2 LC/MS neg

hexadecanedioate Fatty acid, dicarboxylate 5.08 6.56 1.29 1.60E-14 1.85E-13 0.00E+00 0.00E+00 - - 4650 285.2 LC/MS neg

5-dodecenoate (12:1n7) Medium chain fatty acid 2.88 3.78 1.31 0.0004 0.0004 6.61E-08 1.97E-07 - - 5206 197.2 LC/MS neg

10-undecenoate (11:1n1) Medium chain fatty acid 2.03 2.1 1.04 1.76E-06 3.03E-06 2.30E-09 8.78E-09 - - 5086 183.3 LC/MS neg

laurate (12:0) Medium chain fatty acid 1.65 2.18 1.32 0.0002 0.0002 5.60E-06 1.06E-05 - - 5288 199.3 LC/MS neg

pelargonate (9:0) Medium chain fatty acid 1.62 1.72 1.06 1.86E-09 7.52E-09 3.38E-07 8.43E-07 - - 4847 157.2 LC/MS neg

heptanoate (7:0) Medium chain fatty acid 1.55 1.59 1.02 1.68E-07 3.97E-07 6.22E-07 1.43E-06 - - 3695 129.2 LC/MS neg

caprylate (8:0) Medium chain fatty acid 1.45 1.6 1.11 4.05E-05 4.62E-05 1.42E-05 2.35E-05 - - 4367 143.2 LC/MS neg

caprate (10:0) Medium chain fatty acid 1.45 1.77 1.22 0.0006 0.0005 1.14E-05 1.95E-05 - - 5092 171.2 LC/MS neg

undecanoate (11:0) Medium chain fatty acid 1.33 1.48 1.12 1.49E-06 2.63E-06 1.06E-09 4.57E-09 - - 5207 185.2 LC/MS neg

caproate (6:0) Medium chain fatty acid 1.29 1.37 1.07 0.0004 0.0004 3.03E-06 6.33E-06 - - 2766 115.2 LC/MS neg

DSGEGDFXAEGGGVR* Fibrinogen cleavage peptide 11.81 4.08 0.35 1.04E-06 1.98E-06 1.07E-05 1.85E-05 0.0462 0.1012 3379 733.5 LC/MS pos

ADSGEGDFXAEGGGVR* Fibrinogen cleavage peptide 2.92 3.26 1.12 1.63E-12 1.28E-11 7.72E-07 1.76E-06 - - 3239 769 LC/MS pos

bilirubin (Z,Z) Hemoglobin and porphyrin metabolism 4.01 3.97 0.99 7.98E-07 1.57E-06 9.36E-08 2.58E-07 - - 4812 583.2 LC/MS neg

biliverdin Hemoglobin and porphyrin metabolism 1.97 2.33 1.18 0.0087 0.0063 6.08E-05 7.97E-05 - - 4671 581.2 LC/MS neg

urobilinogen Hemoglobin and porphyrin metabolism 11.54 23.86 2.07 7.30E-14 7.38E-13 0.3991 0.3027 - - 4181 591.3 LC/MS neg

1,2-propanediol Ketogenesis 5.77 6.88 1.19 5.00E-15 7.20E-14 1.00E-15 2.00E-14 - - 1041 117 GC/MS

pyroglutamylglycine Dipeptide 0.53 0.79 1.48 6.46E-07 1.32E-06 0.007 0.0054 0.0136 0.0658 855 185.1 LC/MS neg

glycylvaline Dipeptide 0.44 0.85 1.95 7.00E-06 9.89E-06 0.0311 0.0196 0.0072 0.0536 1572 175.1 LC/MS pos

alanylalanine Dipeptide 0.35 0.35 0.99 6.45E-10 3.25E-09 2.22E-10 1.27E-09 - - 1379.5 271.1 GC/MS

aspartylleucine Dipeptide 0.32 0.38 1.18 2.04E-10 1.11E-09 6.30E-10 2.95E-09 - - 2310 247.2 LC/MS pos

valylarginine Dipeptide 3.58 2.99 0.84 1.32E-05 1.69E-05 5.13E-06 9.92E-06 - - 1805 272.2 LC/MS neg
 

 
Figure 2-4.  Continued  
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Figure 2-5. Sensitivity and specificity of putative biomarkers of HCC and cirrhosis. Mass 
spectrometry peak areas used to construct the receiver operator 
characteristic curves. P-value < .05 used as a cutoff for significance. A) 
Biomarkers of HCC. B) Biomarkers of cirrhosis. 

