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Abstract

We describe a new method for sequencing-based cross-species transcriptome comparisons and define a new metric for evaluating gene
expression across species using protein-coding families as units of comparison. Using this measure transcriptomes from different species
were evaluated by mapping them to gene families and integrating the mapping results with expression data. Statistical tests were applied
to the transcriptome evaluation results to identify differentially expressed families. A Perl program named Pro-Diff was compiled to im-
plement this method. To evaluate the method and provide an example of its use, two liver EST transcriptomes from two closely related
fish that live in different temperature zones were compared. One EST library was from a recent sequencing project of Dissosticus maw-
soni, a fish that lives in cold Antarctic sea waters, while the other was newly sequenced data (available at: http://www.fishgenome.org/
polarbank/) from Notothenia angustata, a species that lives in temperate near-shore water of southern New Zealand. Results from the com-
parison were consistent with results inferred from phenotype differences and also with our previously published Gene Ontology-based
method. The Pro-Diff program and operation manual can be downloaded from: http://www.fishgenome.org/download/Prodiff.rar.
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Introduction transcriptome  comparisons  between human and
non-human primates to explain the intellectual and behav-
ioral differences between human and other primates (Enard
et al., 2002; Caceres et al., 2003; Khaitovich et al., 2005b,
2006), comparison of transcriptomes from different popu-

Cross-species transcriptome comparison

In this post-genomic era, genome-wide transcription ) ) ) .
lations adapted to different environmental conditions (e.g.,

temperature) (Whitehead and Crawford, 2006) and inves-
tigation of theoretical questions such as the neutrality of

analyses are widely adopted, and comparative transcrip-
tomics greatly accelerated the understanding of the rela-

tionship between transcriptome differentiation and pheno- i ) T
transcriptome evolution (Khaitovich et al., 2004, 2005a;

Whitehead and Crawford, 2006; Hoffmann et al., 2007) or
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typic evolution. Researches currently carried out included
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Khaitovich et al., 2006; Gu and Su, 2007; Tirosh and
Barkai, 2008).

How transcriptomes of an organism adapt to environ-
ment (e.g., low temperature) is one of the important fields
of evolutionary transcriptomics. Transcriptome data from
Antarctic notothenioid fish living in sub-zero sea waters
and their related species from temperate waters provide
excellent resources for the study of transcriptional adapta-
tion mechanisms to geographical-time-scale temperature
fluctuations. Recently, we generated more than 30,000
Expressed Sequence Tags (ESTs) from brain, liver, ovary,
and head kidney tissues of Dissostichus mawsoni (D.
mawsoni), a high Antarctic notothenioid species.
Cross-species transcriptome comparisons between D.
mawsoni and warm-water teleost fishes were conducted
using a new method we designed to infer cold adaptation
mechanisms (Chen et al., 2008). Here we describe the ra-
tional and evaluation of this method in detail and the utility
of the computer program we implemented.

Sequencing-based approaches for cross-species tran-
scriptome comparisons

The ability of microarray technology in monitoring the
expression of tens of thousands of genes at the same time
is exploited in almost all current transcriptome evolution
studies to evaluate expression levels of a particular ‘gene’
across multiple species. Sequencing-based transcriptomes,
however, are rarely used in cross-species transcriptome
comparisons. Hybridization-based methods have limited
application to cross-species transcriptome comparisons
(Gilad et al., 2005, 2006) because of discrepancies arising
from heterologous probes, probe-specific hybridization
kinetics, and the restriction to a small number of model
organisms because of lack of availability of commercial
chips. Sequencing-based approaches, such as traditional
Expressed Sequence Tag (EST), Serial Analysis of Gene
Expression (SAGE) (van Ruissen and Baas, 2007),
Sequencing (MPSS)
(Margulies et al., 2005) and Massively Parallel Pyrose-

Massively Parallel Signature
quencing (Brenner et al., 2000), however, have many ad-
vantages.

In addition, sequencing-based methods have two more
advantages for cross-species transcriptome comparisons.
Firstly, as cross-species transcriptome comparisons usually
require multiple transcriptomes from non-model organisms
that do not have existing microarray platforms, sequencing-

based methods provide a simple solution and are usually
the first step to gain a transcriptional and genomic over-
view. Secondly, they share the same statistical Poisson
distribution and data format, and sequencing-based tran-
scriptomes from different sources are relatively easy to
integrate and compare. For example, EST library data can
be clustered and integrated into large databases in a single
format, such as the NCBI UniGene and TIGR Gene Indi-
ces, greatly facilitating cross-comparisons of various EST
libraries. Although the traditional EST sequencing ap-
proach is not as high-throughput as microarray technology,
recently developed massively parallel sequencing tech-
nologies achieved high order magnitudes of throughput,
which can be applied to obtain more robust, comparable
and rich expression profile data, especially in cross-species
comparisons (Meyers et al., 2004; Nobuta et al., 2007;
Marioni et al., 2008; t Hoen et al., 2008).

