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Abstract Fibrolamellar hepatocellular carcinoma is a

unique malignant liver tumor type which arises in young

adults and children. It is uncommon variation subtype of

hepatocellular carcinoma which remains ineffectively

recorded. Learning of cytogenetic changes in fibrolamellar

hepatocellular carcinoma has lagged behind the informa-

tion obtained from alternate entities of hepatocellular car-

cinoma lately. Gene expression profiling may prompt new

biomarkers that may help develop diagnostic precision for

distinguishing fibrolamellar hepatocellular carcinoma. The

subatomic cytogenetic approach permits positional identi-

fication of gains, amplification, and deletion of DNA

sequences of the whole tumor genome, to search for

recurrent and particular cytogenetic changes in human

fibrolamellar hepatocellular carcinoma. In this work, 13

cell lines of fibrolamellar carcinomas and 30 hepatocellular

carcinoma samples examined by a single-nucleotide poly-

morphs array using two techniques to give more accuracy

of the results. The majority of the abnormalities found in

the fibrolamellar hepatocellular carcinoma positive cases

seen as gain in 1q, 4q, 6q, 7p, 8q, 17q, 20q and loss in 1p,

4p-q, 8p, 11p, 13q, 17p, 18q, 19p, and 22q. The ultimate

successive were central amplification at 1q (in 54% of 13

samples), 4q (in 54% of 13 samples), 7p (in 46% of 13

samples), and deletions at 19p13 (in 28% of 13 samples).

The study revealed 3 distinct structural variations

highlights-related genes MDM4, PRDM5, and WHSC1,

and these genes are a novel target signature that can help to

predict survival of patients with detecting fibrolamellar

hepatocellular carcinoma.
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1 Introduction

Fibrolamellar hepatocellular carcinoma (F-HCC) is a rare,

distinctive primary malignant liver tumor arising com-

monly in youths [1]. Hepatocellular carcinoma (HCC) is

found in older adults, and primary liver carcinomas are

uncommon individuals younger than 20 years [2]. Unlike

most conventional HCC, F-HCC has been considered to be

less aggressive and arises in no cirrhotic liver of young

adults and absence of risk factors and it usually occurs in

normal liver. It has not been connected with liver disease,

estrogen use, alcohol, or other risk factors generally asso-

ciated with HCC [3]. The World Health Organization blue

book records F-HCC as alternative variant of HCC, but

refrains from any comment around its outcome compared

to traditional HCC [4]. The previous investigation has

demonstrated that 10–20% of cases of F-HCC get in

patients with HBV and less considerably in patients with

HCV [5]. F-HCC is usually reported to have an increase of

vitamin B12 receptor and less likely to have high alpha-

fetoprotein, a marker of HCC compared to F-HCC [6].

The etiology of F-HCC is still uncertain, due to the

nonappearance of defining symptoms or a specific diag-

nostic test, it is often detected after it has metastasized, and

by then, the disease is frequently progressive and deadly.
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F-HCC usually occurs intermittently without any

apparent genetic predisposition. Most cancer proceeds on

the gathering of transitions in genes that cause drop off and

this utilized for HCC and F-HCC also [7]. The tumors in

F-HCC cases were essentially bigger than conventional

HCC. As of recently, there are no effective treatments for

the inoperable or metastatic sickness [6]. The copy number

alterations (CNAs) of genomic DNA are characteristic of

some diseases, including cancer disease as genetic aber-

rations which are always contributed to tumorigenesis.

Chromosome aberrations affect the level of gene expres-

sion which adjusts normal growth control [8].

There is expanding attention in the efficiency of single-

nucleotide polymorphism (SNP) array to reveal copy

number variants (CNVs), as this methodology permits

happening profiling of copy number polymorphisms

(CNPs) and SNPs, conductive to a better identification of

the genetic changes under scrutiny. Argument exists whe-

ther F-HCC has a superior prognosis than HCC. Genetic

variations have been perceived in F-HCC, but there are no

particular genetic alterations reported yet. Gains of 1q, 4q,

6p, 7p-q, 8q and 19p, and losses of 8p, 9p, 13q, 16p, 18q

and Xq have been accounted in few studies [5]. In any case,

this is insufficient. For that reason, we decided to analysis

more cytogenetic chromosome aberrations to determine

possible common alterations, by SNP array tested on 13

F-HCC sample and 30 HCC sample, using bioinformatics

techniques, QuantiSNP and discrete stationary wavelet

transform (DSWT).

