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Abstract

During the growth and development of skeletal muscle cells and adipose cells, the regulatory mechanism of micro-effect polygenes
determines porcine meat quality, carcass characteristics and other relative quantitative traits. Obese and lean type pig breeds show obvi-
ous differences in muscle growth and adipose deposition; however, the molecular mechanism underlying this phenotypic variation
remains unknown. We used pathway-focused oligo microarray studies to examine the expression changes of 140 genes associated with
muscle growth and adipose deposition in longissimus dorsi muscle at six growth stages (birth, 1, 2, 3, 4 and 5 months) of Landrace (a
leaner, Western breed) and Taihu pigs (a fatty, indigenous, Chinese breed). Variance analysis (ANOVA) revealed that differences in
the expression of 18 genes in Landrace pigs and three genes in Taihu pigs were very significant (FDR-adjusted permutation,
P < 0.01) and differences for 22 genes in Landrace pigs and seven genes in Taihu pigs were significant (FDR-adjusted permutation,
P < 0.05) among six growth stages. Clustering analysis revealed a high level of significance (FDR-adjusted, P < 0.01) for four gene
expression patterns, in which genes that strongly up-regulated were mainly associated with the positive regulation of myofiber formation
and fatty acid biogenesis and genes that strongly down-regulated were mainly associated with the inhibition of cell proliferation and
positive regulation of fatty acid b-oxidation. Based on a dynamic Bayesian network (DBN) model, gene regulatory networks (GRNs)
were reconstructed from time-series data for each pig breed. These two GRNs initially revealed the distinct differences in physiological
and biochemical aspects of muscle growth and adipose deposition between the two pig breeds; from these results, some potential key
genes could be identified. Quantitative real-time RT-PCR (QRT-PCR) was used to verify the microarray data for five modulated genes,
and a good correlation between the two measures of expression was observed for both two pig breeds at different growth stages
(r = 0.876 ± 0.095). These results highlight some possible candidate genes for porcine meat quality and carcass traits and provide some
data on which gene(s) should be further studied for elucidating the molecular mechanism of muscle growth and fat deposition.
� 2007 National Natural Science Foundation of China and Chinese Academy of Sciences. Published by Elsevier Limited and Science in
China Press. All rights reserved.
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1. Introduction

The growth and development of muscle and adipose tis-
sue are complex physiological processes involving co-
expressional and co-restricted multi-genes. The pig (Sus

scrofa) has become one of the most important farm
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animals. Anatomical, physiological, pathological and geno-
mic similarities between pig and human have suggested that
the pig could be considered a model species for human
health issues. Therefore, the use of pigs as research animals
will benefit both animal agriculture and biomedical
research. The present studies mainly focus on candidate
genes which influence muscle growth and adipose deposi-
tion, especially genes for pork quality. In dynamic views,
the competition between growth rates of skeletal muscle cells
and adipose cells in vivo not only influences pork quality, but
also simultaneously determines porcine productive type [1].

At present, little is known about the molecular basis of
pork growth; in particular, the genetic complexity underly-
ing the phenotypic variation that is related to porcine
breeding programmes and selection criteria remains only
partially understood. In a postgenomic era, functional
genomics, including analysis of the transcriptome and the
proteome, provides new opportunities for understanding
the interactions of functional genes and how these influence
the production of meat [2].

Western pig breeds have been intensively selected over
the past two decades for rapid, large and efficient accretion
of muscle, which is believed to have led to deterioration in
meat quality. Landrace, a typical lean-type western breed,
is now widely used for commercial production throughout
the world. While indigenous Chinese pig breeds have lower
growth rates and a lower lean meat content than conven-
tional western pig breeds, they have proved superior in
terms of perceived meat quality. The Taihu variety is a typ-
ical indigenous Chinese breed of pig [3].

Here, we describe a pathway-focused analysis of gene
expression changes in longissimus dorsi muscle in Landrace
and Taihu pigs at birth, 1, 2, 3, 4 and 5 months. Our results
could be beneficial to researchers attempting to generate,
through genetic engineering, pigs which have both
improved meat quality and lean carcasses.

2. Materials and methods

2.1. Animals and tissue collection

Landrace and Taihu pigs (12 sows and 12 boars for each
breed) were used in this study. Two male and two female
piglets were randomly assigned to each stage for each breed
with ad libitum access to feed under same normal condi-
tions. The piglets were weaned simultaneously at
28 ± 1 day of age. A starter diet that provided
3.40 Mcal kg�1 metabolizable energy (ME), 20.00% crude
protein and 1.15% lysine during 1–2 months after weaning.
In 2–4 months, the diet contained 3.40 Mcal kg�1 ME,
17.90% crude protein and 0.83% lysine. In 4–5 months,
the diet contained 3.40 Mcal kg�1 ME, 15.00% crude pro-
tein and 1.15% lysine. The animals were reared in compli-
ance with national regulations for the humane care and use
of animals in research. The pigs were sacrificed at a com-
mercial slaughterhouse at birth, 1, 2, 3, 4 and 5 months
of age. The longissimus dorsi muscle near the last 3rd or

4th rib was rapidly and manually dissected from each
cleaved pig. These samples (0.3–0.4 cm in thickness) were
immediately submerged in RNAlater (Qiagen, Germany)
for RNA preservation, after which they were crushed to
powder with liquid nitrogen, subdivided (per 80–100 mg)
and stored at �70 �C until further use.

2.2. Muscle measurements

After sacrifice, all muscle tissues were fixed in 10% neu-
tral-buffered formalin solution, embedded in paraffin
using TP1020 semi-enclosed tissue processor (Leica, Ger-
many), sliced at a thickness of 6 lm using RM2135 rotary
microtome (Leica, Germany) and stained with hematoxy-
lin and eosin (H&E). The myofiber cross-sectional area
(CSA) was counted in average of 100 fibers in randomly
selected fields using TE2000 fluorescence microscope
(Nikon, Japan) and Image Pro-Plus 6.0 software
(Media-Cybernetics, USA). The intramuscular fat (IMF)
content was measured by heat extraction-oil weight
method using SoxtecAvanti2055 extraction system (Foss,
Denmark).

2.3. Construction of porcine pathway-focused microarray

One hundred and forty genes that were involved in bio-
logical processes of skeletal muscle growth and adipose
deposition were selected with the aid of gene annotations
of Gene Ontology (GO) terms and hundreds of biomedical
literatures using Onto-Design [4] and GoPubMed [5] tools.
The set of 140 oligonucleotides (Pig Genome Oligo Micro-
array Database, http://omad.operon.com/pig/query.php)
represents porcine cDNAs and ESTs and was designed
from TIGR TC cDNA sequences (SsGI release 12.0,
http://compbio.dfci.harvard.edu/tgi/cgi-bin/tgi/gimain.pl?
gudb=pig). In addition, there were six positive control
genes and six negative controls including three Arabidopsis

genes and three randomized sequences known to have min-
imal cross-hybridization with mammalian transcripts. All
pig-specific �70-mer oligonucleotides were designed within
1000 bp of an annotated 30 end, the cross-oligonucleotide
percentage identity <70%. No oligonucleotide has 20 con-
tiguous bases in common with any other oligonucleotide.
No oligonucleotide has repeats of >8 bases or a potential
hairpin stem >9 bp.

