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Introduction:
This project aims to study interactions between genetic and environmental factors in a viable
system - human fibroblasts. Fibroblasts obtained from scleroderma (SSc) patients have a profibrotic
nature that suggests a possibility of a dysregulation of biological function in the cells. On the other
hand, SSc occurs in genetically susceptible individuals. A SSc susceptible genetic background may
be more vulnerable to environmental triggers, such as silica – a potential SSc trigger. Studies of
biological functions of fibroblasts with and without SSc susceptible backgrounds in response to
potential environmental triggers will provide a great opportunity to understand etiopathogenesis of
SSc.
Body:
There are two specific aims proposed in original proposal: 1) To determine whether human
fibroblasts with genetic backgrounds for SSc susceptibility are more sensitive to SSc risk particles
particularly silica particles. 2) To determine which specific pathways are triggered by risk elements.
During this grant funding period, we have been following these aims in the studies.
A. Establishment of individual fibroblast strains: For specific aim 1, we have established
fibroblast strains of 102 SSc patients and 128 normal controls from individual skin biopsies
(Table 1). The number of fibroblast strains exceeds the proposed minimum of 100 of each SSc
and control fibroblast strains.
Table 1. Summary of cultured fibroblasts bank obtained from skin biopsies of SSc patients and controls
Gender/Ethnicity

Controls

SSc

Female

80

78

Male

48

24

Caucasian

64

60

African American

35

16

Asian

8

2

Hispanic

20

20

Choctaw

3

Unknown

1

1

Total

128

102

B. Establishment of genetic background of SSc: The genetic background of SSc identified at
the time of this original proposal included only HLA genes (susceptibility to SSc with HLADRB1*11, DQB1*0301, DQA1*0501; protection from SSc with HLADQA*0201). Identifying
additional genetic susceptibility genes and loci to SSc will help us in determining selection of
genetic background for SSc, although it was not proposed in original grant. Collaborating with
Dr. Eun Bong Lee (Seoul National University College of Medicine, Seoul, Korea), we performed
and published the first genome-wide association study (GWAS) in SSc that demonstrated
specific single-nucleotide-polymorphisms (SNP)s of the HLA-DPB1 and -DPB2 were strongly
associated with SSc susceptibility in both Koreans and US Caucasians [published paper 1]. We
also identified that the HLA-DPB1*1301 was the most significantly associated loci to SSc in
patients with anti-topoisomerase I autoantibodies. Importantly, this study suggested that SSc
should not be considered as a single disease. Sub-classification of SSc on the basis of
autoantibodies presented in patients appeared better in identifying susceptibility genes and loci
[published paper 1].

C. Establishment of associations between SSc genetic background and cellular response to
environmental trigger:
To determine whether fibroblasts obtained from SSc patients
carrying SSc susceptibility loci or genes are more sensitive and vulnerable for fibrotic responses
to environmental trigger, we examined 200 fibroblast strains in cultures with and without adding
silica particles (It was proposed in the original proposal as a major experiment). Silica particles
were added into the cultures with 5 different doses for 24-hour stimulation, and a low middle
dose was used for a time-course stimulation (5 time points). Gene expressions of 6 important
extracellular matrix (ECM) components including COL1A2, COL3A1, CTGF, MMP1, MMP3 and
TIMP3 in the fibroblasts were measured for monitoring fibroblast response to silica stimulations.
The real-time RT-PCR was used for absolute quantitation of gene expression.
For genetic information of SSc patients and controls who were skin-biopsied for the fibroblast
strains, we used both SNP typing data from the “Immunochip” and standard HLA allele
typing. It is worth noting that Wellcome Trust Case-Control Consortium-initiated “Immunochip”
platform contains a higher density of all significant genome-wide association study (GWAS) loci
(about 200,000 SNPs) from a series of studies of immune-mediated diseases. It also contains
high density of SNPs in the HLA region and the latest SNP information discovered by
sequencing subjects of the 1,000 genomes project.
For data analysis, we use R (2.13.1) to do the data cleansing of 200 subjects Q-RT-PCR
gene expression data on six genes. For every time point among 1Day, 2Day, 3Day, 4Day and
5Day, we calculate the log2ratio of absolute quantity(AQ) level between time specific Control
and Silica stimulated samples. For Immunochip genotyping data of the same 200 subjects, we
use R and PLINK v1.07 to do data cleansing and recode the SNPs genotypes to uniform format:
2 represents minor allele homozygous, 1 represents heterozygous, 0 represents major allele
homozygous under genetic additive model assumption. Minor allele type for each SNP locus
was recorded as well. Then we use “FDA” this R package by J. O. Ramsay, etc to implement
non-parametric functional data analysis on PCR vs. SNPs data. We use cubic B-spline basis to
model the longitudinal gene expression data (f(t)), smoothed by optimal penalty term λ selected
by GCV process. Through observing the data fit plots, we conclude that the gene expression
across five time points are smoothed fitted, which in turn demonstrated that our modeling of the
gene expression data is appropriate; on the other hand, we treated the genotype of each SNP
as continuous variable (0,1,2) in the functional regression model scalar covariate part (Xi).
Together with previously modeled functional response variable, we have the function regression
model like:
If we can test the significance of , we can find whether or not at this SNP locus the genotype
difference from 200 subjects leads to the difference gene expression level and different gene
expression change profile across five time points. To fulfill this purpose, we use “Fperm.fd”
(Fperm) this function within “FDA” package to do permutation F test on PCR vs. SNPs data,
which is a reliable statistical test to render a legitimate significance P-value. Since the covariates
contain only intercept and scalar variable, we adopted the “FDA” tutorial to apply constant
functional data parameters to the covariates. Since the immune-important regions such as
HLA/MHC are on Chromosome 6, at this point we focused our functional permutation F test only
on Chromosome 6 SNPs. After filtering out the mis-genotyped SNPs genome-widely, we have in
total 178,007 valid SNPs out of 196,517 as total. Then we use the Immunochip annotation file to
select those SNPs on Chromosome 6 to be our test candidates. The number of these SNP
candidates is 17,042 in total on Chr6. To adjust the multiple test error, for most conservative
consideration, if using bonferroni correction method, we will need 1/(0.05/17042) =340,840,
rounded up to 350,000 permutation number for one Fperm test on one gene vs. one snp. Due to
extremely intensive computation cost, we plan to execute the adaptive permutation test strategy:
first we start from a preliminary Fperm test on all the candidate SNPs at the number of

permutation = 200, then we select those with P-value equates 0, which means that the
probability of finding an equal or more extreme case than observed is at least less than 1/200 =
0.005 under null hypothesis – this SNP doesn’t associate with gene expression level change
profile. Once we have the preliminary significant SNPs list for all the seven genes under
investigation, we collect their annotation information such as located gene region, coding or
intergenic, extron or intron, etc. We did the gene expression level change Table and plots based
on three SNPs group (sometimes two because of lacking one group genotyped) for every
preliminary significant SNPs. Table 2 displayed the associations between genetic
polymorphisms (SNP) and longitudinal gene expressions of 5 ECM genes of fibroblasts in
response to silica stimulation. Figure 1 displayed examples of the association plots, in which in
response to silica stimulation, the COL1 expression appears higher at early stage and toward
end in the fibroblast carrying minor allele ( C ) of rs9275652.
Table 2. Associations between genetic polymorphisms of HLA genes and longitudinal gene
expression of ECM components of fibroblasts in response to silica stimulation.
COL1A2 expression

COL3A1 expression

MMP1 expression

MMP3 expression

TIMP3 expression

Susceptibility gene

position

SNP ID

p-value

HLA-DQB1 | HLA-DQA2

INTERGENIC

rs9275334_G

< 10-7

HLA-DQB1 | HLA-DQA2

INTERGENIC

rs9275652_C

< 10-7

HLA-DQB1 | HLA-DQA2

INTERGENIC

rs9275660_A

< 10-7

HLA-DQB1 | HLA-DQA2

INTERGENIC

rs9275936_A

< 10-7

HLA-DQB1 | HLA-DQA2

INTERGENIC

rs9276171_G

< 10-7

Susceptibility gene

position

SNP ID

p-value

HLA-DPB1

INTRON

rs2567279_G

< 10-7

HLA-DPB1

INTRON

rs2856819_A

< 10-7

HLA-DPB1 | HLA-DPB2

INTERGENIC

rs3117230_G

< 10-7

HLA-DPB1 | HLA-DPB2

INTERGENIC

rs3130192_A

< 10-7

Susceptibility gene

position

SNP ID

p-value

HLA-DQB1 | HLA-DQA2

INTERGENIC

rs2856705_A

< 10-7

HLA-DQB1 | HLA-DQA2

INTERGENIC

rs2858308_A

< 10-7

HLA-DQB1 | HLA-DQA2

INTERGENIC

rs3828796_G

< 10-7

HLA-DQB1 | HLA-DQA2

INTERGENIC

rs3916765_A

< 10-7

HLA-DQB1 | HLA-DQA2

INTERGENIC

rs6936863_C

< 10-7

HLA-DPB1 | HLA-DPB2

INTERGENIC

rs9380343_A

< 10-7

Susceptibility gene

position

SNP ID

p-value

HLA-DQB1 | HLA-DQA2

INTERGENIC

rs3828796_G

< 10-7

Susceptibility gene

position

SNP ID

p-value

HLA-DPB1

INTRON

rs2071351_G

< 10-7

HLA-DOA | HLA-DPA1

INTERGENIC

rs435119_G

< 10-7

HLA-DOA | HLA-DPA1

INTERGENIC

rs443623_A

< 10-7

HLA-DOA | HLA-DPA1

INTERGENIC

rs6457710_G

< 10-7

Figure 1. SNP rs9275652 of HLA-DQB1 vs. expression of COL1A2 of fibroblasts in time-course (y =
gene expression levels in log, X = time - 1, 2, 3, 4 and 5 days). A: association with average gene
expression level B: association with gene expression data from all assays.



Explanation for examining six ECM genes: Accumulation of the ECM components is a
feature of fibrosis. CTGF is a profibrotic growth factor that is usually activated by fibrotic
stimuli. It can up-regulate collagen genes e.g. COL1A2 and COL3A1, which are major ECM
structure components. In normal situation, increased collagens can induce
matelloproteinases (MMP) expression that function in cleaning up over-expressed collagens.
On the other hands, over-production of MMP induces expression of tissue inhibitor of
metalloproteinases (TIMP) to block MMP function. Figure 2 illustrates the relationship among
six genes.

For standard HLA typing, HLA-DRB1, DQA1, DQB1 and DPB1 were typed by standard oligotyping
techniques using primers and probes recommended by the 13 th International Histocompatibility
Testing Workshop (held in Victoria, Canada, May 2002) (Hansen and Dupont, 2004) with high
resolution DRB1 typing further achieved by nucleotide sequence analysis of PCR-amplified DRB1
exon 2. Examining association between specific HLA allele and gene expression changes of
fibroblasts in response to silica stimulation, we found that SSc susceptibility loci including HLADRB1*11, DQB1*03 and DPB1*1301 are associated with specific gene expression patents in the
fibroblasts. Figure 3 and 4 displayed examples in time-course and dose response, respectively. In
Figure 3, compared to the fibroblast strains of non-carriers of DRB1*11 in SSc patients and controls,
the fibroblast strains of SSc patients carrying DRB1*11 (or DRB1*11 positive patients) showed a
low response levels of MMP1 and MMP3 genes in the time-course experiment (p-values < 0.05). In
contrast, the expressions of COL1A2 and COL3A1 were higher after 3-day of cultures (p < 0.05).
The TIMP3 appeared to be unstable (up and down through 5 days of cultures). In figure 4 (doseresponse), both MMP1 and MMP3 showed a low response to silica stimulations in DRB1*11

positive SSc patients (p < 0.05), while COL1A2 showed a higher response at dosage over 10 ug. In
addition to HLA-DRB1*11, we also examined other SSc susceptibility alleles of HLA genes. We
attached the results in appendices.
We data from both SNPs and SSc susceptibility alleles of HLA genes indicated that SSc
susceptibility loci of HLA genes are associated with cellular response to silica stimulation. In
particular, MMP1 and MMP3 genes appeared to be less responsive while some ECM genes, such
as COL1A2 and/or COL3A1, were up-regulated. We are preparing the manuscript from these
studies.
Figure 3. Association between HLA-DRB1*11 and time-course response of gene expression of
fibroblasts to silica stimulation

Figure 4. Association between HLA-DRB1*11 and dose response of gene expression of fibroblasts
to silica stimulation.

D. Examination of potential bio-pathways involved in silica stimulation:
Previously, we identified that silica stimulation on fibroblasts trigged profibrotic TGF-β signaling.
To explore intrinsic dynamic properties of SSc fibroblasts in response to silica stimulation, we
applied the developed state-space models in the studies, and performed dynamic analysis of partial
TGF-β pathway in both SSc and normal fibroblasts stimulated by silica [published paper 2]. We
employed widely used state-space equations in systems science to model biological systems, and
use expectation-maximization (EM) algorithms and Kalman filter to estimate the parameters in the
models. We found that TGF-β pathway under perturbation of silica showed significant differences in
dynamic properties between SSc and normal fibroblasts. Particularly, the gene network of TGF-β in
responding to perturbation of silica is relatively unstable in the SSc fibroblasts. In addition, although
the TGF-β gene expression network responding to silica in both normal and SSc fibroblasts is
controllable, this regulatory network in the SSc fibroblasts showed a low degree of controllability
[published paper 2]. These findings may open a new avenue in exploring the functions of cells and
mechanism operative in disease development.
In addition to examining direct contact between environmental stimuli and cultured human
fibroblasts, we also examined the activation of fibroblasts by silica particles through
macrophages/monocytes and T cells. Macrophages are early responding cells in up-taking
pathogenic materials to activate lymphocytes. T lymphocytes are central players in cell-mediated
immunity, which usually stimulate target cells such as fibroblasts. Therefore, the combination of
human macrophages, T cells and fibroblasts provide a live bio-system from the human body for the
studies of the potentially hazardous effects of environmental particles. In this study, we first
stimulated macrophages/monocyte with silica particles, as well as carbon nanotubes (CNTs) (a
potential inflammatory trigger) or titanium particles and PBS for control. After 24-hour culture,
stimulated cells were mixed with T cells and then co-cultured with fibroblasts. Through monitoring
live cells with a digital camera on a microscopy, we observed the response of
macrophages/monocytes to different particles. Within the first 30 minutes of stimulation,
macrophages/monocytes started to move toward CNT particles. At time point of 24-hour stimulation,
CNTs were heavily surrounded by macrophages/monocytes, while silica particles that appeared
smaller than CNTs were surrounding the macrophages/monocytes (Figure 5). In contrast, titanium
particles did not such changes. After stimulation, the cultures of macrophages/monocytes were
mixed with T cells and fibroblasts. Within the first 30 minutes of co-cultures, the fibroblasts did not
show significantly morphological changes. However, after 24 hours, microscopic examination
showed deformed fibroblasts around the CNTs (Figure 6).
In both silica and CNTs stimulation, IL1α and IL1β were significantly increased in the culture
medium at 1-hour time point after addition of stimulated macrophage/monocytes and T cells into
cultured fibroblasts. Increased gene expression of the COL1A2 was followed in cultured fibroblasts
at 24-hour time point. IL1α and IL1β are important pro-inflammatory cytokines that may trigger a
variety of cellular responses, such as fibrosis, apoptosis, and proliferation. Increased levels of IL1α
and IL1β in the culture medium may come from stimulated macrophages/monocytes that are usually
the major source of inflammatory cytokines. A down-regulation of the IL1B gene observed in the
cultured fibroblasts may be a feedback response. Up-regulated the COL1A2 in cultured fibroblasts
is likely triggered at least in part by IL1α and IL1β in the cultures, and which indicates a potential
fibrotic response.
Different from silica stimulation, IL8 also was significantly increased in early culture medium
(1-hour time point) of fibroblasts with CNTs stimulated macrophages/monocyte and T cells. IL8 is a
chemokine that attracts inflammatory cells at the site of inflammation. Concordantly, live-microscope
examination showed that macrophages/monocytes aggregated at the site of CNTs in the cultures of
either macrophages/monocytes alone or with fibroblasts. This change was not observed in silica

and titanium stimulation. Compared to silica and titanium particles, a bigger size of CNTs may affect
cellular responses in cultured cells, which was reported in studies of CNTs.
An early mild upregulation of the CTGF gene in cultured fibroblasts after addition of silica
stimulated macrophages/monocytes and T cells at 1-hour time point is distinct from the CNTs
stimulation. CTGF is a profibrotic cytokine that may induce collagen expression and deposition in
fibrotic diseases. Therefore, a later response of the COL1A2 in the fibroblasts at 24-hour time point
also may be triggered by CTGF signaling. Therefore, silica stimulation may induce both IL1 and
CTGF signaling in cultured human cells. We have submitted this study for publication [see
submitted manuscript].
Figure 5. Cultures of macrophages/monocytes with different stimuli at 24-hour time point: A: with PBS; B:
with CNTs for 24 hours; C: with silica particles; D: with titanium particles. *Arrows indicate particles.

Figure 6. Cultured Fibroblasts with stimulated macrophages/monocytes and T cells at 24-hour time point. A: Fibroblasts
cultured with PBS stimulated macrophages/monocytes and T cells; B: Fibroblasts cultured with CNT stimulated
macrophages/monocytes and T cells; C: Fibroblasts cultured with silica stimulated macrophages/monocytes and T cells;
D: Fibroblasts cultured with titanium stimulated macrophages/monocytes and T cells. Arrow indicates a CNT.