A 
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B

 
Figure 2-5 Continued. 
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CHAPTER 3 
TARGETED PROTEOMICS: SOLUBLE CD25 AS POTENTIAL HCC BIOMARKER 

 
Introduction 

The immune system employs various defense mechanisms to inhibit cancer 

proliferation. However, a hallmark of cancer is the ability to exploit these defenses and 

ultimately eclipse tumor immunity (115). Soluble CD25 (sCD25) is an immune factor 

that is part of the immune-suppressive network of HCC and holds potential promise as a 

biomarker for HCC. sCD25 is produced after proteolytic release from the membrane-

bound α-subunit (CD25) of the interleukin (IL)-2 receptor. When CD25 is present on the 

T‑cell membrane, together with the β and γ chains it forms the high-affinity IL-2 receptor 

that allows optimal IL-2 signaling for T-cell activation and proliferation (116). We have 

previously shown that the level of sCD25 in the serum of patients with HCC is directly 

correlated with the degree of tumor burden (117). In addition to the correlation with HCC 

burden, sCD25 also has novel functional properties with an ability to inhibit, in a dose-

related manner, antitumor T-cell responses. The release of sCD25 with its immune-

inhibitory properties is another level of immune regulation involved in HCC development 

and progression (118-120). In the present study, we evaluated the correlation between 

the serum level of sCD25 and liver pathology using a well-defined cohort of patients 

with HCC and patients with advanced liver fibrosis. We hypothesized that sCD25 has 

the potential to be an effective biomarker for the presence and early detection of HCC. 

We determined the level of sCD25 in healthy subjects (NCs), disease controls (DCs) 

with advanced fibrosis and patients with HCC. We then determined the sensitivity and 

specificity of sCD25 in order to distinguish patients with HCC from controls with 
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advanced fibrosis and cirrhosis, evaluated the efficacy of sCD25 in detecting early HCC, 

and compared and combined sCD25’s diagnostic utility with that of AFP. We concluded 

our study by revisiting the connection between sCD25 level and tumor burden observed 

in our previous study using this larger cohort of patients with HCC. 

Materials and Methods 

Study Population 

The study protocol was approved by the University of Florida Institutional Review 

Board and we obtained written informed consent from all participants in the study. The 

study included 143 patients with HCC in the setting of cirrhosis, 61 liver DCs and 30 

NCs. Cirrhosis in the HCC patients developed from various primary etiologies (Figure 3-

1). The DC etiologies included patients with chronic HCV or HBV infection, chronic 

HCV‑or HBV‑related cirrhosis, HCV and HBV co-infection, alcohol abuse, NAFLD and 

cryptogenic cirrhosis. All DCs were evaluated for stage of fibrosis with a liver biopsy and 

serum collection was performed on the same day as the biopsy. Of the 61 DCs, 54 had 

cirrhosis and these patients had a fibrosis stage ≥3 out of 6 (121). All DCs with cirrhosis 

and patients with HCC enrolled in this study had well-compensated cirrhosis compatible 

with Child‑Pugh A classification. No patient had a performance status >1 and the 

majority of HCC patients had a performance status score of 0. Blood samples from 

gender-and age‑matched NCs (n=30; 15 males, 15 females) were obtained from the 

local blood bank (Life South, Gainesville, FL, USA). HCC was diagnosed according to 

the noninvasive radiological criteria per the AASLD guidelines (13). The staging of HCC 

was performed using the Barcelona Clinic Liver Cancer (BCLC) staging system. 

