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Abstract
Biliary atresia considered to be a very uncommon birth defect. Out of every 10,000 births 0.5 to 0.8 birth posses this defect. The
Kasai portoenterostomy operation has shown good results with biliary atresia treatment, however age factor highly influences the
results of the operation. Many unrevealed genetic and associated factors are the cause of biliary atresia, hence considered as
multifactorial etiologies. There are three types of biliary atresia have been reported, classified based on biliary obstruction. Type I
is bile duct blockage, with approximate prevalence of 5% cases. Type II is the blockage of hepatic duct with prevalence of around
2% cases. Type III is the blockage of porta hepatis. In this article different computational and bioinformatics tools are mentioned
that could be utilized for In Silico analysis of genes causing biliary atresia. Like Gene ID, FGENESH, Gene Parser, Genie,
AUGUSTUS, GENSCAN and MZEF. Two types of gene analysis and gene predictions approaches can be used in this case (I)
Sequence similarity searches and (II) Ab initio gene prediction methods. Both approaches use different set of tools working on
different algorithms. However, GENSCAN tool based on GHMM algorithm resulted to be the most accurate in gene prediction
based on the accuracy parameters Burset and Guigo's sequence set.
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Introduction
Biliary atresia (BA) is a complex liver disease of infancy
disease characterized by the extra hepatic destruction of
biliary system by T-cells [1-3]. The patients with biliary atresia
lack large bile ducts which can lead to cholestasis and can be
life threatening if left untreated. At present Kasai
portoenterostomy is the only treatment available for biliary
atresia to re-establish bile flow from the effected liver. Kasai
portoenterostomy has a success rate of less than 80% and
almost 50% patients with successful results from this
procedure will eventually need liver transplant. Biliary atresia
is the primary reason for liver transplant in infancy around the
globe which accounts for 40-50% of liver transplants of
infants [4].
The etiology of BA is yet to be explored and in clinical
settings it is divided into two types, first is the syndromic BA
which occur during developmental stage of embryo and
characterized by defective morphology of bile duct. Second
type is non-syndromic BA which occurs during the
perinatalperiod and affects bile duct by sclerosing
inflammatory process. Non-syndromic BA is linked to both
environmental and genetic factors [5]. Several environmental
factors including viral infections and plant toxins have been
reported to be associated with BA pathogenesis in human [6–
8]. Genetic factors are also studied extensively and found to
play role in biliary atresia [9]. Genome wide association studies
(GWAS) on Chinese population has associated chromosome
11q24.4 to BA which maps intergenic region of ADD 3 and
XPNPEP1 [10]. Genes associated to BA via GWAS are ADD 3,
EFEMP 1, GPC1 and ARF 6 [10-13].
The process of identification of gene involved in complex