Further in the studies of bio-pathways associated with SSc pathogenesis, we continued to
explore attenuation of fibrosis through TGF-β pathway which can be induced by silica particles
according to our previously reports. We applied gene specific siRNAs of SPARC and/or CTGF to
attenuate fibrotic changes in the fibroblasts obtained from either SSc skin or TGF-β transgenic mice.
Both SPARC and CTGF are extracellular matrix proteins. We also treated with these siRNAs in
fibrotic mouse model induced by bleomycin that is considered as another environmental trigger for
scleroderma (stated in original grant). Our results indicated that SPARC siRNA significantly reduced

gene and protein expression of collagen type I, as well as collagen content in the fibroblasts
[published paper 3]. Our in vivo studies showed that skin and lung fibrosis of the mice induced by
bleomycin was markedly reduced by treatment with Sparc siRNA [published paper 3].
In addition to these two fibrotic models, we also examined anti-fibrotic effects of SPARC siRNA
and CTGF siRNA in the CTGF transgenic model since the CTGF is a down-stream gene in TGF-β
pathway and contribute to persistent signaling for fibrosis. Our results showed that inhibition of
Sparc or Ctgf expression by their corresponding siRNA in cultured fibroblasts of CTGF transgenic
mice down-regulated the expression of collagen type I. Sparc and Ctgf siRNAs also showed a
reciprocal inhibition at transcript levels, but Sparc siRNA functioned more efficiently than Ctgf siRNA
in reducing the protein level of both Sparc and Ctgf [published paper 4].
Silica exposure has been linked to anti-nuclear autoantibodies (ANA) and other autoantibodies
in SSc (Haustein UF, Ziegler V et al. J Am Acad Dermatol. 1990;22:444-8). Topo I is an important
nuclear protein that catalyzes the breaking and joining of DNA strands and controls DNA replication
and transcription. We examined whether and how the catalytic function of topo I is changed in SSc
fibroblasts. Our studies indicated that topo I molecules were altered in their function with relocation
in the nucleus (from nucleolus to nucleoplasm). In some fibroblasts, especially those obtained from
skin biopsies of SSc patients who were positive for anti-topo I or anti-RNA polymerase III
autoantibodies, these alterations were associated with increased sumoylation of topo I, which may
facilitate relocation of topo I molecules. In contrast, the fibroblasts of anti-centromere positive
patients showed unchanged sumoylation of topo I. Inhibition of SUMO1 gene with SUMO1 siRNA
improved catalytic function of topo I in SSc fibroblasts. These observations may provide important
insights into the nature of SSc fibroblasts that may contribute to pathological processes and/or
disease development in SSc [published paper 5].
It is worth noting that we have generated a huge amount of data based on genetic typing
information from GWAS and HLA allele typing, as well as cellular functional data on cultures of 200
fibroblast strains in response to silica stimulation in dose and time course. Our biostatistician is still
working hard to extract more and more important and novel information from the data. We expect to
publish more papers from it very soon.
Key Research Accomplishments









We have obtained a total of 230 human fibroblast strains (102 SSc patients and 128 normal
controls). These primary fibroblasts have broad applications in studies of SSc
etiopathogenesis and in developing novel strategies for personalized therapies with known
genetic backgrounds.
We have completed silica stimulation in 200 fibroblast strains and obtained RNA and protein
extracts from each of the experiments.
We have completed genotyping of these 200 fibroblast strains for Immunochip containing
200K SNPs of HLA and other genes involved in susceptibility to multiple immune-associated
diseases. We also completed standard HLA allele typing.
We identified HLA-DPB1 and –DPB2 as major genetic factors for SSc patients with anti-topo
I autoantibodies.
We analyzed the data generated from molecular studies of fibroblasts in response to silica
stimulations, as well as from genetic studies of SSc patients and controls. We identified the
associations between SSc susceptibility loci and fibroblast responses to silica stimulations.
We applied the developed state-space models in the studies, and performed dynamic
analysis of partial TGF-β pathway in both SSc and normal fibroblasts stimulated by silica. We





demonstrated that the gene network of TGF-β in responding to perturbation of silica is
relatively unstable in the SSc fibroblasts, and have a low degree of controllability.
We identify that both CTGF and IL1 signaling may be involved in silica stimulation of human
cells, and CNTs also appeared harmful to human cells, in which inflammation may be the
major pathologic change.
We demonstrated that specific inhibition of SPARC and/or CTGF with corresponding siRNA
reduced collagen expression in TGF-β activated fibroblasts, and attenuated mouse fibrosis
induced by bleomycin (an environmental factor for SSc) in vivo.
We identified that catalytic function of topoisomerase I (topo I) was decreased in SSc
fibroblasts, which appeared to be associated with increased sumoylation of topo I. Inhibition
of sumoylation of topo I improved the topo I function. This novel finding may facilitate studies
of genetic nature of SSc fibroblasts contributing to disease pathogensis.

Reportable Outcomes
During this grant period, we published seven papers, presented five abstracts and completed
one manuscript, and we are preparing one more manuscript (see the list below).
We established a total of 230 human fibroblast strains (102 SSc and 128 controls), which
have broad applications in studies of SSc etiopathogenesis and in developing novel strategies for
personalized therapies with known genetic backgrounds.
This project helped to train three postdoctoral fellows including Drs. Jiucun Wang, Wei Lin
and Khurshida Begum. Dr. Jiucun Wang (PhD), completed her training and accepted a faculty
position in Fudan University, Shanghai, China.
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Conclusion
During this grant period, we established a large number of primary fibroblast strains from normal
controls and SSc patients. We performed stimulation assays with silica in 200 primary fibroblast
strains. Our current results showed that different fibroblast strains obtained from different individuals
responded differently to silica stimulation in terms of the gene expression of the ECM components
that are involved in activation of fibrosis.
Using both single and multi-level multivariate longitudinal linear models in analysis of association
between specific genotypes and dynamic changes of gene expression of the fibroblasts in
responding to silica stimulation, we identified associations between multiple genotypes (SNPs) of
HLA genes that confer susceptibility to SSc associated and the expressions of collagen genes and
other ECM genes (e.g. COL1A2, COL3A1, MMP1, MMP3 and TIMP3). Fibroblast strains with SSc
susceptibility loci (e.g. HLA-DRB1*11) showed less MMP1 and MMP3 responses, while collagen
gene expressions were up-regulated. These observations supported our original proposal that
genetic elements within SSc fibroblasts might contribute to susceptibility to fibrotic process.
Integrative studies of genetic and environmental factors with human fibroblasts may facilitate the
discovery of potential pathogenesis of SSc.

In studies of bi-pathway associated with SSc, in addition to previously identified TGF-signaling,
we identified that silica stimulation may induce both CTGF and IL1 signaling, while CNTs, another
common environmental particles may trigger inflammation through IL1 and IL8 signaling.
We also demonstrated that silencing SPARC and/or CTGF attenuated fibrotic changes in vivo
and in vitro induced by TGF-β signaling (can be induced by environmental element - silica) and/or
bleomycin (another environmental trigger for SSc). We also identified that catalytic function of topo I
was decreased in SSc fibroblasts, and which appeared to be associated with increased sumoylation
of the topo I. Inhibition of SUMO expression improved the topo I function in SSc fibroblasts. These
novel observations provided us a potential mechanism underlying dysfunction of SSc fibroblasts.
Therefore, our studies are fulfilled with original proposal in the grant.
It is worth noting that our data generated from the studies contain huge amount information that
may be explored further. Our biostatistician is still working hard to extract more and more important
and novel information from the data. We expect to publish more papers from it.

Appendices
1. Submitted manuscript
2. Association between SSc susceptibility HLA alleles and gene expression pattern of fibroblasts
in response to silica stimulations.
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Abstract
The potential pathogenic effects of silica and carbon nanotubes (CNTs) on fibroblasts,
macrophages/monocytes, and T cells were investigated. Human macrophage/monocytes were
cultured and stimulated with silica, CNTs, or titanium particles. After adding human T cells to the
stimulated macrophages/monocytes, the cells were added to cultured human fibroblasts. Upon
microscopic

examination,

CNT

stimulation

after

24

hours

showed

centralization

of

macrophages/monocytes around the CNTs. Silica stimulation showed a significant increase of
IL1α and IL1β in cultured medium, and an increased gene expression of CTGF in cultured
fibroblasts at 1 hour, as well as an up-regulation of the COL1A2 gene at 24-hour time point. In
addition to the same changes of IL1α, IL1β and the COL1A2 by silica, CNT stimulation showed
an increase of IL8 in cultured medium at 1-hour time point. Titanium stimulation yielded no
significant changes. The results indicate a proinflammatory and/or profibrotic effect of silica and
CNTs to cultured human cells including macrophages/monocyte, T cells and fibroblasts.
Introduction
Environmental factors influence human life to different extents. Silica and carbon
nanotubes (CNTs) are two common particles that widely exist in our living environment. Both
particles may be small enough to enter the human body through the respiratory system or by
directly contacting human skin. Exposure to silica frequently occurs in people whose
occupations are involved in stone quarries, mineral and coal mining, glass, ceramic and metal
manufactures. Silica exposure has been associated with fibrosis and autoimmune diseases.
CNTs are nanoscale structures that have been extensively used in application of recent
nanotechnology engineering, such as in electronics, computer, aerospace and biomedical
science. CNTs are commonly formed in ordinary flames (1), or by burning methane (2), ethylene

(3) and benzene (4). They exist in soot from both indoor and outdoor air (5). Although specific
CNTs- associated human diseases have not been clearly identified, the potentially hazardous
effects of CNTs have been observed in animal studies. Typically, CNTs acted as a trigger
inducing inflammation, granulomas and fibrosis in mice (6).
This study aimed to examine the potentially pathogenic effects of silica and CNTs in
human cell system containing fibroblasts, macrophages and T-cells. Fibroblasts are the most
common cells in human connective tissues. They continuously synthesize and maintain the
extracellular matrix (ECM) that determines the physical properties and biological functions of
tissues (7). In many diseases, fibroblasts of connective tissues are the major target of pathogens
and/or primary sites of dysfunction. A typical pathological consequence of dysfunctional
fibroblasts is fibrosis, in which fibroblasts synthesize excessive amounts of the ECM
components such as collagen (7,8). Fibroblasts obtained from typical fibrotic diseases, such as
scleroderma, characteristically show fibrotic features including high levels of the ECM
expression (8). While fibroblasts may be important endpoint tissue cells that directly affect
disease phenotype, macrophages and T cells induce activation of fibroblasts in the body.
Macrophages are early responding cells in up-taking pathogenic materials to activate
lymphocytes. T lymphocytes are central players in cell-mediated immunity, which usually
stimulate target cells such as fibroblasts. Therefore, the combination of human macrophages, T
cells and fibroblasts provide a live bio-system from the human body for the studies of the
potentially hazardous effects of environmental particles.
Materials and Methods
T cell isolation from PBMC and culture

Whole blood (20 ml) obtained from a healthy donor were collected by the Vacutainer CPT
tube system (Becton Dickenson, Heidelberg, Germany). The cell layer containing peripheral
blood mononuclear cells (PBMC) were obtained through centrifugation (1500 g, 15 min, 24°C)
within 1 hour of blood collection. Cells were recovered and washed twice in phosphate-buffered
saline (PBS).
T cells were isolated from PBMC using CD3 MicroBeads and the magnetic cell-sorting
system (Miltenyi Biotec, Auburn CA). Briefly, about 107 PBMC were re-suspended in 80 µl PBS
supplemented with 2 mM EDTA and 0.5% bovine serum albumin (PBS/E/B). Then 20 µl CD3
MicroBeads were added and incubated for 15 min at 4°C. After the mixture were washed with
PBS/E/B, and re-suspended in PBS/E/B, they were added into the LS+ column on the magnetic
field. The positive cells were eluted from the column with 5 ml PBS/E/B using the plunger
supplied. Flow cytometry confirmed that this population was 95–98% pure (CD3+ vs. CD3–).
Cells were grown in a T25 tissue culture flask (Greiner Labortechnik, Frickenhausen, Germany)
in complete Roswell Park Memorial Institute medium-1640 (RPMI-1640) with 10% fetal bovine
serum (FBS) and 1x phytohemagglutinin (PHA). After two days, the cells were cultured in fresh
RPMI-1640 with recombinant human IL-2 at 50U/ml (R&D Systeims, Inc. Minneapolis, MN,
USA). The culture medium was replaced with only RPMI-1640 for 48 hours before particle
stimulation assays.
Macrophage culture and stimulation
THP-1 cells (Human monocytes) were obtained from American Type of Culture Collection
(ATCC). After growing confluent in complete RPMI with 10% FBS, cells were treated with 10-8 M
phorbol 12-myristate 13-acetate (PMA) for 36-48 hours to induce differentiation into macrophage
like cells (macrophages/monocytes). The macrophage-like cells were cultured in RPMI medium

for 24 hours without serum supplementation, and were then stimulated with addition of either
silica, CNTs or titanium particles (10 μg/ml for each) (purchased from Sigma-Aldrich, St. Louis,
MO) for 24 hours. In addition, phosphate buffered saline (PBS) stimulation was used as the
control. A digital camera equipped on a light microscopy (Nikon, ECLIPSE TE2000-U) was used
to monitor cellular response to the particles.
Normal human fibroblasts culture and stimulation
A fibroblast strain was obtained from skin biopsy of a healthy donor. Briefly, cultured
fibroblast strain was established by mincing tissues and placing them into 60 mm culture dishes
secured by glass cover-slips. The primary cultures were maintained in Dulbecco’s Modified
Essential Media (DMEM) with 10% FBS and supplemented with antibiotic and antimycotic. The
5th passage of fibroblast cell strains were plated at a density of 2.5 x 10 5 cells in a 35 mm dish
and grown until confluency. The culture medium was replaced with DMEM without FBS before
stimulation assays.
Cultured normal human T cells were mixed with stimulated macrophages/monocytes for
10 minutes then added to cultured normal human fibroblasts. The stimulation process was
monitored under a light microscope. Cytokine arrays were used to examine cytokines in cultured
media after one-hour co-culture. Real-time RT-PCR was used to examine gene expression of
fibroblasts responding to the stimulated macrophages/monocytes and T cells at 1 and 24 hours.
Before extraction of total RNA from cultured fibroblasts, the fibroblasts were washed two times
with culture medium to eliminate macrophages/monocytes and T cells. Whole experiments were
performed in triplicates.

Cytokine arrays
The cytokine levels in cultured fibroblasts containing stimulated macrophages/monocytes
and T cells were examined with Quansys Human Cytokine Array (Quansys Biosciences, Logan
Utah). The array contains 12 different cytokines (IL1α, IL1β, IL2, IL4, IL5, IL6, IL8, IL10, IL13,
IFNγ, TNFα and TNFβ). The assays were performed in triplicates following manufacture’s
protocol, and were imaged by a CCD camera. The data was analyzed with Quansys Array
Software by Quansys Biosciences.
Real-time RT PCR for measurement of transcript level:
Total RNA from each sample was extracted from cultured fibroblasts described above
using TRIzol reagent (Invitrogen Life Technology) and treated with Dnase I (Ambion, Austin,
TX). The transcript levels of the genes including COL1A2, CTGF, IL1B and IL8 were selected for
measurement. Both COL1A2 and CTGF are extracellular matrix genes that are commonly upregulated in fibrotic process of fibroblasts, while IL1B and IL8 are inflammatory genes that are
commonly expressed in inflammation by monocytes.
Quantitative real time RT-PCR was performed using an ABI 7900 sequence detector
(Applied Biosystems, Foster City, CA). The specific primers and probes for each gene were
purchased through Assays-on-Demand from Applied Biosystems. As described previously (9),
cDNAs were synthesized from total RNA (same RNA used in microarrays) using Superscript II
reverse transcriptase (Invitrogen Life Technology). Synthesized cDNAs were mixed with
primers/probes in the 2x Taqman universal PCR buffer, and then assayed on an ABI 7900. Each
subject was measured in triplicates. The data obtained from assays were analyzed with SDS 2.1
software (Applied Biosystems). The amount of total RNA in each sample was normalized with 18
S rRNA and GAPDH transcript levels.

Results
Morphological changes
Through monitoring live cells with a digital camera on a microscopy, we observed the
response of macrophages/monocytes to different particles. Within the first 30 minutes of
stimulation, macrophages/monocytes started to move toward CNT particles. At time point of 24hour stimulation, CNTs were heavily surrounded by macrophages/monocytes, while silica
particles that appeared smaller than CNTs were surrounding the macrophages/monocytes
(Figure 1). In contrast, titanium particles did not such changes. After stimulation, the cultures of
macrophages/monocytes were mixed with T cells and fibroblasts. Within the first 30 minutes of
co-cultures, the fibroblasts did not show significantly morphological changes. However, after 24
hours, microscopic examination showed deformed fibroblasts around the CNTs (Figure 2). The
fibroblasts in the presence of silica- and titanium-stimulated macrophages/T cells did not show
clear morphological changes (Figure 1 and 2).
Cytokines secretion into cell culture medium
A total of 12 cytokines (IL1α, IL2, IL4, IL5, IL6, IL8, IL10, IL13, IL18, IFNγ, TNFα and
TNFβ) were examined with the ELISA assays. The changes of cytokine levels were displayed in
Figure

3.

In

particular,

compared

to

PBS

control,

one-hour

silica

stimulation

in

macrophage/monocyte cultures showed 3.3-fold and 2.5-fold increases of IL1α and IL1β
(average changes measured in three assays, p < 0.05 by T test), respectively. CNTs stimulation
showed 3.5-fold, 5.7-fold and 4.9-fold increases of IL1α, IL1β and IL8, respectively (p < 0.05 by
T test). In addition, IL10 and IL13 also showed a mild increase in CNT stimulation, but appeared
no significant (p > 0.05). Titanium stimulation did not show significant changes of the cytokines
in the cultures.