2 Materials and methods

2.1 Cases

Genomic DNA extracted from liver tumors was genotyped

using Infinium HumanHap370-v1 Genotyping Bead Chips

(Illumina). In all 13 F-HCC cases, tumor samples were

frozen (-80 �C) after hepatic resection at diagnosis. All

samples were downloaded from [9]. All HCC samples were

prepared according to the manufacturers’ instructions.

2.2 Single-nucleotide polymorphs array data

Advances in genome-wide analytical methods, similar to

SNP genotyping and array comparative genomic

hybridization (a-CGH), used to distinguish the structural of

CNVs [10]. To give a complete perspective of human

genetic variation, the global investigation of CNVs is

required, which routinely detected through the advance-

ment of HCC. Mapping of variation of the chromosome has

frequently resulted in the identification of tumor suppressor

genes and oncogenes. Lately, there is increasing attention

in inferring CNV from SNP arrays because of their com-

mon use in genome-wide affiliation considered. SNP is a

form of genotyping, which is the measurement of more

general genetic variation. SNP array plays an important

part in genome-wide combination genetic studies. It is

considered as the most prevalent recognized genetic vari-

ants in the human genome [11].

The thirteen F-HCC cell lines are SNP genotype array,

performed on the Illumina HumanCNV370-Duov1 DNA

Analysis Bead Chip, which contains the standard SNP

content featured on our HumanHap300-Duo Genotyping

Bead Chip. Raw data were normalized utilizing the cubic

spline algorithm implemented in the Illumina Normalizer

module of the gene pattern analysis Toolkit and prepro-

cessed utilizing the Preprocess Dataset Module (Gene

Pattern) with the following parameters: floor, 100; fold

change, 3; ceiling, 120,000; and minimum delta, 100 [12].

The aspects of detecting cytogenetic aberration for F-HCC

disease are summarized in the workflow of Fig. 1.

As normalization calculation of the total signal intensity,

the log R ratio (LRR) account for every SNP is computed

as LRR = log2 (R observed/R reference), where (R ex-

pected) is registered from linear interpolation of canonical

genotype groups [13]. As signal-to-noise properties of

every sample influence the precision of CNV detection, the

log R data must be filter or correct. For detecting CN

region in the genome, if LRR is zero that is mean copy

normalizing row data 
and generate Log R ra�o

Quality assurance 
(correct log R data)

Detect CNV

sta�s�cal analysis 

detect new abbera�ons 
for biomarker 

Fig. 1 Workflow to detect new cytogenetic aberrations using SNP

array
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number neutral, a LRR segment mean above zero usually

means there is a copy number gain, and a LRR segment

mean below zero means there is a copy number loss. The

higher LRR segment indicates existence of amplification,

and the lower LRR segment indicates existence of deletion.

2.3 Statistical analysis

A few studies expected to comprehend the genetics of

F-HCC [14] and tumorigenesis have examined the muta-

tion situation of selected genes such as CTNNB1, EGFR,

TP53, KRAS and have discovered only a shortage of

transformations in the genes analyzed [15]. To conduct a

thorough investigation of the genetic hereditary in F-HCC,

to understand tumor biological characteristics which is

important for selection of patients, and to enhance cure rate

and for development of assistant therapeutic strategies, we

conduct SNP array of the 13 F-HCC and 30 HCC tumor

samples and analyze the samples by QuantiSNP and dis-

crete stationary wavelet transform (DSWT) techniques to

detect cytogenetic regions of CNV for chromosomes 1, 4,

6, 7, 8, 11, 13, 17, 18, 19, 20, 22. It gives a screening of

DNA copy number changes for entire-genome genotyping.

2.4 QuantiSNP

Chromosomal abnormalities are linked with various com-

plex diseases, including variations and somatic alterations

leading to cancer. QuantiSNP technique distinguished both

novel and validated CNVs. This technique is based on an

objective Bayes hidden-Markov model (OB-HMM) used to

derive CNVs. Six hidden states signify the copy number at

each SNP (Table 1). The copy number of all hidden states

is supposed to have an accreditation structure.