disease is known as gene finding. It is very important process
of analyzing the genome of an organism. In past process of
gene finding use to be costly and time taking as well as it
required a lot of in vivo experimentation. But due to the recent
advancement in bioinformatics and statistical tools, gene
finding has become easier. Here we discuss the bioinformatics
tools used to identify the pathogenic genes responsible for
BA.
Objectives
1. Enlisting Sequence similarity searches method for gene
prediction
2. Enlisting Ab initio gene prediction methods
Materials and Methods
1. Gene ID
This programs used for gene prediction of unspecified genome
sequences planned with a various leveled structure. First step
in this program involves the prediction of start/stop codons
and splice sites and the prediction is scored along the
succession utilizing Position weight arrays (PWAs). Second
step involves the exons which are constructed from predicted
sites. Exons are scored as the amount of the scores of the
characterizing locales, in addition to the log-probability
proportion of a Markov Model for coding DNA. In the last
step, a full fledge gene structure is constructed from the group
of predicted exons. GeneID provides kind of a support to
assimilate predictions coming from different means by
utilizing gff files and the reconstruction of universal gene
model or structure is likewise practical. The precision of this
bioinformatics approach analyzes well to that of other existing
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approaches, however GeneID is possibly more productive as
far as speed and memory utilization. At present, on a
processor Intel(R) Xeon CPU 2.80 Ghz v1.2 version of
GeneID examines the entire human genome in as few as 3
hours. [14, 15]
GeneID yield can be altered to various degrees of detail,
including thorough posting of likely signals and exons.
Besides, a few yield designs as gff or XML are accessible.
There are accessible parameters documents in geneid v 1.2 for
Tetraodon nigroviridis, Dictyosteliumdiscoideum, human and
Drosophila Melanogaster among numerous others for species
traversing the four Kingdoms. [15, 16]
2. Fgenesh
The main developer of programming approaches for genomic
examination is Softberry Inc. Softberry Inc. has focused in on
computational techniques which include programming tools
for SNP detection, transcriptome examination, and next
generation sequencing methods and techniques for the
detection of disease causing SNP subsets. Research oriented
programs of softberry have been utilized in hundreds of
research projects i: e FGENESH. FGENESH research tool is
cited in thousands of research articles used for the
identification of eukaryotic genes. In year 2015 only this tool
was used in 2000 publications [17, 18]. Another programming
application named Hundred’s can be downloaded or used
online at Softberry website for academic usage. It has
collaborated in many academic projects globally [16, 18].
3. Geneparser
GeneParser is another computer based tool which is used to
identify protein structure genes in DNA sequences. This
program identify subinterval in a sequence and score them
which indicate exons, introns and the locations or sites that
indicate the boundaries of introns and exons. This data is than
measured by a neural system to surmise the log-probability for
each subinterval precisely addresses an exon or intron. Then
by applying a vibrant computational algorithm to this
information, a perfect blend of introns and exons that has the
maximum probable function is discovered. This program has
been tested on number of human genes and a correlation
coefficient for GC rich genes and exon nucleotide prediction
correlation was achieved which was 0/94 and 0.89
respectively [19]. In a study the program was trained on more
than 50 human genes and when tested against it GeneParser
accurately finds 75% exons and precisely anticipated 85% of
coding sequence with correlation coefficient of 0.85 [16, 20].
4. Génie
In biomedical literature is a traditional source used by scientist
to be aware of relevant genes to their research topics.
However, a number of genes are not found in literature
particularly genes from inadequately studied organisms. In
addition it is impossible to summarize the literature related to
genes. To overcome these above mentioned problems an
algorithm Génie was introduced. It evaluates literature
according to the topic to find out related genes and its
orthologs in a genome. As compare to other algorithms Génie
has very high performance, sensitivity and precision rates.
Génie is supported with thousands of species and genes. It is
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capable of analyzing genome in less than one minute even
when examining human genome by utilizing records in
literature. These features make it suitable for its use in lab
work. Currently more than 4000 species are accessible in
Génie [16, 21, 22].
5. Augustus
In a latest ENCODE genome annotation project (EGASP),
few of the newly developed and widely used gene prediction
tools have been tested and compared on information from
human genome. One of the tested tools was AUGUSTUS. It
can be used as an ab initio program. An ab initio program
utilizes just one genomic sequence for input data [23]. Also, it
can join data from the genomic arrangement under
investigation with outer clues from different data sources. In
EGASP, protein sequences, expressed sequence tags
alignment and genomic sequence alignments were used along
with other additional informational sources. In the class of ab
initio programs AUGUSTUS altogether anticipated a genes
more precisely than any other of the programs in this category.
Moreover simultaneously it also predicted lowest number of
false positive exons and genes which any other of the program
failed to do. Among all ab initio tested tools in EGASP,
AUGUSTED resulted as the finest and most precise. Also it is
entirely adaptable in light of the fact that it can take data from
a few sources all the while into consideration [24, 25, 26].
Results and Discussion
Sequence similarity searches
The basis of sequence similarity search is to find resemblance
among genomes, proteins or ESTs to the input sequence. It is
very simple approach which is based on a theory that exons or
functional regions are more evolutionary conserved than that
of intronic or non-functional regions. If the resemblance is
found between a particular genomic sequence and protein,
DNA or ESTs than this resemblance information can be
utilized to deduce the structure of gene or function of that
particular region. Similarity based on EST has certain
disadvantages as ESTs is only defines small segments of gene
sequence. Hence it is not easy to predict structure of gene for a
given region. Two methods dependant on similarity searches
are global alignment and local alignment. BLAST family of
programs is a local alignment tool which is used most
commonly to identify the resemblance of sequence to known
ESTs or proteins. Global alignment method is used by two
programs, GeneWise [28] and PROCRUSTES [27] for gene
prediction. Another software CST finder is dependent on
pairwise genome comparison [29]. The major drawback of
these approaches is that 50% of the discovered genes are
considerably homologous to genes in databases.
Ab initio gene prediction programs
Ab initio gene prediction is the next group of techniques for
the computational detection of genes which employs the
structure of gene as a template for gene identification. This
prediction method is dependent on two kinds of sequence
information, signal and content sensors. The first one, Signal
sensors are concerned with small sequence motifs, like
start/stop codons, polypyrimidine tracts, branch points and
splice sites. The identification of exon must dependent on
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content sensors, which allow coding region to stand out from
the non- coding by statistical identification and it also refers to
the unique codon patterns of particular specie. Various
algorithms such as Meural Network, Hidden MarkovModel,
Linguist methods, linear discriminant analysis and Dynamic
Programming are used for constructing gene structure models.
Many ab initio programs for gene prediction have been
designed on based on these models. Few of the most widely
used are shown in Table 1. Among them Hiden Markov
Model (HMM) is the most successful [30]. HMM is mainly
describes here to learn about other programs reader can find in
references. In HMM, conversions among two sub-models of
specific gene constituents are modeled as unnoticed or hidden
Markov procedure which is capable of determining the
possibility of forming specific observable nucleotides. In a
real gene a more general model is needed to precisely describe
the lengths of intron and exon, as the lengths of intron and
exon are apparently limited by the pre-mRNA splicing factors.
Consequently a Generalized Hidden Markov Model (GHMM)
is created in which ensuing states are produced by a Markov
chain however instead of fixed unit they have subjective
length disseminations. The illustration of state transition in
genomic sequences of eukaryotes is shown if Figure 1 [16].