Gene expression changes of the fibroblasts
At

one-hour

time

point

of

co-culture

of

fibroblasts

with

silica

stimulated

macrophages/monocytes and T cells, a mild increase of transcript level of CTGF (1.61-fold, P <
0.05), but a decrease in IL1B and IL8 (0.56- and 0.49-fold, respectively, P < 0.05), were
observed in the fibroblasts (Figure 4A). At 24-hour time point, increased expressions of COL1A2
were observed in both silica and CTN stimulation (1.96-fold and 2.77-fold, respectively, P <
0.05). In addition, a mild increase of CTGF also was observed in both (1.53-fold and 1.50-fold,
respectively, P < 0.05) (Figure 4B). No other significant changes were observed.
Discussion
Both silica particles and CNTs have been reported as profibrogenic in a number of
studies (6,10,11). Inflammation appeared to be a common process induced by nanoparticle (1016). Our studies in a human cell system containing fibroblasts, macrophages/monocytes and T
cells supported this notion. Interestingly, these two particles shared some features in the
processes of cellular responses, but also seemed to be distinctive in each.
In both silica and CNTs stimulation, IL1α and IL1β were significantly increased in the
culture medium at 1-hour time point after addition of stimulated macrophage/monocytes and T
cells into cultured fibroblasts. Increased gene expression of the COL1A2 was followed in
cultured fibroblasts at 24-hour time point. IL1α and IL1β are important pro-inflammatory
cytokines that may trigger a variety of cellular responses, such as fibrosis, apoptosis, and
proliferation. Increased levels of IL1α and IL1β in the culture medium may come from stimulated
macrophages/monocytes that are usually the major source of inflammatory cytokines. A downregulation of the IL1B gene observed in the cultured fibroblasts may be a feedback response.

Up-regulated the COL1A2 in cultured fibroblasts is likely triggered at least in part by IL1α and
IL1β in the cultures, and which indicates a potential fibrotic response.
Different from silica stimulation, IL8 also was significantly increased in early culture
medium (1-hour time point) of fibroblasts with CNTs stimulated macrophages/monocyte and T
cells. IL8 is a chemokine that attracts inflammatory cells at the site of inflammation.
Concordantly, live-microscope examination showed that macrophages/monocytes aggregated at
the site of CNTs in the cultures of either macrophages/monocytes alone or with fibroblasts. This
change was not observed in silica and titanium stimulation. Compared to silica and titanium
particles, a bigger size of CNTs may affect cellular responses in cultured cells, which was
reported in studies of CNTs (14,17).
An early mild upregulation of the CTGF gene in cultured fibroblasts after addition of silica
stimulated macrophages/monocytes and T cells at 1-hour time point is distinct from the CNTs
stimulation. CTGF is a profibrotic cytokine that may induce collagen expression and deposition
in fibrotic diseases. Therefore, a later response of the COL1A2 in the fibroblasts at 24-hour time
point also may be triggered by CTGF signaling. This observation appeared important since high
levels of CTGF have been associated with fibrotic diseases such as systemic sclerosis, hepatic
fibrosis and idiopathic pulmonary fibrosis (18-20). Up-regulation of CTGF expression was
reported in cultures of fibroblasts from patients with SSc (21). Silica exposure has been widely
discussed in the pathogenesis of SSc. Bramwell in 1914 reported five cases of SSc who were
stonemasons exposed to silica (22). The incidence of SSc in black South African gold miners
who were exposed to silica was reported to be 81.8 per million compared to 3.4 per million in
general black South Africans (23). The relative risk for developing SSc was 25-39 times higher in

patients with radiologically documented silicosis (24). Our results supported that silica may be a
potential environmental trigger to SSc.
In summary, our studies indicated both silica and CNTs might activate fibroblasts through
IL1signaling in the cultures of macrophages/monocytes, T cells and fibroblasts. In addition, silica
stimulation also triggered CTGF over-expression in the fibroblasts, while CNTs induced IL8
production from the cultures. These potential proinflammatory changes were followed by an upregulation of collagen gene. In contrast, titanium stimulation did not show significant changes in
the cultures. These findings have relevance for understanding environmental contributions to
inflammation as well as fibrosing diseases such as scleroderma, and may suggest a potential
health hazard in current application of nano-particles including silica and CTNs.
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Figure 1. Cultures of macrophages/monocytes with different stimuli at 24-hour time point: A: with PBS; B:
with CNTs for 24 hours; C: with silica particles; D: with titanium particles. *Arrows indicate particles.
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Figure 2. Cultured Fibroblasts with stimulated macrophages/monocytes and T cells at 24-hour
time point. A: Fibroblasts cultured with PBS stimulated macrophages/monocytes and T cells; B:
Fibroblasts cultured with CNT stimulated macrophages/monocytes and T cells; C: Fibroblasts
cultured with silica stimulated macrophages/monocytes and T cells; D: Fibroblasts cultured with
titanium stimulated macrophages/monocytes and T cells. Arrow indicates a CNT.

Figure 3. Cytokine levels in 1-hour cultured medium of fibroblasts with differently stimulated
macrophages/monocytes

and

T

cells.

A:

Fibroblasts

cultured

with

PBS

stimulated

macrophages/monocytes

and

T

cells;

B:

Fibroblasts

cultured

with

CNT

stimulated

macrophages/monocytes and

T

cells; C: Fibroblasts

cultured

with

silica

stimulated

macrophages/monocytes and T cells; D: Fibroblasts cultured with titanium stimulated
macrophages/monocytes and T cells. *p<0.05

Figure 4A. Changes of transcript levels of the COL1A2, CTGF, IL1B and IL8 in the fibroblasts
after 1-hour co-culture with stimulated macrophages/monocytes and T cells. A: Fibroblasts
cultured with PBS stimulated macrophages/monocytes and T cells; B: Fibroblasts cultured with
CNT stimulated macrophages/monocytes and T cells; C: Fibroblasts cultured with silica
stimulated macrophages/monocytes and T cells; D: Fibroblasts cultured with titanium stimulated
macrophages/monocytes and T cells. *p<0.05

Figure 4B. Changes of transcript levels of the COL1A2, CTGF, IL1B and IL8 in the fibroblasts
after 24-hour co-culture with stimulated macrophages/monocytes and T cells. A: Fibroblasts
cultured with PBS stimulated macrophages/monocytes and T cells; B: Fibroblasts cultured with
CNT stimulated macrophages/monocytes and T cells; C: Fibroblasts cultured with silica
stimulated macrophages/monocytes and T cells; D: Fibroblasts cultured with titanium stimulated
macrophages/monocytes and T cells. *p<0.05
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HLA–DPB1 and DPB2 Are Genetic Loci for Systemic Sclerosis
A Genome-Wide Association Study in Koreans
With Replication in North Americans
Xiaodong Zhou,1 Jong Eun Lee,2 Frank C. Arnett,1 Momiao Xiong,3 Min Young Park,2
Yeon Kyeong Yoo,2 Eun Soon Shin,2 John D. Reveille,1 Maureen D. Mayes,1
Jin Hyun Kim,4 Ran Song,4 Ji Yong Choi,4 Ji Ah Park,4 Yun Jong Lee,4
Eun Young Lee,4 Yeong Wook Song,4 and Eun Bong Lee4
2.55 ⴛ 10ⴚ5) were the subtypes most susceptible to SSc
in Korean subjects. In US Caucasians, 2 pairs of SNPs,
rs7763822/rs7764491 and rs3117230/rs3128965, showed
strong association with SSc patients who had either
circulating anti–DNA topoisomerase I (P ⴝ 7.58 ⴛ
10ⴚ17/4.84 ⴛ 10ⴚ16) or anticentromere autoantibodies
(P ⴝ 1.12 ⴛ 10ⴚ3/3.2 ⴛ 10ⴚ5), respectively.
Conclusion. The results of our genome-wide association study in Korean subjects indicate that the region
of HLA–DPB1 and DPB2 contains the loci most susceptible to SSc in a Korean population. The confirmatory
studies in US Caucasians indicate that specific SNPs of
HLA–DPB1 and/or DPB2 are strongly associated with
US Caucasian patients with SSc who are positive for
anti–DNA topoisomerase I or anticentromere autoantibodies.

Objective. To identify systemic sclerosis (SSc)
susceptibility loci via a genome-wide association study.
Methods. A genome-wide association study was
performed in 137 patients with SSc and 564 controls
from Korea using the Affymetrix Human SNP Array 5.0.
After fine-mapping studies, the results were replicated
in 1,107 SSc patients and 2,747 controls from a US
Caucasian population.
Results. The single-nucleotide polymorphisms
(SNPs) (rs3128930, rs7763822, rs7764491, rs3117230,
and rs3128965) of HLA–DPB1 and DPB2 on chromosome 6 formed a distinctive peak with log P values for
association with SSc susceptibility (P ⴝ 8.16 ⴛ 10ⴚ13).
Subtyping analysis of HLA–DPB1 showed that
DPB1*1301 (P ⴝ 7.61 ⴛ 10ⴚ8) and DPB1*0901 (P ⴝ
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Systemic sclerosis (SSc) is a rare and complex
connective tissue disease of unknown etiology characterized by fibrosis and vasculopathy of the skin and internal
organs as well as several mutually exclusive, diseasespecific circulating autoantibodies (1,2). SSc can be
clinically subclassified based on patterns of skin fibrosis
as limited cutaneous SSc (lcSSc) and diffuse cutaneous
SSc (dcSSc) (3). In addition, the majority of SSc patients
(90%) have circulating antinuclear autoantibodies (2).
The 3 most common autoantibodies are anti–DNA
topoisomerase I (anti–topo I), anti–RNA polymerase
III, and anticentromere antibodies. The first 2 autoantibodies tend to be associated with dcSSc (2,4), and the
last one is strongly correlated with lcSSc, although these
associations are not complete (2,5).
Genetic predisposition is widely believed to con3807
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Figure 1. Identification of the major locus associated with systemic sclerosis (SSc) in a genome-wide scan of Korean subjects. A total of 440,734
single-nucleotide polymorphisms were evaluated in 133 patients with SSc and 557 healthy controls. A, Q–Q plot comparing the distribution of the
Cochran-Armitage trend statistic with the expected null statistic. B, Distribution of ⫺log10 P values plotted against chromosome 1 (Chr1) through
chromosome 22 and chromosome X.

tribute to SSc. However, the low prevalence of SSc
(⬃0.0007–0.049%) (6,7) and clinical/serologic heterogeneity make genetic studies of SSc difficult, with differing results reported for the same genes in different
ethnic groups. Examples of such discrepancies are the
reports of an association of the genes for connective
tissue growth factor (8,9), protein tyrosine phosphatase
N22 (10–13), and transforming growth factor ␤ (14–16)
with SSc. Although some of these genes might have
susceptibility markers for SSc in specific ethnic populations, the candidate gene approach that was used in
those studies might miss other genes that could be more
important to SSc susceptibility. In the present study, we
used the genome-wide association scan approach to
conduct a 2-step genetic association study in 4 independent populations to identify susceptibility markers for
SSc.
PATIENTS AND METHODS
Study subjects. We examined 4 different ethnic populations (Koreans, Caucasians, African Americans, and Hispanics). The Korean study population was composed of 151
patients diagnosed as having SSc according to the American
College of Rheumatology (ACR; formerly, the American
Rheumatism Association) preliminary criteria (17). All Korean patients were enrolled from Seoul National University
Hospital between January 1998 and 2007. Genomic DNA was
extracted from whole blood using standard methods. A total of

137 patients who passed the DNA quality check were entered
into the genome-wide association study using Affymetrix
Genome-Wide Human SNP Array 5.0. (Affymetrix, Santa
Clara, CA). A total of 133 cases with call rates of ⬎95% were
finally entered into the case–control analysis. The mean age at
diagnosis was 42 years (range 4–74 years). Mean disease
duration was 10 years, and the mean time from diagnosis to
blood sampling was 5 years. Anti–topo I antibodies were
measured using enzyme-linked immunosorbent assay, and
anticentromere antibodies were determined by passive immunodiffusion using the HEp-2 cell line. Of the 133 cases, 79 were
positive and 48 were negative for anti–topo I. (Anti–topo I
status was not determined in 6 cases.) Sixteen were positive
and 117 were negative for anticentromere antibodies. When
patients were classified by type of SSc, 66 had dcSSc and 67
had lcSSc (3).
The 564 healthy controls were randomly selected from
10,000 healthy Koreans belonging to the Korean Association
Resource Project and were matched for sex with the cases. The
mean age of the controls was 52.5 years. The same platform
(Affymetrix Genome-Wide Human SNP Array 5.0) was used
for the whole-genome scan of the controls. After excluding
controls with call rates ⬍95%, mismatched sex, and subjects
who were potential relatives, a total of 557 controls were finally
entered into the case–control analysis. The institutional review
board of Seoul National University Hospital approved the
study, and all patients and controls provided written consent.
Our study included 1,107 Caucasian, 70 African American, and 61 Hispanic patients who met the ACR criteria for
SSc and 447 Caucasian, 90 African American, and 90 Hispanic
controls, all of whom were enrolled in the Division of Rheumatology, University of Texas Health Science Center at Hous-
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Figure 2. HLA–DPB as a candidate region for susceptibility to systemic sclerosis. The ⫺log10 P values of individual single-nucleotide
polymorphisms (SNPs) (diamonds) around the HLA–DPB region are shown. All genes in the region are also displayed above the linkage
disequilibrium (LD) map. LD between pairs of SNPs is depicted with linkage blocks. Red blocks represent D⬘ of 1.0, and white blocks represent D⬘
of 0.0. Orange bars represent high LD SNPs that show association (r2 ⱖ 0.8) with significant SNPs.

ton. In addition, 2,300 Caucasian controls were selected from
the National Institutes of Health (NIH) database of Genotypes
and Phenotypes (dbGaP; online at http://www.ncbi.nlm.
nih.gov/gap). Enrolled SSc patients were routinely examined
for circulating anti–topo I and anticentromere protein autoantibodies using passive immunodiffusion against calf thymus
extracts or indirect immunofluorescence patterns on HEp-2
cells, respectively. Of the Caucasian patients, 183 were positive
and 917 were negative for anti–topo I, and 316 were positive
and 784 were negative for anticentromere antibodies. (Antibody status was not determined in 7 cases.) Diffuse cutaneous
SSc was diagnosed in 419 patients, and lcSSc was diagnosed in
654 patients (3). The study was approved by the institutional
review boards of the University of Texas Health Science
Center at Houston. All patients and controls provided written
consent.
Genome-wide association analysis. Among the 500,568
single-nucleotide polymorphisms (SNPs) present in Affymetrix
Whole-Genome Human SNP Array 5.0, 440,734 SNPs were
accessible after excluding hidden SNPs. A Q–Q plot was
obtained when P was ⬎0.0001 for Hardy-Weinberg equilibrium and the call rate was ⬎0.95 (Figure 1). The most
significant SNPs were determined to be rs3128930, rs7763822,
rs7764491, rs3117230, and rs3128965. These SNPs were included in the fine-mapping process.
Fine-mapping studies. For the Korean subjects, we
performed a fine-mapping study focusing on HLA–DPB1 and
DPB2 regions in 137 SSc cases and 548 healthy controls for
whom DNA was available. For HLA–DPB1, the highly variable exon 2 of the gene was DNA-sequenced to determine the

subtype of HLA–DPB1. For the other region including HLA–
DPB2, a total of 22 tag SNPs were selected with r2 threshold of
0.8 and minor allele frequency ⬎5% in HapMap Japanese
panel data (release 22) using Haploview version 4.1 (18,19). Of
the tag SNPs, 17 SNPs that are included in Affymetrix SNP
chip were forced to be included.
For replication studies, TaqMan assays were used for
genotyping SNPs rs3128930, rs7763822, rs7764491, rs3117230,
and rs3128965 with an ABI 7900HT Fast real-time polymerase
chain reaction system in Caucasian, African American, and
Hispanic populations. Genotyping results for all 5 SNPs passed
quality tests for Hardy-Weinberg equilibrium (P ⬎ 0.001) and
call rate (⬎95%). The 2 groups of Caucasian controls, from the
NIH database and from the University of Texas Health
Science Center at Houston, showed concordant association
with Caucasian patients with SSc.
Statistical analysis. The association of specific SNPs
with the disease or a subset of the disease was analyzed by
comparing minor allele frequencies in the cases and controls,
with significance determined by chi-square tests. The odds
ratio (OR) of cases having a selected SNP compared with the
controls and its relevant 95% confidence interval (95% CI)
were also determined. For the genome-wide association study,
the threshold for declaring significance after Bonferroni correction for multiple tests was P ⬍ 1.43 ⫻ 10⫺7. It was P ⬍ 2.2 ⫻
10⫺3 for the fine-mapping study (n ⫽ 22) and P ⬍ 0.01 for the
replication study (n ⫽ 5). All association tests were based on
the comparison of alleles. Plink (20) and SAS, version 9.1.3
(SAS Institute, Cary, NC), were used for statistical analysis.
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Table 1. Association of SNPs rs3128930, rs7764491, rs7763822, rs3128965, and rs3117230 with SSc in Korean patients with and without
autoantibodies to DNA topoisomerase I and centromere protein*
Patients with SSc
Allele
(minor allele)
rs3128930 (A)
Frequency
P†
OR (95% CI)
rs7764491 (C)
Frequency
P†
OR (95% CI)
rs7763822 (T)
Frequency
P†
OR (95% CI)
rs3128965 (A)
Frequency
P†
OR (95% CI)
rs3117230 (G)
Frequency
P†
OR (95% CI)

Anti–topo I
antibody positive
(n ⫽ 79)

Anti–topo I
antibody negative
(n ⫽ 48)

Anticentromere
antibody positive
(n ⫽ 16)

Anticentromere
antibody negative
(n ⫽ 117)

All patients
(n ⫽ 133)

Controls
(n ⫽ 557)

0.47
8.26 ⫻ 10⫺22
5.21 (3.63–7.49)

0.12
0.47
0.79 (0.41–1.51)

0.13
0.73
0.83 (0.29–2.39)

0.37
4.38 ⫻ 10⫺15
3.45 (2.50–4.75)

0.34
8.16 ⫻ 10⫺13
3.00 (2.20–4.10)

0.15
–
–

0.21
7.29 ⫻ 10⫺12
4.58 (2.87–7.33)

0.065
0.71
1.18 (0.50–2.81)

0.063
0.87
1.13 (0.26–4.83)

0.17
8.24 ⫻ 10⫺9
3.42 (2.20–5.30)

0.15
7.64 ⫻ 10⫺8
3.09 (2.01–4.75)

0.056
–
–

0.21
7.29 ⫻ 10⫺12
4.58 (2.87–7.33)

0.065
0.71
1.18 (0.50–2.81)

0.063
0.87
1.13 (0.26–4.83)

0.17
8.24 ⫻ 10⫺9
3.42 (2.20–5.30)

0.15
7.64 ⫻ 10⫺8
3.09 (2.01–4.75)

0.056
–
–

0.25
6.28 ⫻ 10⫺9
3.31 (2.17–5.04)

0.054
0.21
0.56 (0.22–1.41)

0.063
0.56
0.65 (0.15–2.76)

0.20
4.37 ⫻ 10⫺6
2.44 (1.65–3.59)

0.18
4.47 ⫻ 10⫺5
2.18 (1.49–3.18)

0.093
–
–

0.25
4.51 ⫻ 10⫺9
3.34 (2.19–5.10)

0.054
0.22
0.57 (0.22–1.43)

0.063
0.57
0.66 (0.15–2.79)

0.20
3.37 ⫻ 10⫺6
2.46 (1.67–3.64)

0.18
3.52 ⫻ 10⫺5
2.20 (1.50–3.22)

0.092
–
–

* Anti–DNA topoisomerase I (anti–topo I) antibody status was not determined in 6 patients. SNPs ⫽ single-nucleotide polymorphisms; SSc ⫽
systemic sclerosis; OR ⫽ odds ratio; 95% CI ⫽ 95% confidence interval.
† Versus controls.