With the development of massive parallel sequencing
technology, and its high potential in evolution studies,
methods for optimizing biological minings are highly de-
manded. Previously, gene expression patterns of sequenc-
ing-based transcriptomes are accurately modeled by the
Poisson distribution (Audic and Claverie, 1997), and
methods for analyzing such data employing the Chi-square
test, Fisher’s Exact test or the Audic-Claverie test (Audic
and Claverie, 1997; Man et al., 2000) are well developed.

At present, however, we lack a systematic approach for
the sequencing-based cross-species transcriptome com-
parison. Unlike transcriptome comparison within the same
species, in which a set of common genes or transcripts can
be used as references, and the expression level of each
reference sequence can be uniformly evaluated between
experimental samples, transcriptomes from different spe-
cies do not share the same set of reference genomic se-
quences. Microarray-based cross-species transcriptome
comparisons usually explicitly or implicitly employed a set
of orthologous genes to form a reference set (Enard et al.,
2002; Caceres et al., 2003; Liao and Zhang, 2006a, 2006b;
Chen et al., 2007). There have only two attempts to over-
come this problem for sequencing-based transcriptome
comparison. The first attempt used reference gene pairs
generated from the top BLAST (Altschul et al., 1990) hits
of assembled ESTs of tomato and Arabidopsis (Fei et al.,
2004). Such a ‘top hit’ approach is no better than ortholog
approaches and suffers from the limitations as discussed
below. In the second attempt, species-independent Gene
Ontology (GO) (Ashburner et al., 2000) terms were used
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as a reference set to be evaluated across species (Chen et
al., 2006). However, such approach generates only the
over- or under-represented GO terms without knowing
which gene or gene family is involved, which is the infor-
mation of the greatest importance for biologists.

A suitable and systematic approach for cross-species
comparison of sequencing-based transcriptomes needs to
solve at least two issues. The first is the nature of the
orthologous gene relationship across species. As discussed
above, a set of well-established orthologous genes suitable
for evaluation in a one-to-one manner cross-species is re-
quired for cross-species comparisons, but very difficult or
even impossible to obtain for a few obstacles. For example,
when the divergence time between the two species in
question increases, events of gene duplication, gene loss
and divergence would lead to complex relationships be-
tween genes and become difficult to measure (Fig. 1A). In
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addition, EST sequences usually do not cover the full
length of a gene, obtained sequences from different species
might be too short to be identified as orthologs (Fig. 1B).
Furthermore, in organisms without sequenced genome, the
copy number of a gene is unknown and impossible to map
its ESTs to the genome (Fig. 1C).

The second issue is that, under current EST cluster-
ing/assembly tools, Phrap, CAP3 (Huang and Madan, 1999)
and TIGR assembler (Sutton et al., 1995), it is difficult to
distinguish sequencing errors from closely related gene
families (Liang et al., 2000) and whether two sequences
are assembled or not is determined by program parameters.
If one transcript is falsely split into two contigs or two
transcripts are falsely assembled into one contig, the
evaluation of gene expression of that transcript is inaccu-
rate and leads to unreliable transcriptome comparisons
(Fig. 1D).
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Fig. 1. Four possible problems associated with cross-species comparison of sequencing-based transcriptomes. A: the copy number of a gene may be
different between two genomes, thus the object of comparison is ambiguous. B: the orthologous relationship is difficult to establish when the overlapping

sequences are too short because of partial sequencing. C: comparison is difficult when the background genome is unclear. D: contig a2 is mistakenly spilt
into two contigs by the assembly program. EST libraries A and B represent EST libraries of two species; contigs al and a2: example contigs in library A;
contigs bl and b2: example contigs in library B; Xa 1, Xa 2, and Xb_1: tag counts of contig al, a2 and b1, respectively; T a and T_b: the total tag counts

of EST libraries A and B.
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In light of the above two issues, here we propose a
theoretical framework and a detailed method that uses
protein-coding gene families as units for evaluating gene
expression, instead of the traditional metric using a single
pair of transcripts/genes. Using the metric proposed here,
the expression level of gene families over multiple species
can be calculated and compared by combining gene copy
number and expression information. Our method can
compensate for assembling errors arising from current
clustering/assembling tools and also avoids the problem of
ortholog identification. We have developed a program
named Pro-Diff to implement this method.

We tested our method in two ways: first by comparing
the liver transcriptomes of D. mawsoni and N. angustata to
see if results obtained with this method agreed with bio-
logical expectations; second, results obtained were then
compared quantitatively with the results previously gener-
ated using the GO-based method.