Patients diagnosed with stage A HCC had a single lesion <5 cm or 2-3 lesions <3 cm in 
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size. Multinodular lesions >5 cm were characteristic tumor features in patients with 

stage B HCC. Macroscopic vascular invasion or metastatic disease was established in 

patients with Stage C HCC (122). 

Within the group of DCs, 44 patients had HCV‑related cirrhosis confirmed by 

histopathology. The patients with confirmed HCV-related cirrhosis were enrolled into our 

surveillance program, received serial cross-sectional imaging every six months and had 

no liver masses on enrollment and 12 months after enrollment. The following clinical 

data were obtained for each HCC patient: age, gender, ethnicity, etiology of HCC, 

BCLC stage, AFP level and Model for End‑Stage Liver Disease (MELD) score. For the 

DCs, we obtained age, gender, ethnicity, etiology of liver disease, MELD score and AFP 

data for 46 of the 61 DC patients. AFP was measured in 46 of the 61 DC patients. 

Laboratory hepatic function data needed for MELD score calculation was not obtained 

for 10 of the 61 DCs at the time of their enrollment  

Serum Preparation and sIL-2R ELISA for sCD25 Quantification 

Whole blood samples were collected on the clinic date when patients were 

diagnosed with HCC and processed for serum isolation. Then, using sIL‑2R ELISA 

(Bender MedSystems, Vienna, Austria), we processed fresh samples for sCD25 in 

duplicate using our previous approach (117). Briefly, microtiter plates coated with anti-

human sIL-2R antibody were inculcated with serum containing sCD25 and subjected to 

horseradish peroxide, a substrate solution that upon addition induced a color change. 

The intensity of the colored product was directly proportional to the level of sCD25 

present in each well. Plates were read at 450nm using the SpectraMax190 reader 

(Molecular Devices, Sunnyvale, CA, USA). Measurements of sCD25 above the upper 
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limit of the calibration range (20,000 pg/ml) were diluted by half using buffer from the 

manufacturer. 

Statistical Analysis 

Data for sCD25 and AFP levels are expressed as box plots with medians ± SD. 

Receiver operator characteristic (ROC) curves with respective points of maximal 

accuracy for sensitivity and specificity were generated to determine biomarker 

performance. The Parikh model for combined sensitivity and specificity was used to 

determine combined diagnostic utility of sCD25+AFP (123). The multiple regression test 

was used to evaluate the correlation between clinical parameters and sCD25 level. We 

used the Mann‑Whitney U test to assess the significance of group differences in the 

level of sCD25. Spearman's rank correlation coefficient was used to examine the 

correlation between HCC stage and the level of sCD25. P<0.05 was considered to 

indicate a statistically significant result. Statistical data were analyzed using MedCalc 

version 11.5.1.0 (MedCalc Software, Mariakerke, Belgium). 

Results 

Clinical Characteristics of HCC Patients and DCs 

In our study, the majority of HCC patients were male (79%) and Caucasian 

(82%). African‑Americans, Hispanics and Asians were less common (Figure 3-1). A 

near‑equal distribution of patients was present across all stages of HCC, with 48 

patients having stage A disease (early HCC), 45 patients being in the stage B subset 

(intermediate HCC) and 50 patients having stage C cancer (advanced HCC). The 

average age of the HCC patients was 63.6 years. Of the HCC patients, 60% had 

chronic HCV infection, making HCV the predominant etiology of their liver disease. 
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Other primary causes of HCC included alcohol-related cirrhosis (n=13), chronic HBV 

infection (n=7) and NAFLD/non-alcoholic steatohepatitis (NASH; n=13). The majority of 

HCC patients (97%) had a MELD score <15. Most HCC patients (67.13%) had an AFP 

level <400ng/ml. For the DCs, the main etiology of their liver disease was chronic HCV 

infection and nearly all patients had an AFP level <400ng/ml. sCD25 levels in HCC 

patients. 