Linkage disequilibrium analysis for HLA–DPB1 and DPB2
regions was performed with Haploview, version 4.1 (19).

RESULTS
We first examined a Korean population, which is
relatively homogenous, in which 62.2% of the patients
were positive for anti–topo I. We performed a genomewide association study in 133 Korean patients with SSc
and 557 sex-matched Korean controls using the Affymetrix Human SNP Array 5.0 containing 440,734
accessible human SNPs. The genome-wide association
scan showed a distinctive peak of SNP log P value (P ⫽
8.16 ⫻ 10⫺13 for association with SSc) (Figure 1). The
peak was formed with the SNPs rs3128930, rs7763822,
rs7764491, rs3117230, and rs3128965, which were located in the region of HLA–DPB1 and DPB2 (a pseudogene) on chromosome 6p (Figures 1 and 2).
Fine-mapping analysis of this region confirmed
that rs3128930, rs7763822, rs7764491, rs3117230, and
rs3128965 were the SNPs that were associated with SSc
in the Korean subjects (Figure 2 and Table 1). Interestingly, the association was even stronger in patients who
were positive for anti–topo I (P ⫽ 8.26 ⫻ 10⫺22, OR 5.21
[95% CI 3.63–7.49] for rs3128930) (Table 1). These

SNPs were also associated with dcSSc, but not with lcSSc
(See Supplementary Table 1, available on the Arthritis &
Rheumatism Web site at http://www3.interscience.
wiley.com/journal/76509746/home.) Subtyping of HLA–
DPB1 showed that HLA–DPB1*1301 (21.0% in SSc
versus 5.5% in controls), DPB1*0901 (12.0% versus
2.6%), and DPB1*030101 (10.0% versus 4.3%) were
present significantly more frequently in anti–topo
I–positive patients than in controls (Table 2). SNPs
corresponding to genes that have previously been shown
to be associated with SSc, such as PTPN22 (10), AIF1
(21), TNF (22), CTLA4 (23), and CTGF (8), fell within
the significance thresholds of 10⫺5–10⫺6 advocated for
gene-based scans, as well as the Bonferroni correction
for multiple comparisons (24).
To confirm these results, we used TaqMan assays
to reexamine the 5 SNPs with the strongest association
from the Korean genome-wide association scan in 1,107
US Caucasian patients with SSc, of whom 16% were
positive for anti–topo I, and 2,747 normal controls, of
whom 447 were from our local group (Houston, TX) and
2,300 were from the dbGaP. SNPs rs7763822 and
rs7764491 showed highly significant associations with
anti–topo I–positive SSc (P ⫽ 7.58 ⫻ 10⫺17 and 4.84 ⫻
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Table 2. Association of HLA–DPB1 allelic subtypes with SSc in Koreans*
Patients with SSc

HLA allele
*1301
Frequency
P†
OR (95% CI)
*0901
Frequency
P†
OR (95% CI)
*030101
Frequency
P†
OR (95% CI)

Anti–topo I
antibody positive
(n ⫽ 82)

Anti–topo I
antibody negative
(n ⫽ 49)

Anticentromere
antibody positive
(n ⫽ 16)

Anticentromere
antibody negative
(n ⫽ 121)

All patients
(n ⫽ 137)

Controls

0.21
4.05 ⫻ 10⫺12
4.52 (2.86–7.14)

0.05
0.88
0.93 (0.36–2.37)

0.031
0.56
0.56 (0.074–4.15)

0.17
3.25 ⫻ 10⫺9
3.42 (2.23–5.24)

0.15
7.61 ⫻ 10⫺8
3.04 (1.99–4.63)

0.055
–
–

0.12
2.44 ⫻ 10⫺8
4.82 (2.64–8.82)

0.01
0.33
0.38 (0.05–2.82)

0.031
0.87
1.19 (0.16–8.99)

0.087
7.55 ⫻ 10⫺6
3.50 (1.96–6.24)

0.08
2.55 ⫻ 10⫺5
3.21 (1.82–5.69)

0.026
–
–

0.10
9.47 ⫻ 10⫺4
2.58 (1.44–4.61)

0.02
0.28
0.47 (0.11–1.94)

0.031
0.75
0.72 (0.096–5.39)

0.083
0.01
2.01 (1.17–3.46)

0.077
0.021
1.85 (1.09–3.16)

0.043
–
–

* Anti–topo I antibody status was not determined in 6 patients. See Table 1 for definitions.
† Versus controls.

10⫺16, respectively) (Table 3). The HLA–DPB1*1301
allele, which occurs in only 3% of US Caucasians, was
found in 25% of anti–topo I–positive patients and
conferred the strongest risk by exact logistic regression
(P ⫽ 0.0001, OR 14) of any HLA class II allele (Arnett
FC: unpublished observations). The SNPs rs3128965 and
rs3117230 showed strong associations with anticentromere autoantibody–positive SSc (P ⫽ 3.20 ⫻ 10⫺5 and

1.12 ⫻ 10⫺3, respectively) (Table 3). In addition, the pair
of anti–topo I–associated SNPs showed a weaker association with dcSSc (P ⫽ 0.0070 and 0.014 for rs7763822
and rs7764491, respectively) (See Supplementary Table
2, available on the Arthritis & Rheumatism Web site at
http://www3.interscience.wiley.com/journal/76509746/
home.) The genetic concordance of the patients who
were positive for anti–topo I and patients with dcSSc

Table 3. Association of SNPs of HLA–DPB1 and DPB2 with SSc in Caucasians*
Patients with SSc
Allele
(minor allele)
rs3128930 (A)
Frequency
P†
OR (95% CI)
rs7764491 (C)
Frequency
P†
OR (95% CI)
rs7763822 (T)
Frequency
P†
OR (95% CI)
rs3128965 (A)
Frequency
P†
OR (95% CI)
rs3117230 (G)
Frequency
P†
OR (95% CI)

Anti–topo I
antibody positive
(n ⫽ 183)

Anti–topo I
antibody negative
(n ⫽ 917)

Anticentromere
antibody positive
(n ⫽ 316)

Anticentromere
antibody negative
(n ⫽ 784)

All patients
(n ⫽ 1,107)

Controls
(n ⫽ 2,731)

0.31
0.12
1.20 (0.95–1.51)

0.28
0.30
1.01 (0.95–1.20)

0.30
0.056
1.19 (1.00–1.43)

0.28
0.47
1.05 (0.92–1.19)

0.29
0.14
1.09 (0.97–1.21)

0.27
–
–

0.14
4.84 ⫻ 10⫺16
3.56 (2.57–4.94)

0.03
0.018
0.70 (0.52–0.94)

0.025
0.036
0.58 (0.35–0.97)

0.058
0.016
1.36 (1.06–1.75)

0.049
0.29
1.14 (0.90–1.44)

0.043
–
–

0.14
7.58 ⫻ 10⫺17
3.65 (2.64–5.04)

0.031
0.021
0.71 (0.53–0.95)

0.024
0.023
0.55 (0.32–0.93)

0.059
0.0076
1.40 (1.09–1.80)

0.049
0.24
1.15 (0.91–1.46)

0.043
–
–

0.14
0.024
0.70 (0.52–0.96)

0.19
0.39
1.06 (0.93–1.21)

0.25
3.20 ⫻ 10⫺5
1.50 (1.24–1.82)

0.16
0.010
0.82 (0.70–0.95)

0.18
0.99
1.00 (0.88–1.14)

0.18
–
–

0.17
0.0077
0.69 (0.52–0.91)

0.26
0.055
1.13 (1.00–1.28)

0.29
1.12 ⫻ 10⫺3
1.36 (1.13–1.63)

0.22
0.32
0.93 (0.81–1.07)

0.24
0.42
1.05 (0.93–1.18)

0.24
–
–

* Autoantibody status was not determined in 7 patients. See Table 1 for definitions.
† Versus controls.
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supports clinical observations that these 2 traits within
SSc commonly overlap (2,4). However, the anticentromere antibody–associated SNP pairs did not show strong
associations with lcSSc, which usually occurs in patients
who are positive for anticentromere autoantibodies
(2,5). The SNP rs3128930 showed only a marginal P
value of 0.041 for patients with lcSSc who were positive
for anticentromere autoantibodies (Supplementary Table 2). Further analysis of Caucasian patients with SSc
who were negative for anti–topo I or anticentromere
autoantibodies indicated that they had marginal or no
association with the genotypes of all 5 SNPs (Table 3).
In contrast, highly significant differences were
observed in the comparisons of patients with and without anti–topo I or anticentromere autoantibodies using
corresponding anti–topo I–associated or anticentromereassociated SNP pairs (rs7763822 and rs7764491 [P ⱕ
2.86 ⫻ 10⫺18] or rs3128965 and rs3117230 pair [P ⱕ
4.77 ⫻ 10⫺4], respectively) (See Supplementary Table 3,
available on the Arthritis & Rheumatism Web site at
http://www3.interscience.wiley.com/journal/76509746/
home.) Interestingly, marginally significant differences
(0.05 ⬍ P ⱖ 0.01) were also observed in the comparison
of patients with lcSSc and dcSSc using both pairs of
SNPs, but the autoantibody associations were the strongest, perhaps because HLA alleles are specific immune
response genes (Table 3 and Supplementary Table 2).
Finally, we studied these same SNPs in limited
numbers of African American and Hispanic cases and
controls (70 cases versus 90 controls and 61 cases versus
90 controls, respectively). Although the numbers of
subjects examined in these 2 populations were small, the
SNPs rs7764491 and rs7763822 showed a consistently
strong association with anti–topo I–positive SSc in both
African American subjects (P ⫽ 9.05 ⫻ 10⫺3, OR 4.23
[95% CI 1.33–13.48] for both SNPs) and Hispanic
subjects (P ⫽ 7.98 ⫻ 10⫺4, OR 5.51 [95% CI 1.85–16.43]
and P ⫽ 7.21 ⫻ 10⫺4, OR 5.57 [95% CI 1.87–16.62],
respectively) (See Supplementary Tables 4 and 5, available on the Arthritis & Rheumatism Web site at http://
www3.interscience.wiley.com/journal/76509746/home.)
DISCUSSION
Previous studies of SSc, a complex disease, have
resulted in inconsistent findings of genetic associations
in different study populations (8–16). The rarity and the
heterogeneity of SSc may contribute, at least in part, to
such discrepancies. In the present study, we applied a
2-step approach, in which a genome-wide association
scan was first conducted in a relatively homogenous

population of Korean patients with SSc and was then
followed by a confirmatory study in other populations.
Our findings that SSc is associated with HLA–DPB1 and
DPB2 based on autoantibody status represent the first
replicable results in Asians, Caucasians, African Americans, and Hispanics. These complementary studies in 4
independent populations provide strong support for the
notion that the identified genetic markers confer susceptibility to subtypes of SSc.
HLA–DPB1, located centromeric to other HLA
class II molecules, shows relatively low linkage disequilibrium with other extended major histocompatibility
complex haplotypes (25). Although it has not been
studied as extensively as HLA–A, B, C, or DR, it has
been shown to have a similar antigen-presenting function to activate CD4⫹ T cells (26). Its genetic polymorphisms have been found to be associated with chronic
berylliosis (27), graft-versus-host disease (28), juvenile
rheumatoid arthritis (29), type 1 diabetes mellitus (30),
and sarcoidosis (31). Some studies have suggested the
possible roles of HLA–DPB1 in SSc, in the context of
HLA–A, B, C, and DR molecules (32–34). Typically,
HLA–DPB1*1301 was previously reported to be associated with anti–topo I in SSc patients in several independent studies (34–36), although each of these studies
appeared to have less statistical power and a smaller
sample size than the present study. The results of our
Korean genome-wide association study and US confirmatory study revealed that specific SNPs of HLA–DPB1
and DPB2 are strongly associated with SSc, especially in
those patients with autoantibodies to topo I or centromere protein, and that HLA–DPB1 may be the most
important SSc susceptibility gene in the Korean population.
Our results indicate that disease subtype and
population origin may be 2 critical factors in identifying
genetic susceptibility markers for SSc. This is evidenced
by the lack of association of SSc in a Caucasian population with any of the 5 SNPs found in the Korean
genome-wide association study except when disease
subgroup (dcSSc or lcSSc), and especially specific autoantibody status (anti–topo I or anticentromere autoantibody positivity), were taken into account. In addition,
this notion may explain previous inconsistent reports of
SSc-associated genes in different populations, as well as
the fact that these genes were not identified in our
genome-wide association study of Korean subjects.
Importantly, the genetic differentiations of SSc
according to distinctive serologic and clinical features in
our studies suggest that SSc should not be considered a
single disease. While SSc, like other complex human
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diseases, is currently incurable, subclassification of SSc
on the basis of genetic polymorphisms for disease susceptibility may provide a new dimension for exploring
the pathogenesis and treatment of this disease. Our
results strongly indicate that subclassification of SSc on
the basis of autoantibodies against topo I and centromere proteins is important in defining disease susceptibility genes in this heterogeneous disease.
Despite the successful identification of the SSc
susceptibility genes HLA–DPB1 and DPB2, our study
has several limitations. First, the number of SSc patients
included in the genome-wide association study may not
be large enough to distinguish some other true disease
risk SNPs from the statistical noise of false-positive
SNPs by using a stringent statistical threshold. The
power of the genome-wide association study, calculated
with the assumption of a 10% difference in minor allele
frequency, was 75.0% (37). Second, the majority of the
Korean patients with SSc were positive for anti–topo I
autoantibodies. Accordingly, genetic predisposition factors for SSc with other SSc autoantibodies may be better
unveiled by a genome-wide association study in other
populations. Third, the numbers of Hispanic and African American subjects may not have been large enough
to give the study adequate power.
Nonetheless, the SNPs of HLA–DPB1 and DPB2
showed a distinctively strong association with anti–topo
I–positive SSc in our 2-step genetic study. The results
confirmed previous reports of the association of this
region with SSc susceptibility and raised the importance
of subclassification of SSc for the understanding of
disease pathogenesis.
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Abstract
Diseases are believed to arise from dysregulation of biological systems (pathways) perturbed by environmental triggers.
Biological systems as a whole are not just the sum of their components, rather ever-changing, complex and dynamic
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essential role in giving rise to cellular function/dysfunction which cause diseases, such as growth, differentiation, division
and apoptosis. Biological phenomena of the entire organism are not only determined by steady-state characteristics of the
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but also determined by inherent dynamic properties of biological
systems. Dynamic properties include stability, transient-response,
observability and controllability, which determine how the systems
maintain their functions and performance under a broad range of
random internal and external perturbations. Similar to differential
expression of genes between normal and abnormal tissues, we can
also observe the differential dynamic properties of the biological
systems across different types of tissues and conditions. Dynamic
properties are correlated with the health status of individuals and are
of central importance for comprehensively understanding human
biological systems and ultimately complex diseases.
The dynamic behavior of most complex biological systems
emerges from the orchestrated activity of many components (e.g.
genes and proteins) that interact with each other to form
complicated biological networks involving gene regulation and
signal transduction [3]. The nodes and links together are referred
to as networks. This report is a study of gene regulatory network
that focuses on dynamic properties of a biological system.