The transition matrix characterized the transition prob-

abilities between hidden states of copy number. The tran-

sition matrix of hidden states between contiguous SNPs i, j

is given by Eq. 1 [16]:

p zt þ 1 ¼ jzt ¼ ijð Þ ¼ p

Ns� 1
ð1Þ

where h is the rate of heterozygosity, Ns is the quantity of

hidden states, p is a prior probability that some hidden state

happens between adjacent SNP loci a distance d apart,

where L is a characteristic length which could either be

inferred immediately from the data, or changed to calibrate

the model to a given false positive rate in an objective

design. The prior probability defined as in Eq. 2

p ¼ 1

2
1� exp � d

2l

� �� �
: ð2Þ

The next step is to specify hierarchical priors by using

ordinary gamma-coupled priors for the emission model

parameters, which allows for functional analytic integra-

tion in posterior calculations [16]. The Viterbi calculation

can be utilized to compute the sequence of hidden states

with the maximal probability. This procedure can provide

probabilistic measurement of state classifications and

improve the accuracy of segmental aneuploidy identifica-

tion and mapping breakpoint boundaries. Figure 2 explains

the whole process of QuantiSNP technique.

2.5 Discrete stationary wavelet transform (DSWT)

The high noise level of DNA copy number aberration data

and unequal spacing of the probes on the genome that

characterizes the DNA copy number data from arrays

requires using an appropriate denoising tools before the

analysis of DNA copy number data. The noise may be due

Raw data collec�on of 13 F-
HCC sample 

Calculate the Log R ra�o 
(LRR)

Calculate Transi�ons 
probabili�es

Define emission probabili�es 
using EM algorithm

Es�mate parameter using 
Viterbi algorithm

Compute sequence of 
hidden states 

CNV mapped and estemate 

Fig. 2 Procedures of QuantiSNP technique to estimate CVN

Table 1 Control hidden states and biological interaction

Hidden states Biological description

1 Full deletion

2 Single copy loss

3 Normal

4 Normal

5 Single copy gain

6 Full amplification
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to the data acquisition process, or the environmental

effects.

The discrete and stationary wavelet transform used a high-

pass and low-pass filter to the information signal at every

level. The result of the stationarywavelet transformwill be the

detail coefficients and the approximation coefficients [17]. A

high-pass filter permits the high-frequency components of a

signal while holding the low-frequency components.

The bases are produced by translation and dilation of a

wavelet function (x). The Haar wavelet is utilized since it

was well suited with the piecewise constant nature of DNA

copy number information data, and it distinguishes all

breakpoints in the data and segments accordingly [18]. The

Haar function is produced by Eq. 3. The Haar scaling

function figures the normal of an even and an odd element,

which brings about a smoother, low-pass signal.

w xð Þ ¼
�1=

ffiffiffi
2

p
1\x� 0

1=
ffiffiffi
2

p
0\x� 1

0 otherwise

8<
: ð3Þ

Subsequent to utilizing Haar function, by resolving the

information signal into an approximation sub-bands and a

set of detail sub-bands at various resolution scales utilizing

an arrangement of high-pass and low-pass filters used to

remove the noise from the signal [2]. The quantity of input

is contained by every sub-band at level N, so the number of

information relating to samples is divided by 2N [19]. To

reproduce the signal, inverse stationary wavelet transform

has been used, and then, remove the noise.

Numerous wavelet thresholding rules have been pro-

posed [17]. The correct selection of threshold value

includes a delicate balance of these principles; to denoise

the signal, the global threshold is utilized. Donoho and

Johnstone [20] proposed the world thresholding process.

The threshold value is produced by Eq. (4) as:

k ¼ d
ffiffiffiffiffiffiffiffiffiffiffiffiffi
2 log n

p
ð4Þ

where n is the quantity of information points, and d is an

estimation of the noise level r. Donoho and Johnstone

proposed an evaluation of r that is based just in the

empirical wavelet coefficients at the highest resolution

level J - 1 because they mostly consist of the noise [20].

The noisy signal is changed into the wavelet domain using

an orthogonal periodic wavelet change. Finally, display the

denoised signal with each chromosome to detect chromo-

some aberration as shown in Fig. 3.