The synthesized oligonucleotides were spotted at the
National Engineering Center for Biochip at Shanghai,
China. Each oligonucleotide was spotted four times
and each control gene was spotted eight times on GAPS
II slides (Corning, USA) using OmniGrid100 micro-
arrayer (Gene-Machine, USA). Oligonucleotides were
ultraviolet (UV) cross-linked to the slides after spotting
according to the manufacturer’s protocol for all slides.
All information about this pathway-focused oligo micro-
array has been submitted to the NCBI Gene Expression
Omnibus (GEO) database under the Accession No.
GPL5171.

388 M. Li et al. / Progress in Natural Science 18 (2008) 387–399



2.4. Experimental design

Temporal gene expression changes within breeds were
analyzed with microarrays using a direct loop design that
included two independent loops, for a total of six arrays
per loop. Breed changes in gene expression at same
month were analyzed with microarrays using a
matched-pair design that included six arrays [6,7]. Data
from 36 measurements from 18 arrays were collected
(Fig. 1). It should be noted that the three replicate mea-
surements for each sample and the four replicate print-
ings per slide represented technical variation. Biological
variation was sampled by extracting RNA from four sep-
arate samples and pooling them before all of the
hybridizations.

2.5. RNA and target preparation for hybridization

Total RNA was prepared from the frozen longissimus

dorsi muscle using RNeasy Fibrous Tissue Min kit (Qia-
gen, Germany) according to the manufacturer’s protocol
for all samples. The purified RNA was examined by 1%
agarose gel electrophoresis and quantified using Agi-
lent2100 bioanalyzer (Agilent, USA). Equal quantities
of total RNA from four individuals (two sows and two
boars at each stage for each breed) were pooled. Cy3-
and Cy5-labeled cRNAs were prepared and hybridized
to slides at 42 �C for 12–14 h using Low RNA Input
Linear Amplification Plus-two Color kit (Agilent, USA)
and Pronto Universal Hybridization kit (Corning,
USA) according to the manufacturer’s instruction.
Finally, slides were dried by centrifugation at 2500 rpm
for 2 min and stored in lightproof containers until ready
to scan.

2.6. Image processing

The slides were scanned at 532 nm (for Cy3) and 635 nm
(for Cy5) using the ScanArray4000 scanner (Perkin–Elmer,
USA) under conditions to limit saturation to <1%.
Scanned images were analyzed using ImaGene7.5 software
(Bio-Discovery, USA). Defective microarray spots (signal-
to-background ratio 2.5 or 40% spot area compared with
average) were eliminated from the dataset. These criteria
assured that the signal level was sufficiently high above
background to be reliably read and that the reading was
not the result of non-uniform noise emanating from the
spotted oligonucleotides.

2.7. Normalization of microarray data

Local background values and negative control values
were subtracted from signal means respectively, and a
small constant was added to all differences to allow for
log transformation of the background-corrected signals.
Following log transformation, composite loess and print-
tip loess normalizations were applied to remove intensity-
dependent dye bias from each slide using WebArray online
platform (Sidney Kimmel Cancer Center, USA) (http://
bioinformatics.skcc.org/webarray) [8,9]. Four replicate
spots within-array were incorporated using pooled correla-
tion method [10]. The resulting values were adjusted so that
the median-normalized signal for each gene would be con-
stant across all slide and dye combinations. Here, each
array was provided with two following observations for
each gene: log intensity ratios M = log2 Cy3 � log2Cy5

and mean log intensities A = (log2 Cy3 + log2 Cy5)/2M.
The normalized data were then back-transformed prior
to further statistical analysis using the following formulas:

log2 Cy3 ¼ AþM=2 and log2 Cy5 ¼ A�M=2:

Genes were filtered with more than 70% missing (across
arrays), then missing values were imputed using five-near-
est neighbor method [11]. All raw microarray data have
been deposited in the NCBI GEO database with the Acces-
sion No. GSE7857.

2.8. Differential gene expression analysis

An extended variance analysis (ANOVA) modeling
approach was used to analyze the microarray data using
the J/MAANOVA package (The Jackson Laboratory,
USA). To analyze breed effect across six time points and
time effect across two pig breeds with a simultaneous con-
sideration of all blocking factors used in the experimental
design [12], a gene-specific model was applied:

log2ðY ijklmnÞ ¼ lþ Ai þ Dj þ Bk þ T l þ Sm þ eijklmn

where Yijklmn denotes the fluorescent intensity signal of the
nth gene (n = 1, . . ., 99), ith array (i = 1, . . ., 18), jth dye
(j = 1,2), kth breed (k = 1,2), lth month (l = 1, . . ., 6) and
sth RNA pool (s = 1, . . ., 12); l is an overall mean value;
Ai is the fixed effect of array i; Dj is the fixed effect of dye
j; Bk is the fixed effect of breed k; Tl is the fixed effect of
month l; Sm is the random effect of RNA pool m and eijklmn

is a stochastic error (assumed to be normally distributed
with mean 0 and variance r2). Identification of time effects
for each pig breed was also performed using the gene-spe-
cific model:

log2 Y ijklm

� �
¼ lþ Ai þ Dj þ T k þ Sl þ eijklm

where Yijklm denotes the fluorescent intensity signal of the
mth gene (n = 1, . . ., 99),ith array (i = 1, . . ., 18), jth dye
(j = 1,2), kth month (k = 1, . . ., 6) and lth RNA pool
(l = 1, . . ., 12); l is an overall mean value; Ai is the fixed ef-
fect of array i; Dj is the fixed effect of dye j; Tk is the fixed

Fig. 1. A modified loop microarray experimental design for temporal and
breed studies. The arrow from tail to head indicates Cy5 to Cy3 dye.
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effect of month k; Sl is the random effect of RNA pool l and
eijklm is a stochastic error (assumed to be normally distrib-
uted with mean 0 and variance r2). Variance components
of mixed linear model (MME) were estimated using re-
stricted maximum likelihood (REML) method and false
discover rate (FDR) was controlled using Step-Down
method. The FDR-adjusted permutation P values were
generated after iterated 10,000 times, which obtained from
empirical Bayes test based on shrinkage estimates of vari-
ance components [13].

2.9. Gene class test (GCT)

GCT analysis was performed using ErmineJ software
(Columbia University, USA) [14]. Genes with similar bio-
logical functions were clustered into the same gene-group
based on existing GO annotations and relative literatures.
The FDR-adjusted permutation P values of above
ANOVA were analyzed using gene score resampling
(GSR) algorithm under 200,000 time iterations to deter-
mine which gene-group was significant below Benjamini–
Hochberg FDR-corrected P value of 0.05 or 0.01.

2.10. Cluster analysis

Gene expression patterns during the investigated six
growth stages were identified using Short Time-series
Expression Miner (STEM) software (Carnegie Mellon
University, USA) [15]. The log2-transformed fluorescent
intensity signals were subjected to clustering. All datasets
were filtered to contain only 83 genes that exhibited a
twofold increase or decrease for at least one time point
within pig breeds. The filtered datasets were divided into
11 predetermined temporal expression patterns with the
two times of maximum unit change in model profiles
between two discretionary time points. FDR-corrected
P value from multiple hypothesis test (MHT) was
obtained to determine the significance of each expression
pattern.

2.11. Reconstruction of gene regulatory network (GRN)

GRNs were reconstructed from time-series data for each
pig breed using GeneNetwork software (Yang-Ming Uni-
versity, Taiwan, China) [16]. Complex relationships among
genes were inferred based on dynamic Bayesian network
(DBN) model under the fixed discretized threshold
(2 � standard deviation) [17–19].