Introduction
Identifying differentially expressed genes across distinct conditions and clustering co-expressed genes into different functional
groups have been general approaches for unraveling molecular
mechanisms involved in disease pathogenesis [1]. Although these
approaches are valuable for looking at isolated events and their
correlations, they do not explain the behavior of a bio-system.
Another approach to deciphering pathogenesis of complex diseases
is system thinking. Human complex diseases are believed to arise
from malfunction of a specific biological system, rather than from
isolated events. It is increasingly recognized that biological systems as
a whole are not just the sum of their components but, rather, everchanging, complex, interacted and dynamic systems over time in
response to internal events and environmental stimuli [2]. Cellular
functions, such as growth, differentiation, division and apoptosis, and
biological phenomena of the entire organisms are not only
determined by steady-state characteristics of the biological systems,
PLoS ONE | www.plosone.org
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Investigation of dynamic properties of gene networks has three
major tasks: development of mathematic models, estimation of the
parameters in the models, and dynamic analysis. Mathematical
modeling is to use mathematical language to describe the dynamic
characteristics of a system [4]. In the past decade, various methods
have been developed to model gene networks, including Boolean
networks [5–7], differential equations and Bayesian networks [8–
11], and vector autoregressive model [12]. A very powerful
approach in modeling complex systems is the state-space approach
[13,14], which is a special subclass of dynamic Bayesian networks.
It provides a general framework for the application of dynamic
systems theory in the analysis of gene regulation. The state-space
approach is the core of modern systems theory. Application of the
state-space equations to modeling gene networks allows us to use a
large body of methodologies and tools in dynamic systems theory
for studying dynamics of gene networks. We use Kalman Filter
and Expectation-Maximization (EM) to estimate the parameters in
the model [15,16]. After state-space model of the gene networks is
established, the next task is to perform dynamic analysis for the
model in response to perturbation of internal and external stimuli.
Dynamic analysis attempts to extract inherent features of the
systems that capture and describe the behaviors of the system over
time under different operating conditions. The most important
operating principle of a dynamic system is its stability (i. e., the
ability to return to the original state or equilibrium state after
perturbation). The concept of stability can be easily illustrated by
the example of a marble sitting at the bowl. When the marble is in
the bottom of the bowl it is stable. No matter where the marble is
pushed, up the side of the bowl or from the bottom of the bowl,
after it is released, the marble will finally settle to the bottom of the
bowl at the original, stable equilibrium point. However, when the
marble is on the top of an inverted bowl, it is unstable. The marble
can remain on the top of the bowl only when the forces acting on
the marble on the top of the bowl is completely balanced. Any
slight perturbation in the marble’s steady state will destroy the
balance of the marble and cause it to move away from the top of
the bowl. This indicates that when the system is in unstable state
small perturbation can cause the system move away from the
steady-state [17]. The biological systems are in constant change
under the influences of genetic and environmental differences. The
ability of the systems to maintain the stable states after
perturbation and to resist diverse disturbance of the internal and
external forces is critical to the viability of living organisms and
plays a central role in biology [18,19]. Consequently, studying
stability of biological systems is of great importance for discovering
mechanism of complex diseases. Although there has been long
history to investigate the stability of biologic systems, to our
knowledge, very few studies have been reported on stability of
gene networks. Particularly, the relationship between stability of
gene networks and status of diseases has not been explored. One of
purpose of this paper is to use gene expression data to show that
similar to the example of the marble in the bowl, the gene
networks will also have stable and unstable states and that unstable
gene networks may be associated with the diseases.
Another important property of the dynamic systems is the
transient response to disturbance of internal noises and external
environmental forces, which measures how fast the systems
respond to the perturbation and characterizes damping and
oscillation properties of the process in response to the perturbation
[13]. Feedback close loops are the basis for maintaining normal
function of cells and organisms in the face of internal and external
perturbation [19,20]. The essential feature of the transient
response of a feedback closed-loop system largely depends on
the location of the closed-loop poles. A simple and popular method
PLoS ONE | www.plosone.org

for searching the poles of the closed-loop system is the root-locus
analysis that plots a curve of the location of the poles of a transfer
function of the feedback system over the range of the variable
(usually loop gain) to determine whether the system will become
unstable or oscillate [13]. The third important property of a
dynamic system is controllability. Controllability is defined as the
capacity of the system to move from undesired states to certain
desired final states in finite time through accessible inputs [21].
Germline or somatic mutations lead to the subsequent transcriptional and translational alterations which will affect the phenotypes
of the cells and cause diseases. Therapeutic interventions such as
radiation, drug and gene therapy intend to alter gene expressions
from an undesired state or abnormal state to a desired or normal
state. Theoretic and practical analyses in modern control theory
demonstrate that there exist systems which we are not able to
change from undesired states to desired states. Now the question
arises: are all genetic networks controllable? Can always
therapeutic interventions change levels of gene expressions to
desired states? Controllability provides answers to these questions.
It provides a convenient and sufficient criterion for assessing
whether we can change undesired gene expression levels to desired
gene expression levels. Controllability describes the ability of
biological systems to adapt to the changes of environments and
deeply characterizes the internal structure of the system. The
controllability of the biological networks may reflect the severity of
the disease. Thus, the controllability is a fundamental design
principle of biological system.
In summary, stability, transient response, feedback and
controllability are basic dynamic properties of the biological
systems and are essential to the function of the cells and organisms.
As a proof of principle, in this report we investigate the differential
dynamic properties of TGF-b pathway in response to perturbation
of silica between normal and scleroderma fibroblasts. Scleroderma
or systemic sclerosis (SSc) is a typical complex disease in which
fibrosis occurs in multiple organs. Although etiopathogenesis is
unknown, both genetic and environmental factors are believed to
play critical roles. The major source of fibrosis in SSc is over
production of collagens from fibroblasts. Fibroblasts obtained from
SSc patients appeared to be genetically engineered to produce
more collagens and cytokines [22]. Silica exposure is an important
environmental risk factor in some cases, which has been found in
association with the development and perturbation of SSc [23].
Subcutaneous injections of silica have been reported to induce
sclerodermatous skin changes and activation of skin fibroblasts
[23]. Therefore, interactions between fibroblasts and silica may
represent a magnification of biological events occurring in SSc
and/or SSc-like disorders. The biological system of fibroblasts
reacting to silica exposure must involve complex regulations and
coordination of molecules to maintain their desirable status.
Although multiple experiments of the in vivo and the in vitro
response to silica particles have revealed that fibroblasts are
activated to produce more collagens and other extracellular matrix
(ECM) components [24–26], there is a lack of a mathematical
model to quantify interactions among the molecules, and to
predict dynamic behaviors of this bio-system. The purpose of this
report is to use gene expression responses of scleroderma and
normal fibroblasts exposed to the stimulus of silica as an example
to address the issue of differential dynamic properties of the
biological systems in response to perturbation by environments
across different conditions. To accomplish this, we first formulate a
regulatory network involving TGFBRII, CTGF, SPARC, COL1A2, COL3A1 and TIMP3 as a biological system that is
associated with TGF-b signaling, and then apply mathematical
methods and computational algorithms from engineering and
2
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and D is input to output matrix whose elements measures the
strength of dependence of the observed gene expression levels on
the inputs. Matrices A, B, C, D and variance matrices Q and R
together make up the parameters of the dynamical system for gene
regulatory networks.
We performed experiments on cultured human fibroblasts. We
have 5 pairs each of normal and SSc patients’ samples. For each
sample, we have two replications were perturbed by Silicon. The
transcript levels of six genes: SPARC, CTGF, COL1A2, COL3A1,
TIMP3 and TGFBRII were measured daily from 1 to 5 days. Let x1,
x2, x3, x4 and x5 be the expression levels of the SPARC, TIMP3,
COL3A1, CTGF and COL1A2, respectively. Let u1 and u2 be the
expression of the TGFBRII [31] and 10 mg silica. The estimated
state-space model for the normal cell line and SSc are respectively,
given by

control theory [13] to perform dynamic analysis of this network for
both normal and scleroderma fibroblasts in response to perturbation of environmental Stimuli. Based on the results of dynamic
network analysis, we examine the differential dynamic properties
of this network between normal and scleroderma fibroblasts and
reveal the relationship between the dynamic properties of gene
networks and the phenotypes of the cells.

Results
State Space Model of a gene network responding to
silica
Gene regulation involves a large number of biochemical events.
Although kinetic models can be developed for gene regulation
[12,27,28], they involve many kinetic parameters that are difficult
to be estimated from gene expression data with small number of
samples. An alternative model of gene expression is a state-space
model. It can effectively deal with time invariant or time varying,
linear or nonlinear complex systems with multiple inputs and
outputs. A state-space model includes three types of variables:
input variables, output variables and state variables. A key idea
behind state-space model is the concept of the state. The state of a
dynamic regulatory system is the smallest set of variables which are
referred to as state variables such that the current knowledge of
these variables together with the current and future knowledge of
the input variables (environments or controls) will completely
determine the behavior of the regulatory system. All state variables
are hypothetical variables. State variables represent biological
forces to regulate transcription of genes, which describe the
behavior of gene transcription. Since the mechanisms of gene
regulation in the network have still not been well understood, the
state variables that determine the regulation may be unknown and
hidden in the regulatory process, the concept of state variables is
very suitable for description of the regulatory process. The
expression levels of genes are output variables and can be
observed. The expression levels of the genes are determined by the
state variables, which describe states of regulation of the gene
expressions.
Previously, we found that the SPARC (secreted protein, acidic,
and rich in cysteine) gene is involved in the regulation of
extracellular matrix genes such as COL1A2, COL3A1, CTGF and
TIMP3, and this regulation is associated with activation of the
TGF-b pathway [29,30]. We used this partial TGF-b pathway as
an example to illustrate how to perform dynamic analysis of
biological networks. This regulatory network was modeled by
linear state-space equations defined as:
xkz1 ~Axk zBuk zwk
yk ~Cxk zDuk zvk

x1 ðkz1Þ~0:84603x1 ðkÞz0:03207u1 ðkÞ{0:09050u2
x2 ðkz1Þ~0:32847x2 ðkÞ{0:14840u1 ðkÞz1:41049u2
x3 ðkz1Þ~5:21569x1 ðkÞz0:23997x3 ðkÞ{1:39180x4 ðkÞ{
0:94591u2
x4 ðkz1Þ~1:27852x1 ðkÞ{0:24027x4 ðkÞz0:19823u2
x5 ðkz1Þ~0:47401x1 ðkÞz0:01406x4 ðkÞz0:66237x5 ðkÞ{
0:21877u2

and
x1 ðkz1Þ~0:63654x1 ðkÞz0:25128u1 ðkÞz0:49013u2
x2 ðkz1Þ~0:78374x2 ðkÞz0:07741u1 ðkÞz0:11173u2
x3 ðkz1Þ~{0:61896x1 ðkÞz1:106627x3 ðkÞz0:44131x4 ðkÞz
0:25307u2
x4 ðkz1Þ~{0:06644x1 ðkÞz1:00586x4 ðkÞz0:00700u2
x5 ðkz1Þ~{0:82173x1 ðkÞz0:28944x4 ðkÞz1:46736x5 ðkÞz
0:26477u2
A graph will be used to represent a genetic network. The nodes
in the graph will represent the variables that correspond to the
expressions of the genes. The edge between two nodes denotes that
two variables are dependent. The number next to edges is the
elements of the parameter matrices A, B, C and D in the statespace model. The estimated state-space model is shown in Figure 1
where the numbers next to the edges are the coefficients in the
above equation for the normal (black color) and SSc (red color)
fibroblasts, respectively. We observe differential regulation of
SPRAC on CTGF, COL3A1 and COL1A2, and CTGF on COL3A1
between the SSc and normal fibroblasts. Figure 1 and above
equations also demonstrate that the effects of silica (environmental
factor) on TIMP3, COL3A1 and COL1A2 between the SSc and
normal fibroblasts are different. Their coefficients in the statespace equations for the normal fibroblasts are negative, but
become positive for the SSc fibroblasts. This implies that
perturbation of scleroderma fibroblasts by silica will increase the
expressions of COL1A2 and COL3A1. This statement can be
supported by early observation that excessive amounts of various
collagens mainly type I and type III collagens were generated in
the fibroblasts from affected scleroderma skin [32–34].

ð1Þ

where xk is the vector of state variables that describes the behavior
of gene regulation, but are hidden; yk is the output vector whose
elements denote the measured gene expression levels; uk is the
input vector; w and v are noises assumed to be white Gaussian
noise with zero means and variance Q and R respectively, and they
are independent of each other. The inputs can be any external
stimuli that influence gene regulation, things like environmental
forces, drugs, proteins, RNAs, or the effects from the genes outside
the model. Matrix A is called state transition matrix whose
elements denote the regulatory strength of one gene on another, B
is input to state matrix whose elements quantify the regulatory
effects of the input variables on the genes of the network, C is state
to output matrix whose elements quantify the dependence of the
measured gene expression levels on the hidden regulatory states,
PLoS ONE | www.plosone.org
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Figure 1. State-space model for the regulatory gene network responding to silica stimulation in cultured human fibroblasts. The
numbers next to the edges are the coefficients in the state-space equations for the normal (black color) and SSc (red color) fibroblasts, respectively.
The numbers in the boxes denote the mean expression values of the genes in normal (black color) and SSc (red color) fibroblasts.
doi:10.1371/journal.pone.0001693.g001

Stability

Transient-Response Analysis of Genetic Networks

The most important dynamic property of gene regulatory
networks is concerned with stability. Stability is an organizing
principle of gene regulatory networks [35–37]. When gene
regulatory networks are perturbed, the expressions of the genes
in the network will be changed in response to perturbation of
environments. There are two possibilities. One possibility is that
although the expressions of the genes will be changed after
perturbation of environments, they will finally return to their
original values or stay at other equilibrium values forever. In this
case, regulatory networks will maintain their steady states under
perturbation of environments and hence will function normally.
Another possibility is that the expressions of the genes after
perturbation of the environments will diverge from their original
states and never stay at any steady states, which will finally lead to
damage and malfunction of the gene regulatory network.
Formally, a dynamic system is called stable if their state variables
return to, or towards their original states or equilibrium states
following internal and external perturbations [38]. The stability of
the system is a property of the system itself. One of the methods for
assessing the stability of the linear dynamic systems is to analyze
eigenvalues of the state transition matrix A of the linear dynamic
systems. For a discrete linear system, if the norm of all eigenvalues
of the transition matrix A is less than 1 then the system is stable.
The eigenvalues of the transition matrix A of the state-space
model for silica responding gene network for normal and SSc
fibroblasts are given in Table 1. It indicates that all eigenvalues of
the transition matrix A for the normal fibroblasts are less than 1,
but for SSc fibroblasts, three eigenvalues whose absolute values are
larger than 1. Therefore, the examined network for normal
fibroblasts after perturbation of silica stimulation are relatively
stable, but for SSc fibroblasts are unstable. Unstable gene
regulatory or signal transduction networks will lead to erratic
changes and malfunction of the whole biological system, which
may be the case in the SSc fibroblasts that are associated with
dramatic and irregular changes of COL1A2 and COL3A1.

The dynamic behavior of a system is encoded in the temporal
evolution of its states. Cell functions are essentially temporary
processes and largely determined by the dynamic properties of the
biological systems in the cells. Transient and steady state responses
are two steps of the response of a gene network to perturbation of
external environments. The transient response of the gene network
to perturbation of environments is defined as rapid changes of the
expressions of the genes in the network over time which go from
their initial states to final states after perturbation of external input
[13]. Steady-state response studies the system behavior at infinite
time. The transient response of the dynamic systems is also a
property of the system itself. The transient response of the gene
network to environmental changes characterizes the dynamical
process of the gene regulation networks in response to perturbation of environments. It can be used to study damped vibration
behavior of the gene network and reveal how fast the gene
networks respond to perturbation of environments and how
accurately the networks can finally achieve the designed steady-

PLoS ONE | www.plosone.org

Table 1. Eigenvalues of the transition matrix A of the statespace model for the genes in a regulatory network
responding to silica in cultured human normal and SSc
fibroblasts.

Normal fibroblasts

SSc fibroblasts

0.23997

1.10627

0.66237

1.46736

20.24207

1.00586

0.84603

0.63654

0.32847

0.78374

doi:10.1371/journal.pone.0001693.t001
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Popular methods for investigation of the transient responses of
the dynamic systems are to study the time domain characteristics
of the system under perturbation of the external signals. The
transient response of the dynamic system depends on the input
signal. Different input signal will lead to the different transient
response of the system. There are numerous types of signal in
practice. For the convenience of analysis and comparison, we
consider two types of signals: (i) unit-step signal and (ii) unitimpulse signal as shown in the Figure 2.
For discrete dynamic systems, the transient response of the
system is obtained by using the inverse z transform method [13].
To investigate the transient response of the genes in the network
responding to silica, the silica was taken as input signal. Figures 3A
and 3B show transient response of genes to a unit step
perturbation of silica for normal and SSc fibroblasts, respectively.
Figures 3C and 3D show transient response of genes to an impulse
perturbation of silica for normal and SSc fibroblasts, respectively.
Figures 3A, 3B, 3C and 3D demonstrate that the transient
response of SPARC, TIMP3, CTGF to the perturbation of silica
between the normal and SSc fibroblasts are similar, but the
transient response of COL1A2 and COL3A1 to the perturbation of
the silica between the normal and the SSc fibroblasts were
dramatically different. The expressions of COL1A2 and COL3A1
after perturbation of the silica in normal fibroblasts quickly reach
the steady states. However, the expressions of COL1A2 and
COL3A1 in the SSc fibroblasts after perturbation of silica were
unstable and will never reach the steady-state values. This
phenomenon suggests that dynamic responses of the expressions

Figure 2. Unit step signal and impulse signal.
doi:10.1371/journal.pone.0001693.g002

state values. In the previous section we studied stability of the
whole gene network, but we did not investigate the stability of the
expression of the individual gene in the network. Since the transient
response analysis of the gene network will study the dynamic process
of the expression of the individual gene, it can be used to assess
whether the expression of individual gene after perturbation of
environment is stable or unstable. Although many transient response
analyses is concerned with delay time, rise time, peak time,
maximum overshoot and setting time, in this report, our transient
response analysis mainly focuses on investigation of the stability,
divergence or oscillation of individual gene expression.

Figure 3. Step response and impulse response of the genes to perturbation of silica in cultured fibroblasts.
doi:10.1371/journal.pone.0001693.g003
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plane, which implies that stable system becomes unstable as the
system gain changes from one region to another region.
The root-locus plots the locations of the poles of the closed-loop
single input and single output system (SISO) as the system gain
varies. We use the symbol ‘‘x’’ to denote the poles of the closedloop SISO and the symbol circle ‘‘o’’ to denote the zeros of the
open-loop SISO. If the pole and zero coincide then the symbol :
will be used to represent this situation. To study the dynamic
behavior of the five genes to respond to the perturbation of silica,
we consider the SISO system which takes one of the five genes as
the output and silica as the input.
Figures 4A, 4B, 4C, 4D and 4E, and Figures 5A, 5B, 5C, 5D
and 5E show the root-locus plot of SPARC, TIMP3, COL3A1,
CTGF, and COL1A2 with silica as the input in the normal and SSc
fibroblasts, respectively. We noted that three remarkable features
emerged from two panels of the Figures. First, all poles of the
closed-loop SISO systems for five genes in the normal cell lines lie
in the left hand side of the s-plane, but their corresponding poles in
the SSc fibroblasts lie in the right hand side of the s-plane. This
indicates that the expressions of all five genes to respond to the
disturbance of the environmental silica in normal fibroblasts are
stable, but become unstable in the SSc fibroblasts, which confirms
the previous stability assessment. Second, although all poles of the
closed-loop SISO for five genes in the normal fibroblasts are on
the left hand side of the s-plane, the SPARC, COL3A1, CTGF and
COL1A2, each has at least one branch of the root-locus plot which
will enter the right-hand side of the s-plane. This indicates that the
system becomes unstable as the increasing system gain reaches the
some range. This may imply that the regulations of these four
genes are sensitive to the changes of the system. Third, the poles
and zeros of the SISO on the right hand sides of the s-plane for the

of COL1A2 and COL3A1 in the SSc fibroblasts to environmental
stimuli are irregular.