Materials and methods

The theoretical framework for cross-species com-
parisons among sequencing-based transcriptomes

Transcriptome comparison, intra- or inter-species, re-
quires a set of stable objects (genes, gene families or GO
terms) to be evaluated. Traditionally, in intra-species com-
parisons, researchers have used all the genes of a certain
genome as a ‘stable’ objective set. However, the gene set
of any given genome is in a constant state of flux. Even
within one species, copy number variation is widely ob-
served (Redon et al., 2006). Therefore, the stability of any
object to be evaluated is not absolute but relative. The
granularity of the compared-object should be increased to
accommodate object variation, so that cross-species tran-
scriptome comparisons can be implemented.

We use the word ‘family’ to encapsulate such an object.
It contains two levels of meaning—broad and narrow ones.
In the narrow sense, it is a family of protein coding genes
defined by evolution or sequence similarity. In a broad
sense, it can be a group of genes defined by any appropri-
ate criterion, such as protein domains or functions. Al-
though in this study, we concentrate on the narrowed defi-
nition of a ‘family’, our theoretical framework can apply
for the broad definitions of ‘family’.

Sequencing-based approaches generate partial se-

quences of a transcript named ‘tags’—the EST. The tag
count of a certain gene in a certain library represents the
expression level of a gene. Here we use ESTs to represent
all such tags generated from a single-pass sequencing ef-
fort. A flowchart for the method is shown in Fig. 2.

The family-wise expression level metric

We define the ‘Tag Coverage Level of a protein-coding
gene Family’ (TCLF) as the total tag number of the con-
tigs/clusters related to a particular gene family. For a cer-
tain gene family:

TCLF = f(x,%5,...,X,) =in
i=1

Here xi is the tag count of a certain contig/cluster belong-
ing to this family, and the TCLF is the sum of the expres-
sion level of all the members of the family.

This definition of TCLF brings in several advantages.
By using a gene family as a unit to evaluate the gene ex-
pression level, the problems associated with ortholog-
mapping and choosing the objects for evaluation are
avoided. It also compensates for EST assembling errors, as
whether two sequences are properly assembled or not, the
final TCLF would be the same.

As larger libraries have larger TCLFs, the TCLF is
normalized by the ‘Total Tag Number assigned to pro-
tein-coding Families of each library’ (TTNF) to give the
‘Relative Tag Coverage Level of a protein-coding gene
Family’ (RTCLF):

RTCLF = TCLF/TTNF

The combination of RTCLFs of multiple gene families
across multiple libraries is called a ‘family profile’.

Here we use TTNF rather than ‘total tag number of each
library’ to compensate for the heterogeneity of different
libraries. Tags from different libraries may be of different
quality lengths, or sequencing directions (3’ and 5'), and so
the proportion of tags that can be assigned to pro-
tein-coding gene families will vary.

Family expression ratios and statistical testing

In order to reflect the differences in expression of
each family between two transcriptomes, the ‘Tag Cover-
age Ratio of a gene Family’ (TCRF) can be calculated:

TCRF = RTCLF2/RTCLF1
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Fig. 2. Flowchart for family-wise comparison of two sequencing-based transcriptomes. Transcriptome is firstly assembled to obtain a unique transcript
set and the expression profile of this set was generated. The unique transcripts are then mapped to a user-defined gene family set. The ‘Tag Coverage Level
of a protein-coding gene Family’ (TCLF) and the ‘Relative Tag Coverage Level of a protein-coding gene Family’ (RTCLF) are calculated by integrating
the mapping result and the expression profile. Using the TCLF and RTCLF of the two transcriptomes, the ‘Tag Coverage Ratio of a gene Family’ (TCRF)
is calculated and statistical tests are implemented followed with a multiple testing correction. Finally, the families that meet the pre-defined criteria of a
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For a comparison between two transcriptomes, the
TCREF of each protein-coding gene family is calculated and
each TCRF is then tested for significance. The statistical
tests used are similar to tests implemented in intra-species
comparisons in which the Chi-square test, Fisher’s Exact
test and Audic-Claverie test (Audic and Claverie, 1997)
are widely applied (Man et al., 2000).

Here we conduct Fisher’s Exact test for gene expression
level of each family in the two transcriptomes of different
species. First, a two by two contingency table is created
(Table 1). Here a/(a+c) and b/(b+d) are RTCLFs of the two
transcriptomes of a certain family. The marginal sums of
(atb), (c+d), (a+c) and (b+d) are fixed, and a,b,c and d are
variables. The probability of each combination of a, b, c
and d is calculated with the formula below:

p = (atb)!(ct+d)!(atc)!(btd)!/alblc!d!(atbtb+d)!