2.12. Quantitative real-time RT-PCR (QRT-PCR)

QRT-PCR (SYBR Green I) analysis was performed on
five differentially expressed genes, IGF-II, IGFR1, IGFBP5,

PPARGC-1 and RYR1, each normalized to ACTB, TBP

and TOP2B [20]. Primers of eight target sequences were
designed using Primer3 online platform (http://frodo.
wi.mit.edu/) (Table 1). Pooled RNA of each stage and

breed collected for the microarray analysis were also used
for QRT-PCR analysis [21]. A two-step reverse transcrip-
tion PCR method was used to generate cDNA using SYBR
PrimeScript RT-PCR kit (TaKaRa, Japan) according to
the manufacturer’s protocol. Real-time fluorescent measu-
ration was conducted on the iQ5 real-time PCR detection
system (Bio-Rad, USA). A 10-fold dilution series of cDNA
were included in each run to determine PCR efficiency by
constructing a relative standard curve. PCR efficiencies
were consistently >92% and were used to convert the cycle
threshold (Ct) values into raw data. All experiments con-
tained a negative control and samples were analyzed in
three independent runs. Normalized factors of internal
control genes and relative quantities of objective genes
were analyzed using geNorm software (Primer-Design,
UK) [22].

3. Results

3.1. Body weight and meat-quality traits

Histological structures of myofibers were clear after
H&E staining, and the differences among myofibers could
be identified by quantitative image analysis (Fig. 2). Land-
race pigs exhibited a higher body weight and CSA than
Taihu pigs at most stages. However, Taihu pigs had higher
IMF content than Landrace pigs from 3 to 5 months, espe-
cially at 5 month, when there was a 2.05-fold difference
(Fig. 3).

3.2. Significance tests for differential gene expression and

gene-groups

The modified loop designs used in this study have been
discussed in Section 2 and outlined in Fig. 1. This
approach allows comparison among all conditions via
the ANOVA model. Using FDR-adjusted permutation P

values, we found that there were 22 genes showing differ-
ential expression at P < 0.01 and 21 genes at P < 0.05
among six growth stages across two pig breeds. Eighteen
genes showed differential expression at P < 0.01 and 22
genes at P < 0.05 among six growth stages in Landrace
pigs. Three genes showed differential expression at
P < 0.01 and seven genes at P < 0.05 among six growth
stages in Taihu pigs (Table 2).

To reduce the interpretive challenge posed by the long
list of differentially expressed genes and to obtain a global
picture of the affected processes, we used GCT analysis
based on twelve prearranged gene-groups. Using Benja-
mini–Hochberg FDR-corrected P values, we found that
there were one very significant gene-group (enzymes
related to glucose metabolism, P < 0.01) and one signifi-
cant gene-group (enzymes related to fatty acid biosynthe-
sis, P < 0.05) among six growth stages across the two pig
breeds. In addition, both these gene-groups were very sig-
nificant in Landrace pigs across six growth stages
(P < 0.01) (Table 2).
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3.3. Clustering of time-series data (STEM)

The predominant temporal expression patterns were
identified using a unique STEM algorithm (Fig. 4). Expres-
sion patterns 3 (n(E) = 7.7, n = 18) and 7 (n(E) = 7.8,
n = 18) of Landrace pigs and 2 (n(E) = 7.7, n = 20) and 7
(n(E) = 8.1, n = 17) of Taihu pigs were judged to be statis-
tically very significant between the number of genes
expected (n(E)) and the number of genes assigned (n)
(P < 0.01) and potentially contained genes that were coor-
dinately regulated. Of these patterns, expression pattern 3
of Landrace pigs represented genes which were first
down-regulated soon after birth, then kept at steady
expression levels from 2 to 3 months and lastly up-regu-

lated from 3 to 5 months; the trendline of the log of the
expression change ratio over all stages fitted a curve of 0,
�1, �2, �2, �1 and 0. Expression pattern 2 of Taihu pigs
represented genes which were strongly down-regulated
from birth to 5 months; the trendline of the log of the
expression change ratio over all stages fitted a straight line

Table 1
Information on the primers used for real-time PCR

Gene symbol Primer sequence (5 0 ? 3 0 ) Amplicon length (bp) GenBank No.

ACTB* TCTGGCACCACACCTTCT 114 DQ178122
TGATCTGGGTCATCTTCTCAC

TBP* GATGGACGTTCGGTTTAGG 124 DQ178129
AGCAGCACAGTACGAGCAA

TOP2B* AACTGGATGATGCTAATGATGCT 137 AF222921
TGGAAAAACTCCGTATCTGTCTC

IGF-II ACACCCTCCAGTTTGTCTGCG 108 X56094
CAGCTACGGAAGCAGCACTCT

IGFR1 TGGATGCCGTGTCCAATAACT 62 AB003362
ACAAGTCCCCGCATTCCTT

IGFBP5 AGGAGACCTACTCGCCCAAGA 70 U41340
CACGGCCTCTGCCTTCAG

PPARGC-1 CCTGCATGAGTGTGTGCTCT 107 AB106108
CTCAGAGTCCTGGTTGCACA

RYR1 TGTCCCTCCTGGGTCACTAC 191 X62880
CTTGCGGAAGAAGTTGAAGG

* ACTB (b actin), TBP (TATA box-binding protein) and TOP2B (topoisomerase II b) are the internal control genes.

Fig. 2. Paraffin cross-sections of longissimus dorsi muscle (H&E staining).
(a) Landrace pigs at 5 month; (b) Taihu pigs at 5 month.

Fig. 3. Developmental changes in body weight, CSA and IMF content.
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Table 2
Results of ANOVAa, GCTb and STEM clusteringc

ID Gene name/gene-group description Gene symbol P1 P2 P3 P4 Cluster ID

(a) Enzymes and regulatory proteins related to lipid and steroid metabolism

PErmineJ (na = 25) 1.000 0.460 0.730 1.000
1 Acetyl-CoA acyltransferase 1 ACAA 0.072 0.035 0.269 0.088 10|10
2 Acyl-CoA dehydrogenase, long chain ACADL 0.409 0.038 0.219 0.147 1|5
3 Acyl-CoA dehydrogenase, C-4 to C-12 straight chain ACADM 0.686 0.060 0.086 0.564 3|3
4 Acyl-CoA dehydrogenase, C-2 to C-3 short chain ACADS 0.598 0.346 0.401 0.613 n
5 Acyl-CoA dehydrogenase, short/branched chain ACADSB 0.439 0.174 0.012 0.632 3|2
6 Angiopoietin-like 4 ANGPTL4 0.119 0.084 0.086 0.086 0|10
7 3-Hydroxybutyrate dehydrogenase, type 2 BDH2 0.066 0.105 0.215 0.512 n
8 Carnitine palmitoyl transferase 1B (muscle) CPT1B 0.598 0.290 0.120 0.564 n
9 Crystallink1 CRY 0.356 0.250 0.471 0.165 1|9