Relationship Between sCD25 Level and Extent of Liver Disease 

 The serum levels of sCD25 were detected at a significantly higher level in HCC 

patients than NCs and DCs (Figure 3-2). The median value of sCD25 in the HCC 

patients (6,955 pg/ml) was significantly higher than that of the DCs and NCs 

(P<0.0001). The median level of sCD25 in the DC group (4,310 pg/ml) was higher than 

that in the NCs (2,098 pg/ml), but the difference was not significant (P=0.0676). The 

levels of sCD25 of HCC patients were not correlated with age, gender or MELD score. 

AFP levels in HCC patients. AFP levels were obtained for DC and HCC patients but not 

the NCs. The difference between the median AFP level in HCC patients (49.4 ng/ml) 

and that in DCs (5.3 ng/ml) was significant (P<0.0001). For the DC and HCC patients, 

there was no correlation between the AFP levels and age, gender or MELD score. 

Utility of sCD25 in Predicting HCC Presence 

After showing that sCD25 was able to differentiate HCC from controls with 

cirrhosis (P<0.0001), we then determined its capacity to detect the presence of HCC. 

This analysis showed that at a cutoff value of 2,180 pg/ml, sCD25 had a sensitivity of 

92.3% and a specificity of 37.7% for detecting HCC (Figure 3-3). By comparison, AFP 

had a sensitivity of 53.8% and a specificity of 86.8% at a cutoff value of 32.3 ng/ml. The 

area under the curve (AUC) values for sCD25 and AFP were 0.685 and 0.755, 
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respectively. At 20 ng/ml, the recommended clinical cutoff value for AFP used in clinical 

practice, the sensitivity of AFP was 60.1% and the specificity was 81.8% (AUC=0.733).  

sCD25 as a Marker for Early-Stage HCC 

We evaluated the performance of sCD25 in detecting early HCC by comparing 

the level of sCD25 in patients with BCLC stage A HCC with the sCD25 responses of DC 

patients (Figure 3-4). In this ROC analysis, an optimal cut-off value of 2,859 pg/ml for 

sCD25 had a sensitivity of 89.6% and a specificity of 39.3% with an AUC of 0.630 

(P<0.0001). By comparison, at a cutoff value of 20 ng/ml, AFP had a sensitivity of 

41.7% and a specificity of 82.6% (AUC=0.630, P=0.0257).  

Correlation between Tumor Burden and sCD25 Level  

We evaluated the correlation between levels of sCD25 and tumor burden (Figure 

3-5). We also examined the correlation between AFP and tumor burden. We observed a 

progressive elevation in the level of sCD25 with increasing HCC stage (R=0.213, 

P<0.0160). The patients with early stage HCC (stage A) had the lowest median level of 

sCD25 (6,339 pg/ml), while patients with multinodular HCC (stage B) had an 

intermediate median level of sCD25 (7,365 pg/ml). The patients with advanced HCC 

(stage C) had the highest median level of sCD25 (8,889 pg/ml). We also found a strong 

positive correlation between AFP level and stage of HCC (R=0.513, P<0.0001).Using 

the cutoff value of 2,859 pg/ml for sCD25 and 20 ng/ml for AFP, we evaluated the 

correlation betweensCD25 and size of HCC in patients with early HCC (Figure 3-6). In 

this analysis, we divided the subset of HCC patients with early HCC into patients with a 

single small tumor <2cm and patients with single tumors <5cm in size. In this analysis, 

sCD25 retained a high sensitivity in those patients with the smallest lesions (<2cm) and 



 

80 

in patients with lesions <5cm. We also found that the sensitivity for AFP was low and 

increased with size of HCC. 