To reject the null hypothesis that RTCLF1 and RTCLF2
are equal, all the p-values of different combinations of a, b,
¢ and d should be summed if they are smaller or equal to
the observed p-value p,,.

p=2p(P<=po)
Here p, is the observed p-value of our observed tag num-
bera, b, c and d.

Multiple testing corrections are made based on the raw
p-values of Fisher’s Exact tests. With a list of sorted
p-value generated from above tests for each family, the
Benjamini-Hochberg procedure (Benjamini and Hochberg,
1995) of False Discovery Rate (FDR) control is used for
the correction. Detailed description of this procedure can
be found in (Benjamini and Hochberg, 1995) and also
online (http://en.wikipedia.org/wiki/False discovery rate),
which uses a linear step-up procedure to control the ex-
pected proportion of incorrectly rejected null hypotheses
(type 1 errors). Differentially expressed protein-coding
gene families are then selected based on the TCRF and
FDR cutoff values.

Mapping contigs/unigenes to protein-coding gene
families

A set of gene families must be defined and the unique
transcripts are mapped to the families to calculate TCLF.
Researchers can choose their own gene family schemes and
mapping can be done manually, automatically or by both,
depending on personal requirements. Here we recommend
a simple pipeline to define a set of gene families and map
the transcripts onto them (Fig. 3). The following procedure

Table 1
The two by two contingency table for Fisher’s Exact test

Transcriptome A Transcriptome B Sum
Family A a b atb
Not Family A c d ctd
Sum atc b+d at+b+ct+d

is recommended but not absolutely required in our method
and researchers can choose alternative procedures for
mapping. For this reason, the procedure is not included in
the implemented program.

The procedure is composed of two parts: generating a
reference protein set, in which each protein represents a
family, and mapping the unique transcripts to this protein
set. The unique transcripts of the two sets are first pooled
and then BLAST searched against a pre-clustered protein
database. We use a protein cluster as an approximation to a
protein family, for it is relatively simple to define. Fur-
thermore, with a clustered large database such as Uniref50,
it is relatively easy to find representative proteins having
enough sequence similarity with the transcripts waiting to
be analyzed. Top BLASTX hits are selected as reference
proteins if they meet the user-defined criteria of similarity
and High-scoring Segment Pair (HSP) length. Then
TBLASTX is run separately with the selected reference
proteins against the unique transcript set A and B. All of
the TBLASTX hits for a certain reference protein are as-
signed to that family if they meet the user-defined criteria.
If one transcript is assigned to more than one family, the
redundant alignments are removed leaving only the one
with the highest similarity.

c¢DNA library construction and EST sequencing of N.
angustata

A cDNA library of N. angustata liver tissue was con-
structed using the pCMV-Script XR cDNA Library Con-
struction kit (Stratagene, USA). Plasmids were isolated
using the AxyPrep Easy-96 Plasmid DNA Isolation kit
(Axygen Biosciences, CA, USA). DNA sequencing from
the 5" end of each cDNA clone was performed using Big-
Dye version 3.1 (Applied Biosystems Inc., USA), and re-
solved on an ABI 3730 machine.

A pipeline of several programs and scripts were applied
with parameters determined by experience and optimiza-
tion. PHRED (Ewing and Green, 1998) software was used
in base-calling with a stringent PHRED score cutoff of 30
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for subsequent analyses, meaning 99.9% accuracy cutoff
for each base pair. Vector and linker sequences were
masked, and mitochondrial RNA, ribosomal RNA and
contaminating E. coli genes were removed using an in-house
pipeline compiled with the CROSS MATCH, BLAST pro-
grams and Perl scripts. The cleaned sequences with lengths
above 10 bp were submitted to dbEST (Boguski et al., 1993)
and those exceeding 50 bp were used in the following
analysis. ESTs were assembled into contigs using CAP3
software using the criteria of 50 bp overlap and similarity of
98%. The expression profiles of the contigs were extracted
from the CAP3 assembly results with a Perl script.

Map EST assembly results for protein-coding gene
families in D. mawsoni and N. angustata liver tran-
scriptome comparisons

The files containing the D. mawsoni and N. angustata
unique transcripts were searched using BLASTX against
Uniref50 (Suzek et al., 2007) —a Uniprot (Wu et al., 2006)
protein database pre-clustered by cd-hit (Whitehead and
Crawford, 2006), using 50% similarity cutoff. The top
BLASTX hit was selected if the alignment had greater than
60% identity and was more than 50 aa in length. Each Uni-
ref50 protein was viewed as a representative of a pro-
tein-coding gene family, and was used as a reference set to
evaluate family-wise expression levels across the liver tran-
scriptomes of the two species. This reference protein set was
then searched against the D. mawsoni and N. angustata
unique transcript files using TBLASTX, and a transcript
was mapped to a certain reference protein if the alignment
had greater than 60% identity and was more than 50 aa in
length. If a transcript mapped to multiple reference proteins,
only the one with the highest alignment score was preserved.