10 Dodecenoyl-CoA d isomerase DCI 0.244 0.006 0.018 0.280 3|3
11 Diacylglycerol O-acyltransferase DGAT 0.598 0.004 0.147 0.089 7|7
12 Dehydrogenase/reductase (SDR family) 3 DHRS3 0.478 0.258 0.046 0.104 4|10
13 Enoyl-CoA hydratase 1, peroxisoma 1 ECH1 0.598 0.011 0.005 0.150 2|2
14 Enoyl CoA hydratase, short chain, 1, mitochondrial ECHS1 0.075 0.034 0.046 0.548 2|2
15 Hydroxyacyl-CoA dehydrogenase HAD 0.598 0.188 0.194 0.564 n
16 Hydroxyacyl-CoA dehydrogenase/3- ketoacyl-CoA thiolase/enoyl-CoA

hydratase, a subunit
HADHA 0.119 0.022 0.029 0.564 3|2

17 Hydroxysteroid (17b) dehydrogenase 4 HSD17B4 0.385 0.059 0.070 0.541 n
18 Hydroxyacyl-CoA dehydrogenase/3-ketoacyl-CoA thiolase/enoyl-CoA

hydratase, b subunit
HADHB 0.461 0.015 0.029 0.337 2|2

19 Hormone-sensitive lipase LIPE 0.232 0.188 0.326 0.281 9|2
20 Propionyl-CoA carboxylase, b polypeptide PCCB 0.457 0.003 0.024 0.086 7|7
21 Phospholipase D2 PLD2 0.059 0.003 0.012 0.127 10|10
22 Aphosphatidic acid phosphatase type 2A PPAP2A 0.598 0.175 0.317 0.341 3|7
23 Peroxisome proliferative activated receptor, c, coactivator 1, a PPARGC-1 0.119 0.001 0.003 0.078 2|2
24 Peroxiredoxin 6 PRDX6 0.449 0.042 0.219 0.212 3|3
25 Sterol-C4-methyl oxidase-like SC4MOL 0.598 0.306 0.207 0.537 0|7

(b) Enzymes and regulatory proteins related to proteolysis

PErmineJ (nb = 6) 0.640 0.880 0.800 0.957
26 Calpain 2, (m/II) large subunit CAPN2 0.461 0.185 0.332 0.537 3|9
27 Calpain 3, (p94) CAPN3 0.612 0.400 0.437 0.564 n
28 Calpain, small subunit 1 CAPNS1 0.570 0.162 0.187 0.618 10|5
29 Cystatin B (stefin B) CSTB 0.059 0.119 0.048 0.602 2|1
30 Cathepsin D CTSD 0.600 0.046 0.079 0.281 10|10
31 Cathepsin L2 CTSL2 0.598 0.022 0.082 0.137 3|3

(c) Enzymes related to glucose metabolism

PErmineJ (nc = 5) 0.730 0.002 0.000 0.096
32 Enolase 3b ENO3 0.399 0.331 0.445 0.521 n
33 Glycerol-3-phosphate dehydrogenase 1 GPD1 0.119 0.000 0.000 0.044 7|7
34 Lactate dehydrogenase A LDHA 0.259 0.000 0.002 0.004 7|7
35 Lactate dehydrogenase B LDHB 0.338 0.006 0.041 0.147 2|2
36 UDP-glucose pyrophosphorylase 2 UGP2 0.244 0.003 0.009 0.086 2|2

(d) Enzymes related to glucose biosynthesis

PErmineJ (nd = 2) 0.890 0.310 0.859 0.875
37 Glycogen synthase 1 (muscle) GYS1 0.598 0.142 0.376 0.290 0|2
38 Phosphoglucomutase 1 PGM1 0.478 0.000 0.007 0.028 10|10

(e) Enzymes related to fatty acid biosynthesis

PErmineJ (ne = 10) 0.510 0.040 0.001 1.000
39 Protein kinase, AMP activated, a2 catalytic subunit AMPKA2 0.598 0.003 0.007 0.120 7|7
40 Dynactin 6 DCTN6 0.148 0.208 0.246 0.564 n
41 Isocitrate dehydrogenase 2 (NADP+) IDH2 0.075 0.107 0.162 0.564 3|3
42 Lipoprotein lipase LPL 0.072 0.042 0.248 0.044 3|6
43 Malate dehydrogenase 1, NAD (soluble) MDH1 0.119 0.084 0.164 0.541 3|2
44 Malate dehydrogenase 2,NAD(mitochondrial) MDH2 0.627 0.090 0.345 0.281 0|2
45 Malic enzyme 1, NADP(+)-dependent ME1 0.437 0.138 0.043 0.078 7|6
46 NADH dehydrogenase 1, a/b subcomplex, 1, 8 kDa NDUFAB1 0.598 0.133 0.332 0.487 3|3
47 Phosphogluconate dehydrogenase PGD 0.686 0.034 0.007 0.104 7|5
48 Triosephosphate isomerase 1 TPI1 0.338 0.000 0.000 0.004 7|7
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Table 2 (continued)

ID Gene name/gene-group description Gene symbol P1 P2 P3 P4 Cluster ID

(f) Binding proteins and transfer proteins related to fatty acid transport

PErmineJ (nf = 8) 0.600 0.690 0.942 0.836
49 Adipose differentiation related protein ADRP 0.598 0.018 0.005 0.044 2|3
50 Apolipoprotein A-II APOA2 0.072 0.367 0.187 0.564 10|3
51 Caveolin 1, caveolae protein, 22 kDa CAV1 0.075 0.317 0.437 0.548 n
52 Fatty acid-binding protein 3, muscle and heart FABP3 0.153 0.003 0.018 0.078 0|2
53 Fatty acid-binding protein 4, adipocyte FABP4 0.598 0.385 0.065 0.104 2|6
54 Heat-shock protein 90 kDa b (Grp94), 1 HSP90B1 0.598 0.142 0.274 0.352 9|7
55 Uncoupling protein 2 UCP2 0.119 0.035 0.322 0.150 8|8
56 Uncoupling protein 3 UCP3 0.439 0.004 0.029 0.083 8|2

(g) Transcription factors related to adipocyte differentiation

PErmineJ (ng = 2) 0.890 0.840 0.873 0.888
57 Adipocyte determination and differentiation factor 1 ADD1 0.075 0.148 0.067 0.637 5|1
58 CCAAT/enhancer-binding protein d CEBPD 0.075 0.017 0.067 0.104 7|10

(h) Regulatory factors of somatotropic axis

PErmineJ (nh = 5) 1.000 0.33 0.677 1.000
59 Growth hormone receptor GHR 0.119 0.023 0.099 0.150 9|3
60 Insulin-like growth factor receptor 2 IGF1R 0.072 0.138 0.186 0.564 10|10
61 Insulin-like growth factor 2 IGF2 0.463 0.003 0.018 0.104 2|2
62 Insulin-like growth factor binding protein 2 IGFBP2 0.259 0.036 0.099 0.137 2|2
63 Insulin-like growth factor-binding protein 5 IGFBP5 0.479 0.003 0.023 0.044 6|7

(i) Myogenic determination factors (MDFs)

PErmineJ (ni = 10) 0.570 0.67 0.674 0.757
64 Cysteine and glycine-rich protein 3 (cardiac LIM protein) CSRP3 0.600 0.003 0.000 0.002 3|2
65 Four and a half LIM domains 1 FHL1C 0.598 0.022 0.033 0.324 3|2
66 Four and a half LIM domains 2 FHL3 0.120 0.099 0.055 0.281 7|3
67 Growth differentiation factor 8 GDF8 0.409 0.026 0.007 0.337 6|7
68 Myocyte enhancer factor 2A MEF2A 0.237 0.051 0.074 0.564 0|4
69 Myocyte enhancer factor 2B MEF2B 0.598 0.189 0.497 0.212 8|7
70 Myocyte enhancer factor 2C MEF2C 0.598 0.156 0.042 0.147 0|1
71 Myogenin (myogenic factor 4) MYOG 0.072 0.317 0.276 0.645 n
72 Transforming growth factor b2 TGFB2 0.439 0.006 0.018 0.137 7|1
73 Transforming growth factor b3 TGFB3 0.153 0.119 0.346 0.212 6|0