Discussion 

Given that the majority of HCC patients present with advanced disease, there is 

a pressing need for an effective biomarker that detects the presence and early stages of 

HCC at a better capacity than AFP. In the present study, we found that sCD25 

effectively distinguished HCC patients from healthy and DC subjects. The levels of 

sCD25 in HCC patients were significantly higher than those in NCs and DCs with 

advanced liver fibrosis. This analysis found that sCD25 possesses a sensitivity of 92% 

at a cutoff value of 2,180 pg/ml for the presence of HCC and warrants additional 

investigation as a potential screening test. Furthermore, sCD25 also retained this high 

sensitivity (90% at a cutoff value of 2,899 pg/ml) for detecting HCC in a subset of 

patients with early stage HCC, highlighting its potential use as a screening tool in those 

at high-risk for HCC. When comparing sCD25 with AFP, we found that sCD25 has a 

higher sensitivity than AFP in detecting the presence of HCC, particularly in patients 

with early HCC. We also observed a positive correlation between the level of 

sCD25 and the degree of tumor burden of HCC, with levels of sCD25 

progressively increasing from early (stage A) to advanced stage (stage C) HCC. This 

correlation was consistent with our previous study (117), which revealed a positive 

correlation between serum levels of sCD25 and tumor burden. When combined with 

AFP, the sensitivity and specificity of sCD25+AFP were 96.4 and 93.2, respectively, 

underlying the potential complementary value sCD25 offers with AFP testing. These 

findings suggest that the measurement of serum levels of the immune marker sCD25 

may improve earlier detection of HCC and could potentially be a useful novel prognostic 
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marker. A number of serum markers have been evaluated to detect HCC, including 

AFP, lectin‑bound AFP (AFP‑L3) and des‑γ carboxyprothrombin (DCP). The most 

commonly used serological assay to detect HCC is the blood test for AFP. However, 

AFP at the clinically recommended cutoff value of 20 ng/ml suffers from poor sensitivity 

(124). Studies have suggested DCP and AFP‑L3 as potential biomarkers for HCC, 

particularly when used in a complementary fashion (125-127). However, a multicenter 

phase II biomarker study, using a total of 836 patients with 50% of the patients being 

controls with cirrhosis and 50% having HCC, showed the sensitivity of 60% for AFP to 

be better than those of DCP and AFP‑L3% (128). For those patients with early stage 

HCC, the sensitivity of 65% for AFP was more sensitive than DCP and AFP‑L3%. 

Studies that combined the three markers AFP‑ L3%, DCP and AFP have failed to show 

a substantial improvement in sensitivity, even when using a cohort of HCC patients with 

large, unresectable tumors (129). When patients with early HCC were analyzed from a 

nested case‑control study of 39 HCC cases developing during the randomized Hepatitis 

C Antiviral Long‑term Treatment (HALT‑C) trial, the sensitivity dropped to 47% for DCP 

and 61% for AFP (130). Numerous studies have shown that the sensitivity of these 

markers drops as a function of decreasing tumor size, highlighting an insufficient 

sensitivity for these markers at detecting the onset of cancer at its earliest stage (131-

133). The need to be able to detect HCC at its earliest stage was further demonstrated 

in the HALT‑C trial, which analyzed the serum levels of AFP and DCP for 12 months 

prior to the diagnosis of HCC. DCP and AFP had good specificities (94 and 75%, 

respectively), but possessed markedly low sensitivities, of 47 and 43%, respectively.  
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In the present study, sCD25 was more sensitive than AFP in distinguishing 

patients with early HCC from cirrhosis control patients. Moreover, our study showed that 

AFP level was not correlated with early stage HCC lesions smaller than 3cm 

(P=0.1148). This finding is consistent with the conclusions of other studies (27) 

demonstrating a lack of sensitivity of the AFP serological test when used in the 

screening for early tumors. While AFP had poor sensitivity in our study, it did show a 

high specificity for both HCC presence and early HCC in comparison to the low 

specificity of sCD25 in these analyses. The inadequate specificity of sCD25 is a 

limitation that requires further evaluation through the recruitment of a larger HCC cohort, 

since an ideal biomarker should possess high sensitivity and specificity. Combining 

sCD25 with AFP resulted in significant improvement of sensitivity and specificity and 

this combination may be of benefit. AFP continues to be widely used but concern over 

its poor performance as a marker has led to its exclusion as a recommended test for 

screening patients at high risk for HCC in the current practice guidelines from the 