3 Results and discussion

The liver has many core functions related to metabolism,

digestion, and immunity, and the liver disease shows var-

ious number of concerns for the delivery of medicinal

consideration [21]. Human malignancies are basically

genetic diseases from genetic aberrations: DNA sequence

changes, epigenetic alteration, copy number variations, and

chromosomal rearrangements [7]. F-HCC is a kind of

cancer, which arises in the liver. This type of cancer occurs

at an earlier stage of life and has distinct pathologic fea-

tures. Most studies report the same number of patients in

men and women [22]. Moreover, there is no known

hereditary tendency of F-HCC. In the present study,

QuantiSNP and DSWT techniques were applied to select

properties of the genetic changes of 30 F-HCC and 13

F-HCC samples.

The most frequent gains localized and detected for HCC

samples using SNP array are: 1q? in 17 (57%) sample by

DSWT technique and 28 (93%) sample by QuantiSNP.

Gain of chromosome 1 proposed as an early genomic

lesion in the process of HCC advancement [23]. 4q?

observed in 22 out of 30 (73%) HCC sample by DSWT

technique and 6 out of 30 HCC sample (20%) in Quan-

tiSNP, the genes mapped on 4q22.1 are SPP1 and AFF1.

Until now, only 1 report has dealt with cytogenetic gain in

chromosome 4 (Fig. 4) [24].

8q? seen in 6 (20%) samples by DSWT technique and

24 (80%) samples by QuantiSNP. The gain locus was at

8q24.3, spreading over genes such as RPL8 and COMMD5

[12]. 17q? found in 17 (57%) sample by DSWT technique

and 26 (87%) sample by QuantiSNP and 20q? found in 10

(33%) sample by DSWT technique and 30 (100%) samples

by QuantiSNP. The most frequent losses localized and

detected using SNP array are 1p- in 30 out of 30 HCC

samples (100%) and 22 (73%) by DSWT and QuantiSNP

technique, respectively (Fig. 5).

8p- found in 16 (53%) and 10 (33%), 13q- found in 14

(47%) and 25 (83%), and 17p- found in 29 (97%) and 7

(23%) by DSWT and QuantiSNP technique, respectively

(Table 2). The incessant deletion of 17p may influence the

Input signal(DNA copy number samples)

Decompose the input signal (Haar 
func�on) 

Select threshold algorithm(global 
agorithm)

Display denoise signal with CNV

Fig. 3 Steps of detect CNV using DSWT
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tumor suppressor gene TP53 on 17p13.1. TP53 is typically

found in different types of cancer, especially liver cancer

[25].

Cytogenetic aberration of chromosomes 1, 4, 8 and 17

was detectable in many HCC samples. This finding agrees

with those of previous studies [26] leading to the

assumption that these aberrations could have an important

role in the preparation of HCC, probably based on varia-

tions of genes lying on these chromosome segments [14].

Analysis of the SNP array whole genome revealed that

there were cytogenetic aberrations for 13 F-HCC samples

which were detected by applying QuantiSNP and DSWT

techniques. The most frequent amplifications were local-

ized in 1q seen in 7 (54%) out of 13 F-HCC samples by

using DSWT and QuantiSNP. 4q seen in 7 (54%) samples

by using DSWT and 6 (46%) samples using QuantiSNP,

chromosome 4 contain EPHA5, UBE1L2, and UGT2B28

genes [24, 27].

6q seen in 4 (31%) samples by QuantiSNP technique

only it is covering KIF25, FRMD, and MLLT4 genes. 7p

detected in 6 (46%) out of 13 F-HCC samples by using

DSWT and QuantiSNP, and the growth factor receptor

(EGFR) protein levels previously were reported to be

altered in F-HCC [12] (Fig. 6). Gains of 7p are less com-

mon in traditional HCC.

8q detected only by QuantiSNP and found in 6 (46%)

out of 13 F-HCC samples (Fig. 7), the amplification of

Fig. 4 Gain of 4q22.1 by discrete stationary wavelet technique

Fig. 5 Loss of chromosome 1p36.32-33 by QuantiSNP technique

Table 2 Outline of candidate cancer-attached genes within irregular

chromosomal points of hepatocellular carcinoma samples

Cytoband Total affected

genes

DSWT QuantiSNP Wong et al.