Root-Locus Analysis
The performance of the gene networks under the design for
stability, time response and reliability can be studied by analysis of
their corresponding closed-loop system. The basic features of the
stability and transient response of the closed-loop system are
largely determined by the location of the closed-loop poles, which
in turn is related to the value of the loop gain [13]. The roots of the
characteristic equation of a system which is derived from the
denominator of transfer function of the closed-loop system are the
system’s closed-loop poles. In general, the poles are complex
variable and can be represented on the complex plane which is
called s-plane. (Negative real) poles on the left hand side of the
complex plane cause the response to decrease, while poles on the
right hand side cause it to increase. Consequently, if the poles of
the closed-loop system lie in the left half s plane, the system is
stable. If any of these poles lies in the right-hand side of the splane, then the system is unstable. In this case, with increasing
time, the transient response of the system will increase monotonically or oscillate with increasing magnitude [13]. As the loop gain
changes the location of the closed-loop, poles will also changes. A
root locus is defined as the locus of the poles of a transfer function
of a closed-loop as a specific parameter (generally, loop gain) is
varied from zero to infinity. The locus of the poles will be plotted
on the complex plane (s-plane) as the system gain is varied on some
interval. Since the location of the poles will change as the gain
changes a system that is stable for gain K1 may become unstable
for a different gain K2. We often observe that the root-locus will
move from the left-hand of the s-plane to the right-hand of the s-

Figure 4. Root-locus of gene expression in normal fibroblasts.
doi:10.1371/journal.pone.0001693.g004
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Figure 5. Root-locus of gene expression in SSc fibroblasts.
doi:10.1371/journal.pone.0001693.g005

SPARC and TIMP3 in the SSc fibroblasts have the same location,
i.e., the poles and zeros are cancelled out. This shows that the
expressions of CTGF, COL1A2 and COL3A1 in response to the
perturbation of the silica are more unstable than that of SPARC
and TIMP3. Differential regulations of CTGF, COL1A2 and
COL3A1 in response to the perturbation of silica between the
normal and SSc fibroblasts may imply that the interactions of
these three genes with the silica may be involved in the
pathogenesis of the SSc. Forth, these Figures also demonstrate
that when normal fibroblasts were changed to SSc fibroblasts, the
root-locus will be moved toward the right-half s-plane. Classical
control theory indicates that moving of the root-locus toward the
right-half s-plane will reduce stability and increase response time
of the system.

The system (regulatory network) is called controllable, if for any
state of the system, there exists a finite time and an admissible
control function such that the system can achieve the desired state
transition. In other words, the state controllability indicates that
we can find an input to change the states from any initial value to
any final value within some finite time. The controllability
provides a binary information about whether the system is
controllable or not, but it does not provide a quantitative measure
to quantify the amount of control effort needed to accomplish the
control task. It has been recognized that to get into insides of
controllability of the system it is indispensible to define a quantity
to measure how the system is controllable. In other words, we need
to develop a measure to evaluate the amount of control efforts
required to change the system from the initial state to the desired
state [39]. The test for controllability is that the controllability
matrix (see methods) has full rank, i.e., the rank of the
controllability matrix is equal to the number of the state variables
of the system. To assess how difficult to achieve control goal, we
calculated the conditional number of the controllability matrix
which measures the degree of difficulty to change the state of the
system (or gene expression in our problem) by the external forces
such as treatments. The larger the conditional number of
controllability matrix, the more control efforts required to
accomplish control task.
The rank of controllability matrix of the system in the statespace model of this partial TGF-b pathway under perturbation of
silica in both normal and SSc fibroblasts is equal to 5 which is the
number of the state variables in the model. Thus, TGF-b pathway
is controllable in both normal and SSc fibroblasts. However, the
conditional numbers of the controllability matrix of the system for
normal and SSc fibroblasts were 80 and 398, respectively, which
showed that the conditional number of the controllability matrix

Controllability
Changes in expression levels of genes and proteins in the
regulatory networks will lead to status transition of the cells from
normal cells to abnormal cells. One way to correct molecular
changes is to transform cells from an undesirable state to a
desirable one by altering gene or protein expressions. Now the
question is whether we can use potentially therapeutic interventions to change gene or protein expressions from undesired states
to desired states. This important issue can be addressed by
examining the controllability of gene regulatory networks.
The fundamental controllability in gene regulation is associated
with two questions. The first question is whether an input (therapy)
can be found such that the system states can be driven from the
undesired initial value to the desired values in a given time
interval. The second question is how difficult it may be to change
the system from undesired states to the desired states if the system
is controllable.
PLoS ONE | www.plosone.org

7

February 2008 | Volume 3 | Issue 2 | e1693

Unstable SSc Fibroblast

network in the SSc fibroblasts is unstable. The zeros of the genes of
SPARC and TIMP3 in SISO system coincided with three poles.
Therefore, although this gene network was unstable in the SSc
fibroblasts, the expressions of the genes of SPARC and TIMP3
were stable. At least one branch of the root locus plots of other
three genes (CTGF, COL1A2 and COL3A1) were on the right hand
sides of the s-plane. This indicates that the responses of the genes
of CTGF, COL1A2 and COL3A1 to the perturbation of silica in
the SSc fibroblasts were unstable no matter how the system gains
were changed. These findings can be confirmed by the transient
response analysis of the genes. The poles and zeros of
characteristic equations of the SISO systems of the genes in
response to the perturbation of internal and external signals are
intrinsic properties of the gene regulations and are largely not
affected by the expressions of other genes. Unlike the concept of
differential expressions of the genes where the differentially
expressed genes may be just consequences of differential
expressions of other genes lying up in the pathway, the differential
stability of the response of the genes to the perturbation of the
signal between normal and abnormal tissues may be involved in
the pathogenesis of the diseases. Therefore, the genes showing
differential stability are supposed to be associated with the diseases.
The root-locus analysis and the transient response will provide
new tools for identifying the genes that are associated with the
diseases. The differential stability and the transient response of the
gene in the response to perturbation of the environment between
the normal and abnormal cells characterize the interaction
between the genes and environments. Therefore, the root-locus
analysis and the transient response analysis also provide a powerful
tool for detection of the gene-environment interaction.
Third, the controllability of biological pathway is an important
property of the system. Germline or somatic mutations lead to the
subsequent transcriptional and translational alterations which will
finally cause diseases. Therapeutic interventions such as radiation,
drug and gene therapy are intended to alter gene expressions from
an undesired state to a desired or normal state. Gene regulation is
a complex biological system. Theoretic and practical analyses in
modern control theory demonstrate that there exist systems which
we are not able (or find difficult) to change from undesired states to
desired states of gene regulation. Now the question arises: are all
biological pathways controllable? Are degrees of controllability of
the biological pathways different between normal and abnormal
Cells? The controllability measures the ability to move a system
around in its entire state space using certain admissible
intervention. In this report, we developed a conditional number
of controllability matrix, to measure the degree of controllability of
the system. Our results show that although a gene expression
network responding to silica in both normal and SSc fibroblasts is
controllable, the degree of controllability of this regulatory
network between the normal and SSc fibroblasts is different. This
regulatory network in the SSc fibroblasts has a low degree of
controllability. In other words, adjustment of regulation of genes in
the network by external intervention in the SSc fibroblasts is more
difficult than that in the normal fibroblasts. We suspect that the
degree of controllability is correlated with the severity of the
diseases. When the diseases are at the initial stages, the biological
systems are easy to move from abnormal states to the normal
states. The degree of controllability of the system will provide
valuable information on the curability of the diseases. Although in
the past a number of authors have studied dynamic properties of
biological networks, their studies have mainly used kinetic data or
artificial data and nonlinear models [28,35–37]. Due to limitation
of experiments, many kinetic parameters in the genetic regulation
have not been available in practice. Large-scale kinetic analysis of

for the SSc fibroblasts is much larger than that for normal
fibroblasts. Therefore, much more control efforts are required to
change gene expressions to desired levels for the SSc fibroblasts
than that for the normal fibroblasts. This implies that the
controllability of this network between the normal and SSc
fibroblasts are differentiable.

Discussion
In the past, large efforts have been devoted to studying the
function of individual genes and static properties of biological
pathways. However, the molecular concentrations and activities in
living organisms are in constant change as a result of their
interactions. The pathogenesis of disease involves evolution and
temporal process. The functions of the cells, tissues and entire
organisms are not only due to the steady states of the biological
pathways, but also due to the dynamic interactions of biological
pathways with the external environments. Although investigation
of the function of individual genes, proteins and steady-states of
the biological pathways is still valuable, it is time to devote more
efforts and resources to study dynamic behaviors and properties of
the biological pathways. It is dynamic properties that play a central
role in giving rise to the function of cells and organisms [40].
To exemplify this principle, we studied the differential dynamic
properties of a partial TGF-b signaling network under perturbation of silica between normal and SSc fibroblasts. We took this
network as a dynamic system and performed dynamic system
analysis. Investigation of differential dynamics of this network
between the normal and SSc fibroblasts consisted of three steps.
The first step was to use the EM algorithm and Kalman filter to
estimate the parameters in the state-space model of this TGF-b
signaling network. The second step was to study stability, the
transient response and controllability of the system, and to perform
root-locus analysis based on the identified state-space model of the
gene network. The third step was to assess whether the dynamic
properties of this network between the normal and SSc fibroblasts
were different.
Our study in dynamic analysis of these gene regulations
addressed several remarkable issues. First, the stability analysis
may be used as a powerful tool for identifying biological pathways
that are associated with the diseases. The stability is one of
systems-level principles underlying complex biological pathways
[41]. The stability of the system is the ability of the system to
return to the equilibrium states after perturbation of the internal
and external stimuli. The requirements for stable biological
pathways are necessary conditions for the normal operations of
the cells and organisms. The unstable biological pathway will
inevitably lead to the malfunction of cells or even death of the
living organism. Our results showed that a gene network in
responding to perturbation of silica is relatively stable in the
normal fibroblasts, but unstable in the SSc fibroblasts. This
assessment of differential stability of biological pathway between
normal and abnormal cells represents a novel approach in study
associations of biological pathways with human diseases.
Second, root-locus analysis can provide valuable information for
finding genes that show strong differential dynamics between
normal and abnormal cells. Not all genes in the unstable pathway
show unstable dynamics. Expressions of some genes in the
unstable pathway may be stable themselves. Our task is to
distinguish the genes that show stable expressions from those show
unstable expressions in the unstable pathway. The state transition
matrix of the state-space model of the studied gene network in the
SSc fibroblasts has three poles that were in the right hand sides of
the complex s-plane (Figures 3 and 4), which implies that this
PLoS ONE | www.plosone.org
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biological networks is infeasible. Here we use gene expressions and
linear models to study dynamic properties of genetic networks. The
results of this report showed that the dynamic properties of genetic
network between normal and abnormal cells were differential.
In summary, dynamic properties of the biological systems are
intrinsic system properties. The gene expressions are the phenotype
of the cells. Their changes are governed by the hidden dynamic
properties of the gene regulatory systems. It is dynamic properties
that determine the phenotypes of the cells. This report represents a
paradigm shift from the studies of individual components and static
properties of the system to the studies of dynamic properties of the
system consisting of individual components.
Although the preliminary results are appealing, they suffer from
several limitations. First, sample sizes were small. Small sample
size will limit the accuracy of the state-space models for biological
pathways, which in turn affect estimation of dynamic properties of
the systems. No much attention in control theory has been paid to
investigation of impact of uncertainty inherent in dynamic systems
on dynamic properties of the system. We will treat biological
networks as stochastic dynamic system and study dynamic
properties of stochastic dynamic systems in the future. Second,
the quantities to characterize the dynamic properties are
essentially random variables. Their distributions are unknown.
We have not developed statistical methods to test significant
differences in the dynamic properties of the pathways between the
normal and abnormal cells. Third, the relations between the
dynamic properties of the genes and their genotypes have not been
investigated. Fourth, we have not performed large-scale dynamic
analysis of the biological pathways. More theoretical development
and large-scale real data analysis for the dynamic properties of the
biological pathways are urgently needed.

and TIMP3. The results from this dose-response assay provided an
optimal dose (10 mM) in a time-dependent exposure for fibroblasts, in which 24-, 48-, 72-, 96- and 120-hour exposure of silica
were assayed in cultured fibroblasts.

Quantitative RT-PCR
Quantitative real time RT-PCR was performed using an ABI
7900 sequence detector (Applied Biosystems, Foster City, CA).
The specific primers and probes for each gene were purchased
through Assays-on-Demand from Applied Biosystems. As described previously (19), total RNA from each sample was extracted
from cultured fibroblasts described above using TRIzol reagent
(Invitrogen Life Technology) and treated with Dnase I (Ambion,
Austin, TX). cDNA was synthesized using Superscript II reverse
transcriptase (Invitrogen Life Technology). Synthesized cDNAs
were mixed with primers/probes in the 26 Taqman universal
PCR buffer, and then assayed on an ABI 7900. The data obtained
from assays were analyzed with SDS 2.1 software (Applied
Biosystems). The amount of total RNA in each sample was
normalized with 18 S rRNA transcript levels.

State-Space Model and Parameter Estimation
A biological pathway is taken as a dynamic system. The biological
system is modeled by linear state-space equations defined as
xkz1 ~Axk zBuk zwk
yk ~Cxk zDuk zvk

ð2Þ

where xk is a vector of state variables at the time k that determine the
dynamics of the regulation and unobserved, uk is a vector of input
variables at the time k such as drugs, environmental forces, and other
state variables that lie outside the model, yk are observed variables at
the time , for example, the gene expressions, A, B, C, and D are
matrices called state matrix, input matrix, output matrix and direct
transmission matrix, respectively, w and v are noises assumed to be
white Gaussian noise with zero means and variance Q and R
respectively, and they are independent of each other.
A fundamental and widely applicable parameter estimation
method is Maximum Likelihood (ML) method that maximizes the
likelihood of the observed data with respect to parameters.
However, the state-space models involve unobserved state
variables that are unavailable. It makes calculation of the
likelihood in the setting of state-space models very difficult. To
solve this problem, we use expectation-maximization (EM)
Algorithm that is widely used iterative parameter estimation
method [15]. Specifically, we first assume that the state variables
are available and then calculate the likelihood of both the observed
data and hidden state variables which will be maximized with
respect to the parameters in the models. After the estimated
parameters are in our hands we then specify new state space
models using the estimated parameters.
For the convenience of presentation, equation (2) can be
rewritten as

Methods
Dermal fibroblast cultures
Skin biopsies of clinically uninvolved skin (3 mm punch) were
obtained from 5 patients with SSc and 5 normal controls after
informed consent was granted. All five patients fulfilled American
College of Rheumatology criteria for SSc [42]. All five had diffuse
skin involvement as defined by LeRoy et al [43], and disease
duration of less than five years. Skin biopsies from five normal
controls with no history of autoimmune diseases undergoing
dermatologic surgery were matched for age (+/2 5 years) and sex.
The study was approved by the Committee for the Protection of
Human Subjects at University of Texas Health Science Center at
Houston.
The skin sample was transported in Dulbecco’s Modified
Essential Media (DMEM) with 10% fetal calf serum (FCS)
(supplemented with an antibiotic and antimycotic) for processing
the same day. The tissue sample was washed in 70% ethanol, PBS,
and DMEM with 10% FCS. Cultured fibroblast cell strains were
established by mincing tissues and placing them into 60 mm
culture dishes secured by glass cover slips. The primary cultures
were maintained in DMEM with 10% FCS and supplemented
with antibiotic and antimycotic.

Silica stimulation on fibroblasts
The 5th passage of fibroblast strains were plated at a density of
2.56105 cells in a 35 mm dish and grown until 80% confluence.
Culture media then were replaced with FCS–free DMEM
containing different doses (1, 5, 10, 25 and 50 mM) of silica
particles obtained from Sigma-Aldrich, St Louis, MO. After 24hour culture at this condition, the fibroblasts were harvested for
extraction of RNA. The RNAs were examined with RT-PCR for
gene expression of COL1A2, COL3A1, TGFBRII, CTGF, SPARC
PLoS ONE | www.plosone.org
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Assume that the distribution of the initial state is given by x1,N(m1,
P1). Let a sequence of input-output data samples and the state be
denoted by

and they can be calculated using Kalman smoother [44]:
Jk ~Pkjk AT P{1
kz1jk

^kjN ~^
^kz1jN {A^
xkjk zJk x
xkjk {Buk {R{1 yk
x

PkjN ~Pkjk zJk Pkz1jN {Pkz1jk JkN

T
T
MkjN ~Pkjk Jk{1
zJk Mkz1jN {APkjk Jk{1

UN ~fu1 , . . . ,uN g,YN ~fy1 , . . . yN g,XNz1 ~fx1 , . . . ,xNz1 g:
The E-M algorithm for estimation of the parameters in the
state-space model of discrete dynamic systems consists of two
iterated steps: E-step and M-step. They are summarized as follows
[16].