AASLD (13,134, 135). Currently, the main screening strategy recommended is serial 

liver ultrasonography. However, this screening modality is not being effectively used 

since the majority of patients at the highest risk for HCC development are not 

undergoing surveillance (136). Ultrasonography also poses significant challenges 

related to availability and operator experience in interpreting images from cirrhotic livers 

and obese patients (137). The identification of a novel biomarker for HCC that detects 

early cancer and is capable of overcoming these limitations may improve surveillance 

efforts and clinical outcomes. While this study was not designed to evaluate the 

influence of the etiology of underlying liver disease or other clinical factors on sCD25, 
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we did not identify a correlation between clinical parameters and levels of sCD25 level. 

Most importantly, our study controlled for underlying liver function by enrolling only HCC 

patients with Child‑Pugh A cirrhosis. Biases were further eliminated through the blind 

implementation of bioassay procedures. Our study demonstrated a correlation between 

sCD25 level and tumor burden, suggesting its potential use as predictor of prognosis at 

baseline. Future studies analyzing sCD25 responses in samples obtained during a 

surveillance program may provide further insight on the utility of sCD25 in surveillance 

for early HCC detection. We currently lack a reliable serum marker for the early 

detection of HCC.  

In accordance with the phase-specific biomarker standardization model 

delineated by Pepe et al., we highlight the progress of our initial study using the immune 

marker of sCD25 (138). Previously, we assessed the performance of sCD25 in a small 

group (n=60) of HCC patients. In the present study, we expanded our analysis to a 

larger cohort of HCC patients (n=143) and again observed the previously shown marked 

elevation of sCD25 in HCC patients in comparison to the levels manifested in healthy 

controls and controls with cirrhosis (11). Our findings show that sCD25 distinguished 

HCC from appropriate controls and that this marker identified the presence of HCC 

more effectively than AFP, particularly in patients with early tumors. The high sensitivity 

of sCD25 suggests it holds promise as a marker for early HCC which is an area of 

unmet need. To further characterize the utility of sCD25 in detecting early stages of 

HCC tumor development, larger longitudinal and validation studies are planned. 
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Figure 3-1. Clinical characteristics of DCs (n=61) and HCC patients (n=143). 
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Figure 3-2. Levels of sCD25 and AFP in NHC, DC, and HCC. A) Log transformed 
expression of sCD25 (pg/ml). Levels of sCD25 were significantly different 
between HCC patients and DCs but did not differ significantly between DCs 
and NHC. Respective sCD25 medians of 2,098, 4,310, and 6,955 pg/ml for 
NHC, DCs, and HCC patients. B) AFP level (ng/ml) in HCC patients and 
disease controls. AFP expression was strongly elevated in HCC patients vs. 
cirrhosis controls. Median level of 5.3 ng/ml for DC subjects and 49.4 ng/ml 
for HCC patients. 

sCD25 

AFP 
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Figure 3-3. Receiver operating characteristic curve analysis reveals independent and 

combined sensitivity and specificity of sCD25 and AFP. Red dot denotes point 
of maximal accuracy. A) sCD25 ROC curve. B) AFP ROC curve.  

 
 

 
 
Figure 3-4. ROC curves for sCD25. Soluble CD25 outperformed AFP in accurately 

resolving HCC patients from cirrhosis controls, possessing a sensitivity of 
89.6. The specificity of AFP was significantly higher than that of sCD25. 
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Figure 3-5. Correlation of sCD25 and AFP with tumor burden. Tumor burden based on 
the BCLC staging system. A) sCD25 exhibited a direct and significant 
relationship to tumor burden. B) AFP correlated more strongly with tumor 
burden than sCD25. 

 
 
Figure 3-6. Capacity of sCD25 to detect small early-HCC lesions in the setting of 

cirrhosis. 
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