[26]

Gain

1q21-22 COPA

JTB

CCT3

17 (57%) 28 (93) 48 (72%)

4q22.1 SPP1

AFF1

22 (73%) 6 (20%) 29 (43%)

8q24.3 RPL8

COMMD5

ZNF7

ZNF250

6 (20%) 24 (80%)

17q25.3 RBFOX3 17 (57%) 26 (87%) 7 (10%)

20q13.3 TNFRSF6B 10 (33%) 30 (100%) 25 (37%)

Loss

1p36.32-

33

HSPA7

PPIAL4B

PPIAL4C

PRAMEF2

30 (100%) 22 (73%)

8p21.3 FGL1

PDGFRL

16 (53%) 10 (33%) 32 (48%)

13q12.11 DLC2 14 (47%) 25 (83%) 25 (37%)

17p13.1 TP53 29 (97%) 7 (23%) 7 (10%)

Fig. 6 Gain of chromosome 7p11.2 by DSWT technique
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chromosome 8 spanning several genes such as ZNF7,

RPL8, and ZNF250 [12]. The gain of 8q is usually

observed in HCC (Fig. 7). 17q detected in 11 (85%) using

DSWT and 2 (15%) samples using QuantiSNP which

includes a single gene, RBFOX3, and 20q found in 5

(38%), 4 (31%) out of 13 F-HCC samples using DSWT

(Fig. 8) and QuantiSNP techniques, respectively (Table 3).

The most frequent deletions localized and detected using

SNP array are: 1p seen in 7 (54%) out of 13 F-HCC sample

by DSWT and 11 (85%) sample by QuantiSNP, the

recurrent abnormal deletion of chromosome 1 revealed

MIR429, MIR200B, and MIR200A genes [12] (Figs. 9,

10). 4p-4q seen in 12 out of 13 samples (92%) and 9 (69%).

A loss in 4q25-26 detect in almost all samples by using

both techniques (DSWT, QuantiSNP) chromosome 4q loss

is related to HBV infection and AFP elevation in HCC

patient.

Chromosome 8p seen in 7 (54%) and 6 (46%), 11p seen

in 9 (69%) and 7 (54%) which covered CDKN1C gene, 13q

seen in 4 (31%) and 2 (15%), 17p seen in 6 (46%) and 2

(15%), 18q seen in 10 (77%) and 6 (46%), 19q 4 (31%) and

2 (15%). The focal deletion at 19p13.12 includes several

G-protein-coupled receptors such as LPHN1, and this

chromosome was responsible for generating the newly

reported predominant fusion protein: DNAJB1–PRKACA

[12]. Chromosome 22q seen in 6 (46%) and 6 (46%) by

using DSWT and QuantiSNP, respectively, having TBX1

gene (Table 4). This outcome gives great detection of

chromosomal aberrations compared to previous studies

[12, 14].

Fig. 7 Gain of chromosome 8q24.3 detected only by QuantiSNP

technique

Table 3 Outline of candidate cancer-related genes within irregular

chromosomal regions amplification of fibrolamellar HCC samples

compared with related work

Cytoband Total affected

genes

DSWT QuantiSNP David et al.

[6]

Gain

1q32-42 MDM4 7 (54%) 7 (54%) 8/10 (80%)

4q13.2 EPHA5

UGT2B28

UBE1L2

7 (54%) 6 (46%) 9/10 (90%)

6q27 MLLT4

FRMD1

KIF25

Negative 4 (31%) 9/10 (90%)

7p11.2/

21.2

EGFR 6 (46%) 6 (46%) 8/10 (80%)

8q24.3 RPL8

COMMD5

ZNF7

ZNF250

Negative 6 (46%) 7/10 (70%)

17q25.3 RBFOX3 11 (85%) 2 (15%) 6/10 (60%)

20q13.3 TNFRSF6B 5 (38%) 4 (31%) 4/10 (40%)

Fig. 8 Gain in chromosome 20q13.3 which have RBFOX3 gene

Fig. 9 Loss in chromosome 1p36.32-33 by DSWT on F-HCC sample
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4 Conclusions

F-HCC is unusual gender of hepatocellular carcinoma not

yet analyzed cytogenetically. The clinical diagnosis of

F-HCC is generally performed by light microscopy or

surgical open biopsies. Because of the lack of defining

symptoms or a specific diagnostic test, F-HCC is often

detected after it has metastasized, at which point the dis-

ease is frequently progressive and fatal. Generally, the list

of F-HCC biomarkers is still constrained and the genetic

aberration leading the development of these tumors has

stayed obscure.