The quantities x̂k|k, Pk|k, Pk|k21 are calculated by the Kalman filter
equations as follows:

E-Step

Pkjk{1 ~APk{1jk{1 AT zQ

Calculate the expectation of the augmented log-likelihood
function of both the observed data and hidden state variables
defined as follows:

Gk ~Pkjk{1 C T CPkjk{1 C T zR

{1

Pkjk ~Pkjk{1 {Gk CPkjk{1
0

Qðh,h Þ~Eh0 ½log Ph ðX ,Y jU ÞjY ,U :

N

k~1

^ kjk ~^
xkjk{1 zGk yk {C^
xkjk{1 {Duk ,k~1, . . . ,N
x
MNjN ~ðI{GN C ÞAPN{1jN{1

M-step

ð4Þ

Maximizing the likelihood function defined in equation (7) with
respect to parameters yields

where

Ph ðx1 Þ*N ðm,P1 Þ and Ph



xkz1 
x
*N ðCzk ,PÞ
,u
k
k

yk

m~^
x1jN
ð5Þ

P1 ~P1jN
"
#
A B
C~
~YS{1 , P~W{YS{1 Y T :
C D

Combining equations (4) and (5), we have

N
X

ðjk {Czk ÞT P{1 ðjk {Czk Þ

ð11Þ

Since the network has structure, which enforces certain parameters in the model to be zeros and leaves others to free to change,
we develop constrained EM algorithms.
First we define a matrix product operation of two matrices called
Hadamard product, denoted by 0, as element wise product, i.e.

{2 log Ph ðYN ,XNz1 jUN Þ~log jP1 jzðx1 {mÞT P{1
1 ðx1 {mÞz
N log jPjz

ð10Þ

^ kjk{1 ~A^
xk{1jk{1 zBuk{1
x

To calculate Q(h, h9), we first need to calculate the conditional
likelihood function Ph(X, Y|U). From the model (3), we have
Ph ðYN ,XNz1 jUN Þ~Ph ðx1 Þ P Ph ðxkz1 ,yk jxk ,uk Þ,

ð9Þ

ð6Þ

k~1

Let
½ABij ~½Aij ½Bij :
W~

N
X

N
X







1
1
E 0 j jT YN ,UN , y~
E 0 j zT YN ,UN ,
N k~1 h k k
N k~1 h k k

S~

Then, we define a modification of the vector V, denoted by [V]mod, as
the vector in which all elements corresponding to the zeros elements
in the matrix C are deleted. We define a modification of the matrix as
the matrix in which if intersection of the row and column corresponds
to the zeros elements in the matrix C then such row and column are
deleted. The equation for estimation of parameters (18) is reduced to

N



1X
E 0 zk zTk YN ,UN :
N k~1 h

Taking expectation Eh{.|YN, UN} on both sides of equation (6), we
obtain

3
Y i1
7
6
6 Y i2 7 {Smod ½Ci T ~0
mod
5
4
..
.
mod
2

n
n
o
T
{2Qðh,h0 Þ~log jP1 jzTr P{1
1 Eh0 ðx1 {mÞ ðx1 {mÞ z
ð7Þ



Nlog jPjzNTr P{1 W{YCT {CY T zCSCT



P~ W{YCT {CY T zCYCT 0I

To calculate the matrices W and Y, we use the following quantities



^TkjN
Eh0 yk xTk YN ,UN ~yk x



^ TkjN zPkjN
Eh0 xk xTk YN ,UN ~^
xkjN x



^ Tk{1jN zMkjN ,
Eh0 xk xTk{1 YN ,UN ~^
xkjN x
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Transient-Response Analysis
Response of a biological pathway to perturbation of internal and
external stimuli has two parts: the transient and the steady state
response. The time varying process generated in going from the
initial state to the final state in the response to the perturbation of the

ð8Þ
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internal and external stimuli is called transient response. Steady-state
response studies the system behavior at infinite time. Transientresponse analysis of biological pathways can be used to quantify their
dynamics. It can reveal how fast the biological pathways respond to
perturbation of environments and how accurately the pathways can
finally achieve the desired steady-state values. It can also be used to
study damped vibration behavior and stability of the biological
pathways.
The transient response of the dynamic systems depends on the
input signals. Different signal will cause different response. There
are numerous types of signal in practice. For the convenience of
comparison, we consider two types of signals: (i) unit-step signal
and (ii) unit-impulse signal as shown in Figure 2.
The transient response of dynamic systems can be studied by
transfer function that is used to characterize the input-output
relationships of a linear, time-invariant, differential equation
system. The transfer function is defined as the ratio of the Laplace
transform of the output to the Laplace transform of the input
under the assumption of zero initial conditions. The transfer
function of the response of the biological pathway to unit-step and
unit-impulse input signals are given by Y ðsÞ~ GSðsÞ and Y(s) = G(s)
respectively, where G(s) is the transfer function of the biological
pathway. The transient-response analysis of the biological pathway
can be performed by inverse Laplace transformation. We
performed the transient-response analysis with MATLAB [13].

Figure 6. Scheme of a SISO system
doi:10.1371/journal.pone.0001693.g006

which implies the following characteristic equation of this closedloop system:
1zGðsÞH ðsÞ~0:

ð12Þ

In general, G(s) H(s) involves a gain parameter K. A plot of the
points in the complex plane satisfying the characteristic equation (12)
is the root locus. As the gain parameter changes the root locus will
plot a curve in the complex s-plane. A simple method for plotting
root-locus has been developed by W. R. Evans [29]. In this report,
we use MATLAB to generate root-locus plots [13].

Controllability
A dynamic system is called controllable, if there is an admissible
control function, which can change the system from any given
initial state to any finite state or to the origin of the state space in
the finite time. Define the controllability matrix of the system as
H = [B, AB, ..., An21B], where A and B are the state transition
matrix and input to the state matrix in the linear dynamic system,
respectively. If rank (H) = n, i.e., the rank of the controllability
matrix is equal to the number of the state variables of the system,
then the genetic network is completely controllable.
We use the condition number of the controllability matrix to
measure the degree of the controllability of the system. The
condition number of the controllability matrix is defined as [45]

Stability Analysis
The most important dynamic property of biological pathways is
concerned with stability. Dynamic systems are called stable if their
variables such as gene expressions return to, or towards, their
original or equilibrium states following internal and external
perturbations. For any practical purpose, the biological pathways
must be stable. Unstable gene regulations will lead to the
malfunction or even the death of the cells. A biological pathway
will remain at steady state until occurrence of external perturbation.
Depending on dynamic behavior of the system after perturbation of
environments, the steady-states of the system are either stable (the
system returns to the initial state or changes to other steady-states) or
unstable (the system leaves the initial equilibrium state).
One of the methods for assessing the stability of the linear
dynamic systems is to analyze eigenvalues of the state transition
matrix A of the linear dynamic systems. For a continuous linear
dynamic system, if real parts of all eigenvalues of the transition
matrix A are strictly negative then the system is stable. For a
discrete linear system, if the norm of all eigenvalues of the state
transition matrix A is less than 1 then the system is stable.

kðH Þ~kH { kkH k:
where H2 is a generalized inverse of the matrix H and ||.||
denotes a matrix norm. This can be justified by the following
arguments. The general solution of the discrete linear system is
given by [13]
xk ~Ak xð0Þz

k{1
X

Ak{j{1 Buj ,

ð13Þ

j~0

Root-Locus Analysis

By definition, if the system is controllable, then at some time tk, we
have xk = 0, which implies that

Open and close loop poles and zeros largely determine the
stability and performance of the open and close systems. They
provide valuable information on how to improve stability and
transient response of the systems. Root-locus analysis, in which the
roots of the characteristic equation of the closed-loop system are
plotted for all values of a system parameter, is a powerful tool for
study and design of dynamic pathway. The loop gain is often
chosen to be the parameter. Varying the gain value will change the
location of the closed-loop poles.
Consider a SISO system that consists of a gene regulator and an
input to the gene regulator shown in Figure 6. The transfer
function of the closed-loop system is given by

0~Ak xð0Þz

Ak{j{1 Buj

ð14Þ

j~0

Equation (14) can be reduced to
3
uk{1
7
6
7
6 :
7
6
2
k{1
7~{Ak xð0Þ
:
A B...A B 6
7
6
7
6
5
4 :
u0
2


B

C ð sÞ
G ð sÞ
~
,
RðsÞ 1zG ðsÞH ðsÞ
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Or
Hu~{Ak xð0Þ

From equation (16), we note that the norm of the control vector
||u||
is
proportional
to
the
condition
number:
k(H) = ||H2||||H||. Therefore, we can use the condition
number of the controllability matrix to measure the degree of
controllability.

ð15Þ

where u is a control vector. Solving the equation (15) yields
u~H { Ak xð0Þ
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ð16Þ
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The norm of the control vector represents the amount of control
efforts required to change the states from initial value to the
desired value and hence measures the degree of the controllability.
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Transgenic mice that over-express connective tissue growth factor (CTGF) in fibroblasts under the
control of an enhancer/promoter element of the Col1a2 gene (Col1a2-CTGF) recapitulate multiorgan
fibrosis similar to fibrosis observed in Scleroderma (SSc). In this study we investigate the regulation
of secreted protein acidic and rich in cysteine (Sparc) and Ctgf siRNAs on the expression of several
extracellular matrix components in the fibroblasts derived from Col1a2-CTGF transgenic mice. Three
fibroblast lines were obtained from each of wide type C57BL/6 and CTGF transgenic C57BL/6, and were
transfected with Sparc siRNA or Ctgf siRNA. Real-time quantitative RT-PCR and Western blotting were
used to examine the transcription and protein levels of type I collagen, CTGF and SPARC. Student’s
t-tests were used to determine the significance of the results. Our results showed that Col1a2 and Ctgf
increased expression at both transcriptional and translational levels in the fibroblasts from the Col1a2CTGF transgenic mice compared with those in the fibroblasts from their normal wild-type littermate.
The treatment with Sparc siRNA or Ctgf siRNA attenuated the mRNA and/or protein expression of the
Col1a2, Ctgf and Sparc in these fibroblasts. Sparc and Ctgf siRNAs also showed a reciprocal inhibition
at transcript levels. Therefore, our results indicated that both SPARC and CTGF appeared to be
involved in the same biological pathway, and they have the potential to serve as a therapeutic target for
fibrotic diseases such as SSc.
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Systemic sclerosis (SSc), also known as
scleroderma, is a complex autoimmune disease
characterized by skin and internal organ fibrosis.
Currently, there is neither effective therapy nor
effective prevention for this disease. Although the
etiology of SSc is still unknown, both in vitro and
in vivo studies have indicated that the extensive
deposition of collagens, and other extracellular

matrix (ECM) proteins by activated fibroblasts is a
major pathologic property of SSc (1-2).
To better understand the pathogenic mechanisms
and to find potential therapeutic targets of SSc,
several kinds of animal models, including
genetically modified mice harboring disruptions or
manipulation of pivotal signaling pathways, have
been established (2-3). Transforming growth factor
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β (TGFβ) is a fibrotic growth factor. Over-activity
of TGFβ signaling has been widely accepted to play
important roles in the fibrosis of SSc (4). Connective
tissue growth factor (CTGF) is a downstream
mediator of TGFβ signaling. Many of the profibrotic
properties of TGFβ are induced by the actions of
CTGF (5). Col1a2-CTGF transgenic mice that overexpress CTGF in fibroblasts under the collogen type
1 (Col1a2) promoter showed an SSc-like fibrotic
phenotype (6). The animal models provide a platform
for testing potential anti-fibrotic reagents for SSc.
SPARC (secreted protein, acidic and rich in
cysteine) is a matricellular component of the ECM.
It participates in the modulation of cell-matrix
interactions, cell adhesion, wound repair, and
angiogenesis (7-9) and possibly plays an important
role in fibrosis. Increased expression of SPARC have
been found in many fibrotic diseases including SSc,
pulmonary fibrosis, renal interstitial fibrosis, hepatic
cirrhosis, and atherosclerotic vascular lesions (1014). SPARC has shown the ability to interact with
the TGFβ signaling system through a TGFβ receptor
and Smad2/3-dependent pathway (15).
In our previous studies, we observed that SPARC
can regulate the expression of type 1 collagen, a
major structural protein of the ECM, in normal
human fibroblasts (16). Moreover, after exogenous
TGFβ stimulation, SPARC siRNA showed a
protective role against overexpression of collagen
genes (16). Specific inhibition of SPARC expression
with siRNA led to a down-regulation of collagen
and CTGF gene expression in SSc fibroblasts (17).
In order to evaluate the influence of the inhibition
of Sparc in the Col1a2-CTGF transgenic mouse
model and its potential as a therapeutic target of
SSc, an in vitro study was performed using the
fibroblasts derived from the novel Col1a2-CTGF
transgenic mouse model to investigate the regulation
of Sparc siRNA on the expression of several ECM
components, and to compare it with that of Ctgf
siRNA.

maintained in DMEM with 10% FCS and supplemented
with antibiotics (50 U/ml penicillin and 50 μg/ml
streptomycin). Fifth-passage fibroblast cells were seeded
at a density of 5 × 105 cells in 25-cm2 flasks and grown
until confluence.
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Transient transfection with siRNA
Double-stranded ON-TARGETplus siRNAs of murine
Sparc and Ctgf were purchased from DHARMACON
(Lafayette, CO). The corresponding target sequences
are 5’- GCACCACACGUUUCUUUG -3’ for Sparc
and 5’- GCACCAGUGUGAAGACAUA -3’ for Ctgf,
respectively. The culture medium in each culture flask
with confluent fibroblasts was replaced with Opti-MEM
I medium (Invitrogen, Carlsbad, CA) without FCS and
antibiotics. The fibroblasts were transfected with Sparc
siRNA or Ctgf siRNA, using Metafectene (Biontex,
Munich, Germany) in a concentration of 3 μg siRNA
per ml medium. Fibroblasts with Non-Targeting siRNA
treatment were used as negative control. After 8 hours,
the culture medium was replaced with DMEM. The cells
transfected with siRNA were examined after 72 hours of
transfection and used for RNA expression and protein
assays.
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MATERIALS AND METHODS
Cell lines

Two Three fibroblast lines derived from skin biopsies of

Col1a2-CTGF transgenic (heterozygous) mice and wildtype littermate controls (wide type C57BL/6) (6) were
used in experiments described here. The cultures were

Determination of gene expression by quantitative RTPCR
Quantitative real-time RT-PCR was performed
using an ABI 7900 Sequence Detector System (Applied
Biosystems, Foster City, CA). The specific primers and
probes for each gene (Col1a2, Ctgf, and Sparc) were
purchased from the Assays-on-Demand product line
(Applied Biosystems). Total RNA from each sample was
extracted from the cultured fibroblasts using RNeasy
Mini Kit (Qiagen, Valencia, CA). Complementary DNA
(cDNA) was synthesized using MultiScribe™ Reverse
Transcriptase (Applied Biosystems). Synthesized cDNAs
were mixed with primers/probes in 2 × TaqMan universal
PCR buffer and then assayed on an ABI 7900 sequence
detector. The data obtained from the assays were analyzed
with SDS 2.2 software (Applied Biosystems). The amount
of total RNA in each sample was normalized with Gapdh
transcript levels.
Western blot analysis
The cellular lysates extracted from the above cultured
fibroblasts were used for protein assays. The protein
concentration was determined by a spectrophotometer
using Bradford protein assay kit (Bio-Rad Laboratories,
Hercules, CA). Equal amounts of protein from each
sample were subjected to sodium dodecyl sulfatepolyacrylamide gel electrophoresis. Resolved proteins
were transferred onto PVDF membrane and incubated
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with respective primary antibodies, including anti-type
CTGF International, Saco,
I collagen antibody (Biodesign
ME), anti-Ctgf antibody (GeneTex Inc, San Antonio,
TX), and anti-Sparc antibody (R&D Systems Inc,
Minneapolis, MN). Mouse β-actin (Alexis Biochemicals,
San Diego, CA) was used as an internal control. The
secondary antibody was peroxidase-conjugated antirabbit, anti-goat, or anti-mouse IgG. Specific proteins
were detected by chemiluminescence using an enhanced
chemiluminescence system (Amersham, Piscataway,
NJ). The intensity of the bands was quantified using
ImageQuant software (Molecular Dynamics, Sunnyvale,
CA).

RESULTS

efficiency by direct cell counting. Second, the
fibroblasts from GFP transgenic C57BL/6 mouse
(The Jackson Laboratory, Bar Harbor, Maine) were
transfected with specific siRNA of GFP, and then
examined to see how many cells responded with
decreased levels of GFP. A similar efficiency of
transfection was seen (Fig. 2).
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Gene expression of Col1a2, Ctgf and Sparc after
transfection of siRNAs in wild type and Col1a2CTGF transgenic mice fibroblasts
Seventy-two hours after transfection, the
reduction of Ctgf (73% and 85% in wide type and
transgenic type, respectively) by Ctgf siRNA and
Sparc (69% and 82% in wide type and transgenic
type, respectively) by Sparc siRNA were observed in
two fibroblast lines from wide type or Ctgf
all the three
transgenic mice (Table I and Fig. 3). Interestingly,
the expression of Ctgf and Sparc showed a reciprocal
down-regulation by Sparc siRNA and Ctgf siRNA
(26% and 62% down-regulation of Ctgf by Sparc
siRNA in wide type and transgenic, respectively;
29% and 53% down-regulation of Sparc by Ctgf
siRNA in wide type and transgenic, respectively)
(Table I and Fig. 3). In addition to the expression
of Ctgf and Sparc, the Col1a2 also showed to be
consistently down-regulated in all the fibroblasts
after treated either by Ctgf siRNA or Sparc siRNA
(Table I and Fig. 3).
COL1
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Col1a2, Ctgf and Sparc expression in Col1a2-CTGF
transgenic mice fibroblasts
As measured by quantitative real-time RT-PCR,
Col1a2, Ctgf and Sparc showed increased gene
expression in the fibroblasts from Col1a2-CTGF
transgenic mice compared with those from wildtype littermate controls (wild type) (Fig. 1). The
fold changes of each gene in transgenic fibroblasts
were 2.11±0.01 for Col1a2, 5.77±0.36 for Ctgf, and
1.66±0.18 for Sparc, respectively.