(j) Enzymes, regulatory proteins and binding proteins related to skeletal muscle fiber development and growth

PErmineJ (nj = 18) 0.560 0.670 0.698 0.728
74 Actin a1, skeletal muscle ACTA1 0.259 0.358 0.284 0.341 n
75 Actin-related protein 2/3 complex, subunit 3, 21 kDa ARPC3 0.461 0.074 0.034 0.548 n
76 Actin-related protein 2/3 complex, subunit 5, 16 kDa ARPC5 0.755 0.003 0.007 0.092 2|1
77 Ferritin, heavy polypeptide 1 FTH1 0.570 0.078 0.344 0.341 3|2
78 Heparin-binding EGF-like growth factor HBEGF 0.623 0.231 0.007 0.089 7|5
79 Histone deacetylase 5 HDAC5 0.119 0.207 0.390 0.132 6|7
80 Gelsolin (amyloidosis) LOC396874 0.119 0.034 0.065 0.089 7|10
81 Myoglobin MB 0.119 0.000 0.007 0.044 7|7
82 Myotrophin MTPN 0.148 0.104 0.029 0.644 10|8
83 Myosin heavy chain 2A MYH2A 0.751 0.185 0.001 0.044 1|2
84 Myosin heavy chain 2B MYH2B 0.702 0.022 0.131 0.137 7|10
85 Myosin heavy polypeptide 7, cardiac muscle, b MYH7 0.598 0.142 0.479 0.28 n
86 Myosin light polypeptide 1 MYL1 0.724 0.201 0.493 0.521 n
87 Ryanodine receptor 1 (skeletal) RYR1 0.153 0.003 0.015 0.078 7|10
88 Sirtuin 2 SIRT2 0.099 0.135 0.284 0.564 n
89 Titin-cap (telethonin) TCAP 0.512 0.059 0.269 0.318 3|3
90 Troponin I type 1 TNNI1 0.399 0.133 0.09 0.613 9|8
91 Titin TTN 0.439 0.107 0.015 0.637 7|10

(k) Adipocytokines and receptors

PErmineJ (nk = 3) 0.590 0.990 0.869 0.975
92 Adiponectin receptor 2 ADIPOR2 0.598 0.424 0.298 0.613 10|4
93 Resistin RETN 0.072 0.239 0.086 0.644 10|0
94 Tumor necrosis factor receptor superfamily, member 1A TNFRSF1A 0.749 0.311 0.346 0.564 3|4

(continued on next page)
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of 0, �1, �2, �3, �4 and �5. Expression pattern 7 of the
two pig breeds represented genes which were strongly up-
regulated from birth to 5 months; the trendline of the log
of the expression change ratio over all stages fitted a
straight line of 0, 1, 2, 3, 4 and 5.

3.4. GRN of time-series data (DBN model)

The complex relationships among genes related to mus-
cle growth and adipose deposition in porcine longissimus

dorsi muscle were inferred using a DBN model. The recon-
structed sub-network for Landrace pigs included 66 nodes
that represented corresponding genes (Fig. 5(a)). Of these,
as a leading parent node, PPARGC-1 directly regulated
ADD1, IGF2, UCP2 and UCP3. As leading child nodes,
UCP3 and UGP2 were directly regulated by 19 and 23
genes, respectively. The reconstructed sub-network for Tai-
hu pigs consisted of 65 nodes (Fig. 5(b)). Of these, as lead-
ing parent nodes, CSRP3 directly regulated LPL, TTN and
UCP3, and DCI directly regulated ARPC5, CYB5 and
IGF2. As leading child nodes,UGP2, TTN and UCP3 were
directly regulated by 9, 15 and 30 genes, respectively.

3.5. Validation of microarray data by QRT-PCR

QRT-PCR, a more sensitive and specific measure of
gene expression, was performed to determine the reliability
of the microarrays. In total, eight well-established and rel-
evant genes were selected to be tested by QRT-PCR. The
average Pearson’s correlation coefficient between micro-
array and QRT-PCR expression data over all growth
stages within each pig breed was 0.876 ± 0.095 (Table 3).

4. Discussion

Our results indicated that Landrace pigs had higher
body weight and CSA and lower IMF content than Taihu
pigs at the same growth stage. These results can be
explained by the idea that skeletal muscle grows more rap-
idly, but IMF deposits more slowly in Landrace than Taihu
pigs, which consist with their distinct breeding characteris-
tics [3].

It is important to note that the ANOVA based on an
empirical Bayes test generates five kinds of P values: a tab-
ulated P value based on assuming an F distribution, an
FDR-adjusted tabulated P value, a nominal permutation
P value, an FDR-adjusted permutation P value, and a fam-
ily-wise error rate (FWER) one-step adjusted P value [23].
Both Allsion et al. [24] and Yang et al. [25] suggested that
the FDR-adjusted permutation P value should be adopted
first; however an FDR-adjusted permutation P value is
excessively restrictive, and biologists should consider other
P values based on the actual demands of their research.
Using FDR-adjusted permutation P values, we found that
no gene was significantly altered between Landrace and
Taihu pigs across six growth stages (P > 0.05). However,
there were 10 genes that showed differential expression at
P < 0.01 and 19 genes at P < 0.05 between the two pig
breeds over all growth stages using a nominal permutation
P value. We still exclusively used an FDR-adjusted permu-
tation P value to highlight interesting genes, because the
ranking of genes based on their variational degrees was
almost uniform among the five kinds of P values, and
our goal in this study was to find potential key genes with
dramatic variation. Also, the GCT analysis provides addi-
tional statistical support to the findings and can improve
the sensitivity of the analysis by statistically evaluating
genes in biologically meaningful groups instead of individ-
ually. A low PErmineJ value for a gene-group does not imply
that all genes in the group show significantly altered expres-
sion. The rationale for including genes displaying subtle
alterations in expression levels is based on the concept that
such genes may be highly relevant to the biological func-
tions of the different experimental conditions when viewed
in the larger context of interacting genes. Genes not
selected as differentially expressed might still have a posi-
tive impact on the gene-group; thus, this approach pre-
serves information contained in the PErmineJ.

The results of ANOVA indicated that 40 genes in Land-
race pigs (18 genes at P < 0.01 and 22 genes at P < 0.05)
showed differential expression during the period from birth
to 5 months. However, only 10 genes in Taihu pigs showed
differential expression (three genes at P < 0.01 and seven
genes at P < 0.05) during this important phase of pig devel-

Table 2 (continued)

ID Gene name/gene-group description Gene symbol P1 P2 P3 P4 Cluster ID

(l) Others

PErmineJ (nl = 5) 0.870 0.660 0.530 1
95 Adenosine monophosphate deaminase 1 AMPD1 0.119 0.003 0.000 0.089 7|7
96 Connective tissue growth factor CTGF 0.598 0.082 0.009 0.058 3|7
97 Cytochrome b5 type A (microsomal) CYB5A 0.075 0.011 0.062 0.165 10|7
98 Cytochrome P450, family 2, subfamily E, polypeptide 1 CYP2E1 0.072 0.148 0.180 0.564 2|3
99 Translationally controlled tumor protein TCTP 0.244 0.280 0.469 0.564 n

a P1, P2, P3 and P4 are FDR-adjusted permutation P values from the tests of breed effect across time, time effect across breeds, time effect in Landrace
and time effect in Taihu pigs, respectively.

b PErmineJ is the Benjamini–Hochberg FDR-corrected P value based on GCT analysis, and ‘‘n” denotes the gene number for each gene-group.
c Expression pattern ID denotes the corresponding number of the specific STEM profile (Landrace | Taihu pig) (Fig. 4). Filtered genes are marked with a

backslash (n).