To extend the predetermined number of biomarkers

available now for F-HCC, two statistical techniques are

used to test HCC and F-HCC SNP array samples on some

genomic aberration regions try to search for additional

related biomarkers from the list of up-regulated genes.

Overall, F-HCC analysis showed three distinct structural

variations highlight.

The first structural variations highlight is MDM4 gene.

The amplification of chromosome 1q seen in seven F-HCC

samples out of 13 (54%) by both techniques DSWT and

QuantiSNP used in this study.

The expansion statement of epidermal growth factor

receptor (EGFR) is linked with tumor scale in several

carcinomas that previously were reported to be altered in

F-HCC. The significant amplification of chromosome 7

observed in six out of 13 F-HCC samples by both DSWT

and QuantiSNP techniques. The solid term of EGFR in

F-HCC tumors recommends that they can be reacted to

treatment with EGFR antagonists.

The long arm of chromosome 4 (4q) is a hot region in

tumor studies, deletion of chromosome 4 has been very

much described previously because of their specificity for

liver cancer and it is related to HBV infection and AFP

elevation in HCC patient, but it is not reported for F-HCC.

A significant deletion of chromosome 4 has been observed

and recorded in this work, especially in a 4q25-26 region

and seen in almost all F-HCC samples using both tech-

niques which striking PRDM5 gene.

Also, 4p16.3 seen in (92%) and (69%) by DSWT and

QuantiSNP techniques which involved in WHSC1 gene,

these genes are a novel target and the second and third

variation highlight.

The deletion aberration at chromosome 17 observed in a

low number of F-HCC samples (15%) compared to HCC

samples (97%), and this is due to the reaction pathway of

p53 that much of the time damaged cancer in human

including HCC. TP53 mutant DNA is probably a bio-

marker of exposure to aflatoxin B1 (AFB1) and probably of

early HCC.

The deletion aberration at 19p13.12 is responsible for

the occurrence of the highly prevalent DNAJB1–PRKACA

fusion protein, which is present in F-HCC, but has shown a

low prevalence, and it is observed in four samples by

DSWT and two samples in QuantiSNP techniques. In

addition, analysis of more samples will be required to

determine whether any of these alterations is correlated

with patient outcomes.

In the present study, we have demonstrated that a few

abnormalities such as gains on 1q and 7p and loss on 4p, 4q

might be more characteristic of fibrolamellar carcinoma.

This chromosome may harbor an essential oncogene

required in the general pathogenesis of liver neoplasia. This

information enhances our comprehension of the epigenetic

Fig. 10 Loss in 1p36.32-33 by QuantiSNP on F-HCC sample

Table 4 Summery of related genes within abnormal chromosomal

regions deletion of fibrolamellar HCC samples compared to related

work

Cytoband Genes affected DSWT QuantiSNP David et al.

[6]

Loss

1p36.32-

33

MIR200A

MIR429

MIR200B

7 (54%) 11 (85%) 10/10

(100%)

4p13 RHOH 9 (69%) 2 (15%)

4p16.3 WHSC1 12 (92%) 9 (69%)

4p15.1 PPARGC1A 5 (38%) 9 (69%)

4q25-26 PRDM5 12 (92%) 10 (77%) 9/10 (90%)

4q31.2-

21-22

GAB1 7 (54%) 4 (31%)

8p21.3 SFTPC

EPB49

7 (54%) 6 (46%) 8/10 (80%)

11p15.5 CDKN1C 9 (69%) 7 (54%) 9/10 (90%)

13q12.11 DLC2 4 (31%) 2 (15%) 5/10 (50%)

17p13.1 TP53 6 (46%) 2 (15%) 8/10 (80%)

18q11.2-

22.2

10 (77%) 6 (46%) 5/10 (50%)

19p13.12 DNAJB1–

PRKACA

4 (31%) 2 (15%) 8/10 (80%)

22q11.21 TBX1 6 (46%) 6 (46%) Negative
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and genetic alterations driving the advancement of liver

malignancy and eventually provides guidelines for treat-

ment of patients.
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