GO over-representation analysis of the Pro-Diff results

Proteins that were representative of each gene family
were searched against the Uniprot sprot database (Wu et
al., 2006) using BLASTP. GoPipe version 2 (Chen et al.,
2005) was used to extract GO annotation from BLASTP
results by searching the top BLASTP hit of each unique
transcript against the GO annotation database of Uniprot
(GOA). The GO annotations of the differentially expressed
representative proteins of a gene family were extracted
using a Perl script. The gene-count associated with each
GO term (GO profile) for all the representative proteins

and for the differentially expressed representative proteins
were calculated by integrating the two GO annotations and
the GO structure. The two GO profiles were then com-
pared for each GO term using the Chi-square test and
Fisher’s Exact test followed by multiple testing correction
using the linear step-up procedure. GO terms that met the
criteria of having a ratio of = 2 or < 1/2 and FDR <
0.1 were chosen as over- or under-represented GO terms.

Results

A program for gene-family based interspecific tran-
scriptome comparison

To implement the above method for cross-species tran-
scriptome comparison, we developed a program named
Pro-Diff, a freely available Perl program. This program is
integrated into the GO-Diff package (Chen et al., 2006),
which was formerly developed to screen over- or un-
der-expressed genes grouped by GO terms for intra- or
inter-species comparisons. Several parameters must be set
before running the program, including TCRF cutoff, FDR
cutoff, contig-family mapping file name, gene expression
file name, library names and output file name. Detailed use
and installation information can be found in the program
manual on our website (http://www.fishgenome.org/bioinfo).

Cross-species comparison between transcriptomes
from livers of D. mawsoni and N. angustata

To evaluate the use and validity of this method, we im-
plemented this method in a comparison between liver
transcriptomes of the Antarctic notothenioid, D. mawsoni
that inhabits the coldest water of the world, and its close
relative N. angustata that is in the same family of
Nototheniidae but lives in cool-temperate waters of south-
ern New Zealand.

A total of 5,492 ESTs were sequenced using adult V.
angustata liver tissue, 4,068 of which passed a pipeline
with stringent criteria. These sequences were further as-
sembled into 1,056 unique transcript genes using the
CAP3 program, and the expression profile was extracted
from the assembly resultant file (sequences and annotation
available at http://www.fishgenome.org/polarbank). The
sequences and expression information of D. mawsoni liver
was generated using the same pipeline and criteria as in
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our other recently published research (Chen et al., 2008).
The unique transcripts of N. angustata and D. mawsoni
were then mapped to gene families represented by Uni-
ref50 proteins. Pro-Diff was run to integrate these two
mapping results and expression profiles and compare fam-
ily-wise expression levels of the two transcriptomes. Re-
sults are shown in Table 2.

Results of the comparison are largely consistent with
current knowledge of fish physiology, and show that the
adaptive phenotypes of D. mawsoni can be explained with
molecular data. For example, the skeleton of adult D.
mawsoni, one of the few notothenioid species that are pe-
lagic, has a low mineral content and contains considerable
cartilage to reduce its body density allowing neutral buoy-
ancy (Eastman and DeVries, 1981), in contrast to the
hard-boned, shallow benthic N. angustata. The D. maw-
soni phenotype described 27 years ago can now be ex-
plained by its high expression of fetuin genes (Table 2)
which can inhibit precipitation of calcium phosphate
(Heiss et al., 2003), and suppresses osteogenesis (Binkert
et al., 1999). D. mawsoni also has large lipid deposits
that provide static lift contributing to neutral buoyancy
(Eastman and DeVries, 1982; Clarke et al., 1984). Previous
analysis of plasma from D. mawsoni showed high levels of
high density lipoprotein (Metcalf et al., 1999), which
agrees well with our current finding of high expression of
apolipoprotein in the liver (Table 2) that would facilitate
lipid binding and transport. High expression of superoxide
dismutase in D. mawsoni (Table 2) is consistent with po-
tentially greater levels of ROS caused by increased O,
solubility at low temperatures (Abele and Puntarulo, 2004)
relative to temperate water conditions.

Interestingly, the zona pellucida sperm-binding protein
3 (ZP3/ZPC) gene family has an elevated expression in D.
mawsoni liver, and EST assembly results show that there
are at least 13 closely-related members in this family
(Chen et al., 2008). This phenomenon is supported by a
comparative genomic hybridization analysis and Southern
blot of the D. mawsoni genome, which revealed that there
are many more ZPC5 copies in D. mawsoni and other Ant-
arctic notothenioids than in their non-Antarctic cousins.
Multiple copies of ZP3 genes and their elevated expression
levels provide a good example demonstrating that gene copy
number determine the expression abundance of a gene fam-
ily. Multiple sequence alignment (Fig. 4) of the peptides of
the 6 contigs selected from the 13 unique transcript genes
shows that peptides coded by different copies of ZP3 genes

are highly conserved. In such a situation, evaluating total
family-wise gene expression is more appropriate than con-
sidering gene expression on an individual basis.