394 M. Li et al. / Progress in Natural Science 18 (2008) 387–399



opment. These findings suggest that the metabolism in lon-
gissimus dorsi muscle is more active in Landrace pigs than
in Taihu pigs, which is consistent with the fact that the
growth rate of skeletal muscle is higher in Landrace than
in Taihu pigs. The results also indicate that these genes
may be subject to special regulation and exhibit dramatic
expression changes according to their particular biological
functions at different developmental stages. Eighteen genes
in Landrace pigs showed very significant differences in
expression among six growth stages (P < 0.01); of these
genes, CSRP3, LDHA and TPI1 were very significantly dif-
ferent in Taihu pigs (P < 0.01). A multitude of studies have
proven ADRP, AMPKA2, ARPC5, CSRP3, CTGF, GDF8,
MB, MYH2A and PPARGC-1 to have an important influ-
ence on porcine carcass characteristics and meat quality.
However, there is little information available in the litera-
ture about the relationship between the remaining nine
genes (AMPD1, ECH1, GPD1, HBEGF, LDHA, PGD,
PGM1, TPI1 and UGP2) and economically relevant por-
cine traits. Further work may be needed to definitely deter-
mine the effects of above genes on the phenotypes of
porcine skeletal muscle and adipose tissue, because the

functions of these genes are closely associated with cell
growth regulation and fatty acid biosynthesis. It is note-
worthy that the main function of AMPD1 is to catalyze
the deamination of adenosine monophosphate (AMP) into
inosine monophosphate (IMP) [26]. At present, it is univer-
sally thought that IMP is favorable for pork flavor forma-
tion and development, because an abundant, delicate pork
flavor is released by heating IMP in water or fat. But Tikk
et al. [27] reported that hypoxanthine (HX), produced by
dephosphorylation of IMP, caused the bitterness and salt-
iness of pork juice to increase in intensity. Moreover, high-
pH (pH >5.7) pork had a significantly higher concentration
of HX throughout storage compared with low-pH
(5.5 < pH < 5.6) pork, due to an initially higher concentra-
tion of IMP in high-pH meat. These researchers suggested
that degradation of IMP to HX might thereby unfavorably
influence pork flavor. Stratil et al. [28] reported the EST
(1323 bp) sequence for the porcine AMPD1 gene and
mapped it to chromosome 4. Strikingly, many other micro-
satellite markers, quantitative trait loci (QTL) and func-
tional genes associated with porcine economic traits, such
as IMF content, backfat thickness, longissimus dorsi muscle

Fig. 4. STEM clustering profiles for Landrace (a) and Taihu (b) pigs. The dashed line indicates no change in expression among different stages. The
number in the top left corner of each square is the expression pattern ID. The black, bold lines in the squares are the trendlines of the expression patterns,
and the gray lines represent the variational expression of genes from 0 to 5 months. P value is the corrected P value obtained from MHT.
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area and lean meat percentage in the carcass, were also
located in close proximity on the chromosome. Up to
now, related research has mainly focused on the impact
of the AMPD1 gene in poultry (chicken) and fish; relatively
little knowledge relevant to pigs was available. We tenta-
tively suggest that, as a possible candidate gene affecting
pork quality, AMPD1 is worth studying intensively.

On the basis of the strict criteria of GCT, though expres-
sion levels of three gene-groups (group ‘‘e”, ‘‘i” and ‘‘j”)
were not significantly altered during the period from birth
to 5 months within each pig breed (Table 2), these groups
contained 38 genes which accounted for 38.00% of the total
of 99 genes, and the groups’ corresponding PErmineJ values
were the three lowest PErmineJ values. Group ‘‘e” consisted
of 10 genes for enzymes related to fatty acid biosynthesis,
Group ‘‘i” consisted of 10 myogenic determination factors

(MDFs), and Group ‘‘j” consisted of 18 genes encoding
enzymes, regulatory proteins and binding proteins associ-
ated with skeletal muscle fiber development and growth.
These findings suggest that the distinct differences in fat-
deposition ability, muscle-fiber number and growth rate
between Landrace and Taihu pigs may closely correlate
with the expression changes of these genes.

Most popular clustering algorithms – such as hierarchi-
cal clustering [29], k-means clustering [30] and self-organiz-
ing maps [31] – are less appropriate for time-series data,
because they do not take into account the sequential nature
of time-series expression. To our knowledge, only three
software packages which implement algorithms that take
advantage of the temporal dependency of time points are
available for clustering time-series gene expression. These
software packages are the STEM, the Graphical Query

Fig. 5. Regulatory networks of genes associated with muscle growth and adipose deposition in Landrace (a) and Taihu (b) pigs. Each straight arrow, from
tail to head, indicates a parent-node-to-child-node relationship and the circular arrows represent self-regulation.
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Language (GQL) [32] and the Cluster Analysis of Gene
Expression Dynamics (CAGED) [33]. Among these, only
STEM is designed specifically for the analysis of short
time-series data (3–8 time points). The unique algorithm
of STEM works by assigning genes to a predefined set of
model profiles that capture the potential, distinct patterns
that can be expected from the experiment [34]. By compar-
ing different expression patterns between the two pig
breeds, we found that expression pattern 3 included 18
genes in Landrace pigs (P < 0.01) and only 12 genes in Tai-
hu pigs (P = 0.11). This pattern represented genes that
were first down-regulated (0–2 months), then remained at
steady expression levels (2–3 months), and lastly were up-
regulated (3–5 months). These findings may be due to the
fact that the postnatal pig comes under strong stresses from
the changes in environment and nutrient levels, resulting in
the gradual down-regulation of genes related to muscle
growth and adipose deposition in longissimus dorsi muscle.
After this adaptation phase, the expression levels of these
genes begin to recover. Moreover, these findings also indi-
cate that the gene expression profile in longissimus dorsi
muscle of Landrace pigs is more active than that in Taihu
pigs, which is consistent with previous results. Expression
patterns 2 and 3 were the predominant temporal expression
patterns of both pig breeds. Expression pattern 2 included
13 genes in Landrace pigs (P = 0.07) and 20 genes in Taihu
pigs (P < 0.01), and expression pattern 7 included 18 genes
in Landrace pigs (P < 0.01) and 17 genes in Taihu pigs
(P < 0.01). Interestingly, genes with expression pattern 2
exhibited down-regulation, while, in contrast, genes with
expression pattern 7 exhibited up-regulation. By classifying
genes with these two expression patterns based on the
genes’ biological functions, we found that most genes with
expression pattern 2 were linked to the inhibition of cell
proliferation and the positive regulation of fatty acid b-oxi-
dation, and most genes with expression pattern 7 were
linked to the positive regulation of myofiber formation
and fatty acid biosynthesis. These findings indicate that
the transcript abundance of a gene changes constantly
according to its main biological function at different
growth stages. Expression levels of genes which could pro-
mote cell growth rise with an accompanying increase in
CSA and body weight, and expression levels of genes which

could accelerate energy consumption fall with an accompa-
nying elevation in IMF content.

Generally speaking, a common rationale for using clus-
tering algorithms is ‘‘guilt-by-association”: if gene expres-
sion patterns are similar, then the genes are likely to
share a similar biological function [35]. But as an explor-
atory method for knowledge discovery, clustering analysis
has a certain limitation [36]. In practice, co-expression of
genes of known function with poorly characterized or
novel genes may provide a simple means of gaining leads
to the functions of many genes for which information is
not currently available. So in this study, we did not predict
idiographic functions of genes, just explained the expres-
sion changes of genes which may be subject to special reg-
ulation and suggested that these genes are worth studying
further.