ranking of a prediction tool is not only based on a single
feature. Specificity and sensitivity are likely to be the most
features corresponding to an prediction which are
demonstrated by Burset and Guigos [31]. The prediction is
measured for its accuracy at three various levels which are
protein product, exon structure and coding sequence.
The accuracy at nucleotide level which determine specificity
(Sp), sensitivity (Sn) and approximate coefficient (AC)
provides a good judgment of how close are actual coding and
predicted regions are when aligned but it does not precisely
identify exon boundaries. Accuracy evaluation at exon level
gives an idea how similar sequence signals like start/stop
codon and splice sites are. Actual and anticipated exons with
test sequences are compared to measure the accuracy (Figure
2). The accuracy at protein level is evaluated by the
comparison of proteins products encoded predicted and actual
gene in the test sequence. Only Fields and Sonderlunds [32]
have evaluated the algorithm at protein level in literatures of
gene prediction, which is why it is not used widely. The
accuracy of the prediction of few widely used algorithms has
been examined on sequence set of Burset and guigo [31] and
the results are shown in Table 2 [33]. The result illustrated that
GHMM based GENSCAN is distinctively more precise than
other programs.
Table 2: Gene Prediction accuracy comparison among different
programs
Program
Genie
FGENESH
GeneID
GeneParser
GENSCAN

Sp
0.46
0.65
0.45
0.39
0.80

Sn
0.54
0.60
0.45
0.36
0.77

MR
0.18
0.15
0.27
0.33
0.10

WR
0.30
0.13
0.22
0.15
0.07

Fig 1: HMM modeling
Table 1: ab initio programs for Gene Prediction
Program

Species or
organism
Plants and
Vertebrates

Algorithm

Website

Dynamic
https://genome.crg.es/g
programming
eneid.html
http://www.softberry.co
Hidden
Drosophila,
m/berry.phtml?topic=fg
FGENESH
Markov Model
Human and rat,
enes_plus&group=prog
(HMM)
rams&subgroup=gfs
Neural
http://stormo.wustl.edu/
GeneParser Vertebrates
Networks
src/GenParser/
http://cbdm-01.zdv.uniDrosophila,hu Generalized
Genie
mainz.de/~jfontain/cms/
man, other
HMM
?page_id=6
Human,Arabid Interpolated http://augustus.gobics.d
AUGUSTUS
opsis
Markov Model
e/
GeneID

Assessment of Programs used for predicting gene
Gene prediction programs are present in abundance which
causes inadequate evaluation of their quality. Quality of
algorithms in terms of reliability and accuracy must be taken
into consideration and also the type of algorithm used such as
evaluation method, HMM, neural networks or others. The

Fig 2: Accuracy Comparisons of Gene Prediction Programs

Conclusion
Associated chromosome 11q24.4 has been reported after the
Genome wide association studies (GWAS) on Chinese
population, which maps intergenic region of ADD3 and
XPNPEP1. Genes associated to BA via GWAS are ADD3,
EFEMP1, GPC1 and ARF6. To evaluate and analyze these
genes in human genome for their pathogenic mutations which
cause biliary atresia can be done by the mentioned
bioinformatics tools. These tools have been classified
according to the type of gene prediction method. Sequence
similarity searches is the simple method is based on finding
similarity in biliary atresia gene sequences between ESTs
31
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(expressed sequence tags), proteins, or other genomes to the
input genome. Ab initio gene prediction methods which use
wild biliary atresia gene structure as atemplate to detect gene
mutation and pathogenicity. Prediction of gene requires great
efforts by both experimental and computational biologists to
make gene prediction more accurate, which can definitely
speed up gene discovery and knowledge mining.
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