Meta-analysis of the results of the comparisons

The comparison results can be affected by various fac-
tors. These factors can be environmental factors such as
temperature, oxygen solubility or diet, or other factors
such as species divergence, individual variation and sam-
ple sizes (tag number). To mine the environmental adapta-
tion mechanisms of D. mawsoni, meta-analysis by com-
paring liver transcriptomes of D. mawsoni with liver tis-
sues from many other species is required. Using
meta-analysis, effects from other factors can be screened
out and common themes in environmental adaptation are
revealed. In our previous study, a liver transcriptome of D.
mawsoni was compared to liver EST libraries from three
other unrelated species, namely Danio rerio, Fundulus
heteroclitus, and Oryzias latipes. Meta-analysis of these
three previous comparisons showed that up-regulated genes
were consistent, giving rise to an intersection of commonly
up-regulated genes. Down-regulated genes, however, were
not consistent across comparisons. This explains why 94%
of the commonly differentially expressed gene families were
up-regulated (Chen et al., 2008).

This phenomenon was confirmed further by adding our
comparison of transcriptomes from the liver tissue of D.
mawsoni and N. angustata to the previous meta-analysis
described above (the last column of Table 2). Eleven out of
16 up-regulated gene families of D. mawsoni showed
agreement with our previous study, and there were no con-
tradictory results. Of the down-regulated gene families,
however, the results for only one family were in agreement
with the previous study, while 6 out of 35 families showed
contradictory results (Table 2).

Cross-validation by comparing to the GO-Diff results

To the best of our knowledge there is so far only one
tool (GO-Diff) other than Pro-Diff for conducting
cross-species transcriptome comparisons with sequenc-
ing-based data. This tool was developed by us and is
mainly used for mining functional differentiation between
EST-based transcriptomes. As GO terms are spe-
cies-independent in nature, it can also be applied in
cross-species transcriptome comparisons.
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Table 2
The differentially expressed protein-coding gene families represented by top hit Uniref50 proteins
Uniref50 protein ID ~ RTCLF libl RTCLF 1ib2  TCREF (lib2/libl)  Corrected p-value  Description Agreement
Q4SMM6 0 0.012 100 1.31E-06 Fetuin-B -
Q4RECI 0 0.013 100 8.81E-08 Importin subunit alpha-1 -
Q4T7M2 0 0.020 100 4.32E-12 Zona pellucida sperm-binding protein 2 T
Q4SNR9 0 0.054 100 2.27E-36 Zona pellucida sperm-binding protein 3 T
Q9UBR2 0 0.015 100 6.64E-09 Cathepsin Z T
Q4QY86 0 0.023 100 7.06E-15 Unknown -
P27449 0 0.0054 100 0.017 Vacuolar ATP synthase 16 kDa prote- T
olipid subunit
Q3ZE27 0 0.0062 100 0.0068 Zona pellucida sperm-binding protein 2 T
Q8AYL3 0 0.0078 100 0.00053 Zona pellucida sperm-binding protein 2 T
P08228 0 0.0051 100 0.028 Superoxide dismutase [Cu-Zn] T
042364 0 0.014 100 3.27E-08 Apolipoprotein Eb T
P07900 0 0.0081 100 0.00033 HSP 90-alpha -
P02679 0 0.0094 100 4.00E-05 Fibrinogen gamma chain T
Q48Y35 0.00098 0.013 14 1.33E-05 Haptoglobin T
Q2LKS88 0.00098 0.0073 7.4 0.044 Fucolectin-4 T
P09972 0.014 0.0035 0.26 0.0023 Fructose-bisphosphate aldolase C T
P08865 0.013 0.0027 0.21 0.0011 408 ribosomal protein SA -
Q02878 0.0093 0.0019 0.20 0.010 60S ribosomal protein L6 F
P62701 0.0073 0.0013 0.18 0.038 40S ribosomal protein S4 -
Q3V5Y0 0.040 0.0073 0.18 7.06E-15 Lactose-binding lectin 1-2 F
UPI00005A4635 0.018 0.0032 0.18 2.25E-06 Elongation factor 1-alpha 2 -
Q75ULS8 0.047 0.0083 0.18 8.03E-18 Hemopexin -
P80429 0.067 0.00941 0.14 2.78E-30 Serotransferrin-2 -
P62753 0.0073 0.00081 0.11 0.0041 408 ribosomal protein S6 -
Q4RUPS 0.0078 0.00081 0.10 0.0019 unknown -
P98093 0.0059 0.00054 0.092 0.013 Complement C3-1 F
P49946 0.0064 0.00054 0.085 0.0061 Ferritin, heavy subunit -
P62424 0.020 0.0016 0.082 1.91E-10 60S ribosomal protein L7a -
Q4SUA7 0.068 0.0054 0.079 1.21E-39 Prothrombin F
P62917 0.010 0.00081 0.079 2.85E-05 60S ribosomal protein L8 -
P15880 0.018 0.0013 0.072 2.19E-10 408 ribosomal protein S2 -
P32969 0.0083 0.00054 0.065 0.00022 60S ribosomal protein L9 -
P62841 0.0044 0.00027 0.061 0.044 408 ribosomal protein S15 -
P50914 0.0098 0.00054 0.055 1.47E-05 60S ribosomal protein L14 -
Q93088 0.0054 0.00027 0.050 0.0079 Betaine-homocysteine -
S-methyltransferase 1
UPIO000F213D7 0.036 0.00081 0.022 3.17E-27 Unknown -
P23396 0.0078 0 0.010 1.04E-05 408 ribosomal protein S3 -
UPI000066106F 0.0083 0 0.010 3.89E-06 Alpha-1-antiproteinase -
Q4T526 0.003 0 0.010 0.044 Microfibril-associated glycoprotein 4 -
P62888 0.0034 0 0.010 0.044 60S ribosomal protein L30 -
Q4SXMS5 0.0059 0 0.010 0.00047 Complement C5 precursor -
Q8167 0.0039 0 0.010 0.020 Leukocyte cell-derived chemotaxin 2 -
Q4RFG2 0.0034 0 0.010 0.044 Phospholemman -
QS8FF7 0.0034 0 0.010 0.044 Heat shock protein HSP 90-beta F
Q4T2B6 0.0049 0 0.010 0.0031 Complement Clq tumor necrosis fac- —
tor-related protein 3
P27635 0.0034 0 0.010 0.044 60S ribosomal protein L10 -