There were great discrepancies between the GRNs of the
two pig breeds, an observation which initially reveals the
dissimilar molecular basis for adipose tissue traits and meat
production traits in lean Landrace versus fatty Taihu pigs.
It is noteworthy that PPARGC-1 not only showed signifi-
cantly altered expression among six growth stages
(P < 0.01) that correspond with Erkens’s reports [20], but
also was a primary leading parent node of a GRN in Land-
race pigs. PPARGC-1 influences the expression of many
genes through a whole range of nuclear hormone receptors
and other transcription factors, such as the peroxisome
proliferative activated receptors (PPAR a, b and c),
nuclear respiratory factors and the thyroid hormone recep-
tor [37]. PPARGC-1 plays an important role in adipogene-
sis and adipocyte differentiation [38], mitochondrial
biogenesis and respiration [39], and hepatic gluconeogene-
sis [40]. This means that the gene is involved in adaptive
thermogenesis, fat metabolism and energy homeostasis
[41]. The gene’s expression is higher in muscles that contain
more oxidative fiber, and it has been shown that PPARGC-

1 is an important factor in determining fiber type in that
this gene enhances the number of oxidative muscle fibers
[42]. Also, other candidate genes for meat quality like glu-
cose transporter 4 (GLUT4) are regulated by PPARGC-1

[43]. Jacobs et al. [44] already described the porcine
PPARGC-1 coding sequence and discovered several poly-
morphisms, of which at least one was significantly associ-
ated with backfat. In humans, PPARGC-1 has been
thoroughly investigated, especially in the search for possi-
ble future therapies, because of the gene’s presumed role
in the obesity pandemic and correlated diseases like type
II diabetes mellitus and cardiovascular complications
[45]. In the pig, however, very little is known about
PPARGC-1 although it has a great potential economic
impact. Because of the strong genetic resemblance between
pig and man, the information gained about porcine
PPARGC-1 could be useful in human research, as well
[46]. All these functions and the fact that a QTL for leaf
fat weight in the pig has already been located in the chro-
mosomal region to which PPARGC-1 was mapped [44]
illustrate that PPARGC-1 may be a very promising

Table 3
Correlation test of measured gene expression changes between microarray
and QRT-PCR

Gene symbol Breed Pearson correlation coefficient P value

IGF-II Landrace 0.895 0.016
Taihu 0.976 <0.001

IGFR1 Landrace 0.851 0.032
Taihu 0.929 0.007

IGFBP5 Landrace 0.895 0.016
Taihu 0.965 0.002

PPARGC-1 Landrace 0.754 0.083
Taihu 0.980 <0.001

RYR1 Landrace 0.708 0.116
Taihu 0.804 0.054
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candidate gene with regard to meat quality. Moreover, the
two GRNs showed definitely that UCP3 and UGP2 were
the primary leading child nodes regulated by many other
genes; UCP3 and UGP2 may play important roles in the
networks. As an important candidate gene for meat quality
and carcass traits, UCP3 essentially encodes a mitochon-
drial anion carrier protein with highly selective expression
in skeletal muscle and has a number of proposed roles in
the regulation of fatty acid metabolism, protecting against
obesity and reactive oxygen species (ROS) accumulation
[47]. UGP2 performs a key function in carbohydrate
metabolism, catalyzing the reversible production of uridine
diphosphate glucose (UDPG) and pyrophosphate (PPi)
from glucose-1-phosphate (Glc-1-P) and uridine triphos-
phate (UTP) [48]. In the pig, very little is known about
UGP2, and further studies are required to directly investi-
gate the relationship between UGP2 and economically rel-
evant porcine traits.

It should especially be mentioned that a GRN inferred
from time-series data based on reverse engineering technol-
ogy has a certain fuzziness because of the inherent limitation
of the algorithm and the incoming randomness during the
processes of gene selection and data sampling. But as a ten-
tative exploration, GRNs can help us to understand the reg-
ulatory relationships of genes at the system level and identify
the potentially key genes. In addition, the QRT-PCR results
confirmed the microarray results for all selected genes, dem-
onstrating that the microarray technique used in this study is
accurate and reproducible [49].

The advancement of microarray technology greatly aids
discovery-based research by allowing investigators to
obtain a snapshot of the expression of an entire genome
[24]. However, many researchers only wish to focus on a
specific biological pathway or one gene family and do not
necessarily need to examine the entire complement of
expressed genes all at once. Examining roughly only one
hundred genes instead of thousands at one time yields less
data which are not nearly as overwhelming to interpret.
With the aid of literature surveying through search engines
(such as Pubmed and GOPubmed) and database searching
via online resources (such as OMIM, Biocarta, GO,
KEGG, HUGO and PROSITE), researchers can define a
set of favorite genes and design pathway-focused micro-
arrays. This knowledge-based design merges the benefits
of hypothesis-driven and discovery-based research, allow-
ing researchers to better characterize the biological system
at hand and answer more specific questions in a systematic
fashion.

Employing this approach, we investigated differential
gene expression using a self-designed, pathway-focused
microarray which included 140 genes that had been previ-
ously identified or were potentially important to porcine
muscle growth and adipose deposition. The present study
provides a rich, new information resource that increases
our understanding of the molecular mechanisms underly-
ing porcine skeletal muscle growth and fat deposition.
Although most biological activities are performed by pro-

teins, we have focused only on mRNA expression levels
in skeletal muscle. Therefore, details about protein levels
would be helpful for understanding these issues.

Acknowledgments

This work was supported by Program for Changjiang
Scholars and Innovative Research Team in University of
Chinese Ministry of Education (Grant No. IRT0555-6),
Specialized Research Fund for the Doctoral Program of
Higher Education of China (Grant No. 20060626003), Ma-
jor Project of the Natural Scientific Research Fund of Sich-
uan Province (Grant No. 2006D004) and Youth Fund of
Sichuan Province (Grant No. 2006B004).

References

[1] Suzuki K, Ishida M, Kadowaki H, et al. Genetic correlations among
fatty acid compositions in different sites of fat tissues, meat
production, and meat quality traits in Duroc pigs. J Anim Sci
2006;84(8):2026–34.

[2] Plastow GS, Carrión D, Gil M, et al. Quality pork genes and meat
production. Meat Sci 2005;70(3):409–21.

[3] Editorial Committee of ‘‘Pig Breeds in China”. Pig breeds in China.
Shanghai: Scientific & Technical Publishers Press; 1986. p. 155–60 [in
Chinese].

[4] Khatri P, Bhavsar P, Bawa G, et al. Onto-Tools: an ensemble of web-
accessible, ontology-based tools for the functional design and
interpretation of high-throughput gene expression experiments.
Nucleic Acids Res 2004;32(Web Server issue):W449–56.

[5] Doms A, Schroeder M. GoPubMed: exploring PubMed with the
Gene Ontology. Nucleic Acids Res 2005;33(Web Server issue):
W783–6.

[6] Yang YH, Speed T. Design issues for cDNA microarray experiments.
Nat Rev Genet 2002;3(8):579–88.

[7] Churchill GA. Fundamentals of experimental design for cDNA
microarrays. Nat Genet 2002;32(Suppl.):490–5.

[8] Yang YH, Dudoit S, Luu P, et al. Normalization for cDNA
microarray data: a robust composite method addressing single and
multiple slide systematic variation. Nucleic Acids Res
2002;30(4):15–24.