RTCLF libl is the ‘Relative Tag Coverage Level of a protein-coding gene Family’ of the N. Angustata liver transcriptome, and RTCLF _l1ib2 is that of D.
mawsoni. The last column ‘Agreement’ shows the agreement of this comparison to the previous meta-analysis. The letter ‘T’ indicates a gene family was
significant in current analysis and was up- or down-regulated in the same way in the previous meta-analyses; while ‘—’ indicates significant in this analysis
but insignificant in the previous analysis; and ‘F’ in opposing directions between the two comparisons.
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Fig. 4. Multiple sequence alignment of 6 ZPC contigs. ZPC alignment shows that the contigs share high amino acid sequence identity, but were in dif-
ferent lengths resulted from partial sequencing. In such a case, it is more appropriate and convenient to evaluate the transcription levels of all the contigs in

a ‘family’ group.

To further evaluate the validity of the method pre-
sented here, we compared results obtained by Pro-Diff
and GO-Diff using the same EST data from D. mawsoni
and N. angustata. The result generated by Pro-Diff is a
list of differentially expressed gene families while that
generated by GO-Diff is a list of differentially represented
GO terms. Since the nature of the results from the two
methods is different, we must first transform the Pro-Diff
result into a GO result using GO over-representation
(GOR) analysis (Khatri and Draghici, 2005) before mak-
ing comparisons.

1. GOR analysis of the Pro-Diff result

GOR analysis with the Pro-Diff results determined
whether the particular molecular functions/biological
processes/cellular components are over- or under-represented
in the subset of differentially expressed gene families
within the total representative proteins. Sixty-two GO
terms were found to be over- or under-represented. Ac-
cording to the true path rule, daughter nodes in the 62 GO
term set were removed, which resulted in 12 non-redundant
over- or under-represented GO terms (Table 3).

2. GO-Diff analysis of D. mawsoni and N. angustata
transcriptomes
GO-Diff was used to compare the D. mawsoni and N.

angustata transcriptomes directly with the same data of the
Pro-Diff-GOR analysis. GO-Diff predicted 623 GO terms

as over- or under-represented, and after removal of redun-
dant nodes, leaving 205 GO terms.

3. Comparing GOR and GO-Diff results

Our goal was to determine the extent to which the 12
GO terms discovered by the two-step analysis were in-
cluded in the 205 GO-Diff results. Of the 12 GO nodes
compared with the 205 GO-Diff result nodes, 4 were the
same without daughter nodes, 7 were parents of the
GO-Diff GO terms, and 1 different (Table 3). Considering
the total number of GO nodes of the GO structure was
more than 24,000, the two analyses showed high consis-
tency (p-value < 9.7E-6 by a rough estimation using
Fisher’s Exact test).