[9] Xia X, McClelland M, Wang Y. WebArray: an online platform for
microarray data analysis. BMC Bioinform 2005;6:306–11.

[10] Smyth GK, Michaud J, Scott HS. Use of within-array replicate spots
for assessing differential expression in microarray experiments.
Bioinformatics 2005;21(9):2067–75.

[11] Troyanskaya O, Cantor M, Sherlock G, et al. Missing value
estimation methods for DNA microarrays. Bioinformatics
2001;17(6):520–5.

[12] Wolfinger RD, Gibson G, Wolfinger ED, et al. Assessing gene
significance from cDNA microarray expression data via mixed
models. J Comput Biol 2001;8(6):625–37.

[13] Cui X, Hwang JT, Qiu J, et al. Improved statistical tests for
differential gene expression by shrinking variance components esti-
mates. Biostatistics 2005;6(1):59–75.

[14] Lee HK, Braynen W, Keshav K, et al. ErmineJ: tool for functional
analysis of gene expression data sets. BMC Bioinform 2005;6:269–76.

[15] Ernst J, Bar-Joseph Z. STEM: a tool for the analysis of short time
series gene expression data. BMC Bioinform 2006;7:191–201.

[16] Wu CC, Huang HC, Juan HF, et al. GeneNetwork: an interactive
tool for reconstruction of genetic networks using microarray data.
Bioinformatics 2004;20(18):3691–3.

[17] Levine M, Davidson EH. Gene regulatory networks for development.
Proc Natl Acad Sci USA 2005;102(14):4936–42.

398 M. Li et al. / Progress in Natural Science 18 (2008) 387–399



[18] Geier F, Timmer J, Fleck C. Reconstructing gene-regulatory
networks from time series, knock-out data, and prior knowledge.
BMC Syst Biol 2007;1:11–26.

[19] Dojer N, Gambin A, Mizera A, et al. Applying dynamic Bayesian
networks to perturbed gene expression data. BMC Bioinform
2006;7:249–59.

[20] Erkens T, Van Poucke M, Vandesompele J, et al. Development of a
new set of reference genes for normalization of real-time RT-PCR
data of porcine backfat and longissimus dorsi muscle, and evaluation
with PPARGC1A. BMC Biotechnol 2006;6:41–8.

[21] Chuaqui RF, Bonner RF, Best CJ, et al. Post-analysis follow-up and
validation of microarray experiments. Nat Genet 2002;32(Suppl.):
509–14.

[22] Vandesompele J, De Preter K, Pattyn F, et al. Accurate normaliza-
tion of real-time quantitative RT-PCR data by geometric averaging
of multiple internal control genes. Genome Biol 2002;3(7):34–45.

[23] Datta S, Datta S. Empirical Bayes screening of many P-values with
applications to microarray studies. Bioinformatics
2005;21(9):1987–94.

[24] Allison DB, Cui X, Page GP, et al. Microarray data analysis: from
disarray to consolidation and consensus. Nat Rev Genet
2006;7(1):55–65.

[25] Yang H, Churchill G. Estimating P-values in small microarray
experiments. Bioinformatics 2007;23(1):38–43.

[26] Hancock CR, Brault JJ, Terjung RL. Protecting the cellular energy
state during contractions: role of AMP deaminase. Physiol Pharma-
col 2006;57(Suppl. 10):17–29.

[27] Tikk M, Tikk K, Tørngren MA, et al. Development of inosine
monophosphate and its degradation products during aging of pork of
different qualities in relation to basic taste and retronasal flavor
perception of the meat. J Agric Food Chem 2006;54(20):7769–77.

[28] Stratil A, Knoll A, Moser G, et al. The porcine adenosine
monophosphate deaminase 1 (AMPD1) gene maps to chromosome
4. Anim Genet 2000;31(2):147–8.

[29] Eisen MB, Spellman PT, Brown PO, et al. Cluster analysis and
display of genome-wide expression patterns. Proc Natl Acad Sci USA
1998;95(25):14863–8.

[30] Tavazoie S, Hughes JD, Campbell MJ, et al. Systematic determina-
tion of genetic network architecture. Nat Genet 1999;22(3):281–5.

[31] Tamayo P, Slonim D, Mesirov J, et al. Interpreting patterns of gene
expression with self organizing maps: methods and applications to
hematopoietic differentiation. Proc Natl Acad Sci USA
1999;96(6):2907–12.

[32] Costa IG, Schönhuth A, Schliep A. The Graphical Query Language:
a tool for analysis of gene expression time-courses. Bioinformatics
2005;21(10):2544–5.

[33] Ramoni MF, Sebastiani P, Kohane IS. Cluster analysis of gene
expression dynamics. Proc Natl Acad Sci USA 2002;99(14):
9121–6.

[34] Ernst J, Nau GJ, Bar-Joseph Z. Clustering short time series gene
expression data. Bioinformatics 2005;21(Suppl. 1):159–68.

[35] Walker MG, Volkmuth W, Sprinzak E, et al. Prediction of gene
function by genome-scale expression analysis: prostate cancer-asso-
ciated genes. Genome Res 1999;9(12):1198–203.

[36] Clare A, King RD. How well do we understand the clusters found in
microarray data? In Silico Biol 2002;2(4):511–22.

[37] Oberkofler H, Esterbauer H, Linnemayr V, et al. Peroxisome
proliferator-activated receptor (PPAR) gamma coactivator-1 recruit-
ment regulates PPAR subtype specificity. J Biol Chem 2002;277(19):
16750–7.

[38] Spiegelman BM, Puigserver P, Wu Z. Regulation of adipogenesis and
energy balance by PPAR gamma and PGC-1. Int J Obes
2000;24(Suppl. 4):8–10.

[39] Wu Z, Puigserver P, Andersson U, et al. Mechanisms controlling
mitochondrial biogenesis and respiration through the thermogenic
coactivator PGC-1. Cell 1999;98(1):115–24.

[40] Yoon JC, Puigserver P, Chen G, et al. Control of hepatic gluconeo-
genesis through the transcriptional coactivator PGC-1. Nature
2001;413(6852):131–8.

[41] Puigserver P, Wu Z, Park CW, et al. A cold-inducible coactivator of
nuclear receptors linked to adaptive thermogenesis. Cell
1998;92(6):829–39.

[42] Lin J, Wu H, Tarr PT, et al. Transcriptional co-activator PGC-1

alpha drives the formation of slow-twitch muscle fibres. Nature
2002;418(6899):797–801.

[43] Michael LF, Wu Z, Cheatham RB, et al. Restoration of insulin-
sensitive glucose transporter (GLUT4) gene expression in muscle cells
by the transcriptional coactivator PGC-1. Proc Natl Acad Sci USA
2001;98(7):3820–5.

[44] Jacobs K, Rohrer G, Van Poucke M, et al. Porcine PPARGC1A

(peroxisome proliferative activated receptor gamma coactivator 1A):
coding sequence, genomic organization, polymorphisms and map-
ping. Cytogenet Genome Res 2006;112(1–2):106–13.

[45] Yoon JC, Xu G, Deeney JT, et al. Suppression of beta cell energy
metabolism and insulin release by PGC-1 alpha. Dev Cell
2003;5(1):73–83.

[46] Wernersson R, Schierup MH, Jørgensen FG, et al. Pigs in sequence
space: a 0.66X coverage pig genome survey based on shotgun
sequencing. BMC Genomics 2005;6(1):70–7.
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