Discussion

Considerations of the GO-wise, orthorlog-wise and
family-wise comparison methods

The three methods have different features in application.
GO-based methods, taking the advantage of a predefined
functional structure, identify differentially represented
functional units directly. However, as the relationship be-
tween genes and GO functional terms is many-to-many, it
is hard to discern what genes are of significance, and false
positive GO categories will arise when a differentially
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Table 3

GO over-representation analysis of Pro-Diff results
GO ID GOR ratio p-value GO term Name space Consistency
GO:0003735 8.50 6.3E-07 Structural constituent of ribosome T
G0O:0004866 9.96 0.022 Endopeptidase inhibitor activity F T
GO:0005615 7.22 0.0049 Extracellular space C F
G0:0005830 10.70 0.019 Cytosolic ribosome (sensu Eukaryota) C T
GO:0006412 4.69 8.8E-05 Translation P T
GO:0006879 25.69 0.0095 Cellular iron ion homeostasis P T
GO:0006956 13.76 0.010 Complement activation P T
GO:0007338 16.51 0.021 Single fertilization P T
GO:0015935 13.13 0.012 Small ribosomal subunit C T
G0:0043231 0.43 0.022 Intracellular membrane-bound organelle C T
GO:0045087 13.76 0.010 Innate immune response P T
GO:0003735 8.50 6.3E-07 Structural constituent of ribosome F T

The ‘GOR ratio’ is the ratio of relative gene family numbers associated with a certain GO term between differentially expressed families and background
families. If the ‘GOR ratio’ is above 1, this GO term is over-represented in the differentially expressed family set, and vice versa. The ‘Name space’ col-
umn shows the categories of the GO terms: ‘F’ represents molecular function, ‘P’ represents biological process and ‘C’ represents cellular component. The
‘Consistency’ indicates whether the GOR analysis is consistent with GO-Diff analysis, with ‘T’ for consistent and ‘F’ for inconsistent.

expressed gene is linked to multiple GO terms. For orthor-
log-based method, as the orthorlogy relationship between
two species are not always one to one, meaningful infor-
mation can be lost when comparing distant species. Its
application is usually restricted within closely related spe-
cies.

It is one of the major aims of this paper to provide a
common theoretical framework for cross-species transcri-
tome comparison with the sequencing-based data, to ex-
tend our previous GO-Diff method. In this scheme, re-
searchers can use the broad-sense ‘family’ metrics, for
example, mapping transcripts to the Pfam (Finn et al.,
2008) and InterPro (Hunter et al., 2008) structural units.

In the family-wise method, the granulity of the ‘family’
to be chosen can depend on the evolutionary distance be-
tween the species being compared and can be adjusted in
the mapping procedure with user-defined criteria. For ex-
ample, researchers can relax the BLAST cutoff to increase
the granule size. The theoretical framework of this method
can also be extended to non-coding RNA transcripts and to
cross-species proteomic comparisons if data become
available in the future.

Parameter considerations

In some cases, when the denominator is close to zero,
TCRF would be unstable and extremely high. The program

allows the users to setup an upper-limit TCRF, e.g., the
upper-limit of 100 x difference set in the current program.
Since the aim of this method is to find out the statistically
meaningful differentially expressed gene families, a ratio
being 100 x or 1 million times would make no difference
in the statistical sense.

In terms of how to select the parameters in the program,
we provide a simple guideline here. There are two types of
parameters in our system. One is for statistical tests, which
are p-value cutoff and TCRF. Obviously, stringent criteria
will give more accurate but fewer results. These parame-
ters can be selected according to the data volume to obtain
a balance between accuracy and productivity. The other
type is the parameters used to group genes into families,
for example, the p-value of the BLAST results. These pa-
rameters can be selected based on the evolutionary dis-
tances between the species in comparison, which will re-
quire multiple adjustments to set in a suitable one.

In conclusion, we developed a method for cross-species
transcriptome comparisons for sequencing-based tran-
scriptomes. We developed a theoretical framework that
uses gene ‘families’ as units for cross-species comparison.
The program we designed used a gene cluster-wise ap-
proach as an approximation to the stringent concept of the
gene family, and which can be extended to encapsulate
other ‘family’ schemes, such as the Pfam protein family.
We provided the program, Pro-Diff for cross-species tran-
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scriptome comparisons using this method. Application of
this method to a comparison of gene expression in the liv-
ers of the related Antarctic D. mawsoni and non-Antarctic
N. angustata showed that this method generated good
agreement with biological expectations and with our pre-
vious GO-Diff methodology, thus justified the method and
confirmed its usefulness.
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