P

Transfection efficiency
Two methods were used for measuring transfection
efficiency of siRNA. First, the fibroblasts were
transfected with fluorescein-labeled non-silencing
siRNA, and then examined under fluorescence
80% transfection
microscopy which showed

Fig. 1. Comparison of gene expression among the wide
type and Col1a2-CTGF transgenic mice fibroblasts. The
expression level of each gene in wild type fibroblasts
was normalized to 1. Bars show the mean±SD results
of analysis of 3 independent experiments performed in
triplicate. * P < 0.05.

Protein expression of Col1a2, CTGF and SPARC in
the fibroblasts with or without siRNA treatment
The expression of the three ECM components at
protein level was examined by Western blot analysis.
Collagen type I and CTGF showed increased
expression in the fibroblasts of Col1a2-CTGF
transgenic mice compared with those in the cells
from their normal littermate (wide type) (Fig. 4),
which was consistent with their increased expression
at the mRNA level. SPARC protein did not show
significant reduction in the fibroblasts of Col1a2CTGF transgenic mice, although its transcriptional
level was lower.
Western blots also showed that the expression of
Collagen type I, CTGF and SPARC were decreased
after Ctgf siRNA or Sparc siRNA treatment in all
fibroblast lines except for Sparc expression in the
fibroblasts transfected with Ctgf siRNA (Fig. 4).
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Fig. 2. GFP expression in the fibroblasts from GFP transgenic mouse with or without GFP siRNA treatment. Left, without
GFP siRNA treatment; right, with GFP siRNA treatment.

P

Fig. 3. Gene expression in the fibroblasts with and without
siRNA transfection. Comparison of gene expression with
Ctgf siRNA, Sparc siRNA, or Non-Targeting siRNA
treatment in wide type (A) and Col1a2-CTGF transgenic
mice fibroblasts (B), respectively. The expression level
of each gene in each fibroblast line with Non-Targeting
siRNA treatment was normalized to 1. Assays were
performed in triplicates. * P < 0.05.

The down-regulation of CTGF protein by Ctgf
siRNA was obviously less efficient than that of
Sparc protein by Sparc siRNA (27% vs 86%, and
39% vs 92% in wild type and transgenic fibroblasts,
respectively), although transcriptional levels of
inhibition by their respective siRNAs were similar
between Ctgf and Sparc. Sparc siRNA also downregulated Ctgf, while Ctgf siRNA did not show a
reciprocal inhibition to Sparc protein. In addition,
the reduction of Col1a2 protein by Ctgf siRNA was
less than that by Sparc (37% vs 47%, 21% vs 35%
in wide type and transgenic fibroblasts, respectively)
(Fig. 4.).
DISCUSSION

Scleroderma is a devastating fibrotic disease
which confers a high risk of mortality. No optimal
therapy for reducing excessive collagen production
in this disease is available (17). Animal model studies
are crucial in finding therapeutic targets in SSc (18).
Recently, Col1a2-CTGF transgenic mouse model
was generated, that constitutively over-expressed
CTGF specifically in fibroblasts (6). These mice
displayed features similar to human scleroderma,
including dermal fibrosis and lung fibrosis, and thus
provided useful tools in the study of fibrogenesis and
identification of possible therapeutic targets.
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Fig. 4. Western blot analysis of type I collagen, Ctgf, and Sparc in wild type and Col1a2-CTGF transgenic mice fibroblasts
with Ctgf siRNA or Sparc siRNA transfection (A). N: Non-Targeting siRNA treatment; C: Ctgf siRNA treatment; S: Sparc
siRNA treatment. Wild type stands for wild type fibroblasts. Densitometric analysis of Western blots for Col1, Ctgf and
Sparc are summarized in B, C, and D. Protein expression levels were compared between transgenic mice fibroblasts and
wild type fibroblasts with or without Ctgf or Sparc siRNA treatment. Assays were performed in triplicates. * P < 0.05.

P

Table I. Inhibition of gene expression by siRNA (assays were performed in triplicates).
Fibroblast line
Wide type mice

Col1a2-CTGF transgenic
mice

Relative transcription level (mean±SD)

Gene name

Non-Targeting
siRNA

Ctgf siRNA

Sparc siRNA

Col1a2

1

0.38±0.09

0.59±0.06

Ctgf
Sparc

1
1

0.27±0.16
0.71±0.22

0.74±0.07
0.31±0.06

Col1a2

1

0.26±0.14

0.42±0.03

Ctgf
Sparc

1
1

0.15±0.08
0.47±0.14

0.38±0.06
0.18±0.08

Extensive deposition of collagens and other
ECM proteins represent biomarkers for activated
fibroblasts of SSc. SPARC and CTGF are two such
ECM proteins important in regulating the production
of collagen. Several mechanisms of such regulation
have been explored, such as through SPARC and/or
CTGF directly down-stream regulation or feedback
control of TGFβ signaling transduction, and through

direct binding to TGFβ receptor or TGFβ itself
(15,19-23). In our previous study, it was shown
that SPARC siRNA could attenuate the production
of some ECM components, such as type 1 and 3
collagens, SPARC and CTGF in human normal
and SSc fibroblasts (16-17, 23). We and others also
showed that the blockade of CTGF expression either
by CTGF siRNA, or its antisense oligonucleotide or
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corresponding antibody, can block TGFβ-induced
collagen production and/or fibronectin expression
(23-26). We hereby further validated the anti-fibrotic
effect of CTGF and SPARC inhibitors in profibrotic
fibroblasts of Col1a2-CTGF transgenic mice that
constantly over-express CTGF and collagens.
Our studies indicate that, similar to human
fibroblasts, Sparc siRNA and Ctgf siRNA downregulated the expression of collagen in mice
fibroblasts of both wild type and Col1a2-CTGF
transgenic types at both the transcriptional and
translational levels (Table I, Figs. 3 and 4). Since
parallel expression of Ctgf, Sparc and collagen in
Col1a2-CTGF transgenic mice fibroblasts suggested
that all three genes are involved in Ctgf-driven
biological pathways, attenuation of over-expressed
collagen type I in Col1a2-CTGF transgenic mouse
fibroblasts by Sparc siRNA is likely mediated by
Ctgf function.
Although mRNA expression levels of Sparc
and Ctgf showed a reciprocal inhibition of these
two genes by corresponding siRNA treatment in
mouse fibroblasts, protein expression of these two
appeared different. Sparc siRNA down-regulated
CTGF protein in both wild type and transgenic
mouse fibroblasts. In contrast, Ctgf siRNA did not
show down-regulatory effect on the SPARC protein
expression in the fibroblasts. Discordant expression
levels of mRNA and protein of Sparc in both wild
type and transgenic fibroblasts treated with Ctgf
siRNA may reflect translational efficiency in the
cells. On the other hand, concordant regulation of
mRNA and protein of Ctgf by Sparc siRNA supports
our previous finding in human fibroblasts, in which
SPARC showed as an upstream regulator of CTGF in
response to TGFβ stimulation (23). It is worth noting
that an up-regulated gene expression level of Sparc
was observed in the fibroblasts of Col1a2-CTGF
transgenic mice. Along with the reciprocal inhibition
of Sparc and Ctgf genes by corresponding siRNA
treatment in mouse fibroblasts, these observations
further suggested a mutual regulatory effect between
SPARC and CTGF in the ECM compartment.
In conclusion, the fibroblasts from Col1a2-CTGF
transgenic mice showed profibrotic features, which
can be ameliorated by Inhibition of Sparc or Ctgf
expression using their corresponding siRNAs. Sparc
and Ctgf siRNAs showed a reciprocal inhibition in

transcript levels, and Sparc siRNA also reduced the
protein level of CTGF. The present in vitro study
using fibroblasts from Col1a2-CTGF transgenic
mouse model provides useful and potentially
sufficient information for in vivo research to
proceed.
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Abstract
Introduction: SPARC is a matricellular protein, which, along with other extracellular matrix components including
collagens, is commonly over-expressed in fibrotic diseases. The purpose of this study was to examine whether
inhibition of SPARC can regulate collagen expression in vitro and in vivo, and subsequently attenuate fibrotic stimulation
by bleomycin in mouse skin and lungs.
Methods: In in vitro studies, skin fibroblasts obtained from a Tgfbr1 knock-in mouse (TBR1CA; Cre-ER) were transfected
with SPARC siRNA. Gene and protein expressions of the Col1a2 and the Ctgf were examined by real-time RT-PCR and
Western blotting, respectively. In in vivo studies, C57BL/6 mice were induced for skin and lung fibrosis by bleomycin
and followed by SPARC siRNA treatment through subcutaneous injection and intratracheal instillation, respectively. The
pathological changes of skin and lungs were assessed by hematoxylin and eosin and Masson's trichrome stains. The
expression changes of collagen in the tissues were assessed by real-time RT-PCR and non-crosslinked fibrillar collagen
content assays.
Results: SPARC siRNA significantly reduced gene and protein expression of collagen type 1 in fibroblasts obtained from
the TBR1CA; Cre-ER mouse that was induced for constitutively active TGF-β receptor I. Skin and lung fibrosis induced by
bleomycin was markedly reduced by treatment with SPARC siRNA. The anti-fibrotic effect of SPARC siRNA in vivo was
accompanied by an inhibition of Ctgf expression in these same tissues.
Conclusions: Specific inhibition of SPARC effectively reduced fibrotic changes in vitro and in vivo. SPARC inhibition may
represent a potential therapeutic approach to fibrotic diseases.
Introduction
Fibrosis is a general pathological process in which excessive deposition of extracellular matrix (ECM) occurs in
the tissues. It is currently untreatable. Although therapeutic uses of some anti-inflammatory and immunosuppressive agents such as colchicine, interferon-gamma,
corticosteroids and cyclophosphamide have been
reported, many of these approaches have not proven successful [1-3]. Recently, SPARC (secreted protein, acidic
and rich in cysteine), a matricellular component of the
ECM, has been reported as a bio-marker for fibrosis in
multiple fibrotic diseases, such as interstitial pulmonary
fibrosis, renal interstitial fibrosis, cirrhosis, atheroscle* Correspondence: Xiaodong.zhou@uth.tmc.edu
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rotic lesions and scleroderma or systemic sclerosis (SSc)
[4-9]. Notably, increased expression of SPARC has been
observed in affected skin and circulation of patients with
SSc [10,11], a devastating disease of systemic fibrosis, as
well as in cultured dermal fibroblasts obtained from SSc
skin [8,9].
SPARC, also called osteonectin or BM-40, is an important mediator of cell-matrix interaction [12]. Increasing
evidence indicates that SPARC may play an important
role in tissue fibrosis. In addition to its higher expression
level in the tissues of fibrotic diseases, SPARC has shown
a capacity to stimulate the transforming growth factor
beta (TGF-β) signaling system [13]. Inhibition of SPARC
attenuates the profibrotic effect of exogenous TGF-β in
cultured human fibroblasts [14]. Moreover, in animal
studies, SPARC-null mice display a diminished amount of
pulmonary fibrosis compared with control mice after
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exposure to bleomycin, a chemotherapeutic antibiotic
with a profibrotic effect [15]. These observations suggest
that SPARC is a potential bio-target for anti-fibrotic therapy.
Recently, application of double-stranded small interfering RNA (siRNA) to induce RNA silencing in cells has
been widely accepted in many studies of gene functions
and potential therapeutic targets [16]. The selective and
robust effect of RNAi on gene expression makes it a valuable research tool, both in cell culture and in living organisms. Unlike a gene knockout method, siRNA-based
technology can easily silence the expression of a specific
gene and is more feasible in practice, such as in disease
therapy. Therefore, tissue-specific administration of the
siRNA of candidate genes is currently being developed as
a potential therapy in a great number of diseases, such as
pulmonary diseases, ocular diseases, and others [17-19].
Our previous studies demonstrated that the overproduction of collagens in the fibroblasts obtained from SSc skin
can be attenuated through SPARC silencing with siRNA.
It suggested that application of SPARC silencing represents a potential therapeutic approach to fibrosis in SSc
and other fibrotic diseases [20]. However, it is still
unknown whether SPARC siRNA can improve fibrotic
manifestations in vivo. The main purpose of the studies
herein was to explore the feasibility of inhibition of
SPARC with siRNA to counter fibrotic processes in a
fibrotic mouse model in vivo. As a preliminary experiment in the in vivo studies, the fibroblasts cultured from a
transgenic fibrotic model were used to assess the possibility and potential mechanisms of SPARC siRNA in attenuating the collagen expression in vitro. At the same time,
the effects of SPARC siRNA to encounter fibrosis were
compared with that of siRNA of CTGF, a well-known
fibrotic marker. The fibrotic models used herein were the
very popular bleomycin-induced skin and pulmonary
fibrosis in mice. Subcutaneous injection and intratracheal
instillation of siRNAs were used for tissue-specific treatments of skin and pulmonary fibrosis, respectively.

Materials and methods
Fibroblast cell lines from Tgfbr1 knock-in mouse

Constitutively activated Tgfbr1 mice, which recapitulated
clinical, histological, and biochemical features of human
SSc, have been reported previously [21]. They are termed
TBR1CA; Cre-ER mice and harbor both the DNA for an
inducible constitutively active TGFβ receptor I (TGFβRI)
mutation targeted to the ROSA locus, and a Cre-ER
transgene driven by a Col1 fibroblast-specific promoter.
Fibroblasts were derived from skin biopsy specimens of
these mice. The cultures were maintained in DMEM with
10% FCS and supplemented with antibiotics (50 U/ml
penicillin and 50 μg/ml streptomycin). Fifth-passage
fibroblast cells were seeded at a density of 5 × 105 cells in
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25-cm2 flasks and grown until confluence. Experiments
were performed in triplicates.
Transient transfection with siRNA in fibroblasts

Double-stranded ON-TARGETplus siRNAs of murine
SPARC and Ctgf were purchased from Dharmacon, Inc.
(Lafayette, CO, USA). The corresponding target
sequences are 5'-GCACCACACGUUUCUUUG-3' for
SPARC and 5'-GCACCAGUGUGAAGACAUA-3' for
Ctgf, respectively. The culture medium in each culture
flask with confluent fibroblasts was replaced with OptiMEM I medium (Invitrogen, Carlsbad, CA, USA) without
FCS and antibiotics. The fibroblasts were incubated for
24 hours and transfected with SPARC siRNA or Ctgf
siRNA in a concentration of 100 nmol/L, using DharmaFECT™ 1 siRNA Transfection Reagent (Dharmacon).
Fibroblasts with Non-Targeting siRNA (Dharmacon)
treatment were used as negative controls. The non-targeting siRNA was characterized by genome-wide
microarray analysis and found to have minimal off-target
signatures to human cells. It targets firefly luciferase
(U47296). After 24 hours, the culture medium was
replaced with DMEM. The cells transfected with siRNA
were examined after 72 hours of transfection and used for
RNA and protein expression analysis. The experiments
were performed in triplicates.
Animal models of fibrosis

C57BL/6 mice of about 20 grams were purchased from
Jackson Laboratory (Bar Harbor, ME, USA). Bleomycin
from Teva Parenteral Medicines Inc. (Irvine, CA, USA)
was dissolved in saline and used in the mice at a concentration of 3.5 units/kg. Pulmonary fibrosis was induced in
these mice with one time intratracheal instillation of
bleomycin. For dermal fibrosis, female C57BL/6 mice at
six weeks (weighing about 20 g) were treated daily for
four weeks with local subcutaneous injection of 100 μl
bleomycin in the shaved lower back. Four mice were used
in each group. The animal protocols were approved by
the Center for Laboratory Animal Medicine and Care in
the University of Texas Health Science Center at Houston, the Institutional Animal Use and Care Committee of
M.D. Anderson Cancer Center, and Fudan University,
China.
Administration of siRNAs in vivo

For pulmonary fibrosis, 3 μg of siRNA for in vivo use (siSTABLE, Dharmacon), mixed with DharmaFECT™ 1
siRNA Transfection Reagent, was administrated intratracheally in 60 μl on Days 2, 5, 12 after bleomycin treatment. In addition, the siGLO Green transfection
indicator (Dharmacon), a fluorescent RNA duplex was
used for evaluating distribution of intratracheally injected
siRNA. Twenty-four hours after injection, lung tissues
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were obtained for processing slides using a cryo-microtomy. All the mice were sacrificed on Day 23 after anesthesia, and the lung samples were collected. The left
lungs were fixed by 4% formalin and used for further histological analysis. The right lungs were minced to small
pieces and divided into two parts, one for RNA extraction
and one for collagen content analysis.
For dermal fibrosis, the above siRNAs were injected
into the same area as that of bleomycin three hours after
bleomycin treatment and continued for four weeks. The
mice were sacrificed on Day 29 and the skin samples were
collected. Saline was used as a negative control in both
fibrosis studies.
Determination of gene expression by quantitative RT-PCR

Total RNA from each cell line was extracted from the cultured fibroblasts using RNeasy Mini Kit (Qiagen, Valencia, CA, USA). For mice lung and skin tissues, the minced
samples were homogenized in lysis solution (SigmaAldrich, St. Louis, MO, USA) with a blender. Then total
RNA was extracted using GenElute™ Mammalian Total
RNA Miniprep Kit (Sigma-Aldrich). Complementary
DNA (cDNA) was synthesized using MultiScribe™
Reverse Transcriptase (Applied Biosystems, Foster city,
CA, USA). Quantitative real-time RT-PCR was performed using an ABI 7900 Sequence Detector System
(Applied Biosystems). The specific primers and probes
for each gene (Col1a2, Col3A1, Ctgf, SPARC and Ccl2)
were purchased from the Assays-on-Demand product
line (Applied Biosystems). Synthesized cDNAs were
mixed with primers/probes in 2 × TaqMan universal PCR
buffer and then assayed on an ABI 7900 sequence detector. The data obtained from the assays were analyzed with
SDS 2.2 software (Applied Biosystems). The expression
level of each gene in each sample was normalized with
Gapdh transcript level.
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actin (Alexis Biochemicals, San Diego, CA, USA) was
used as an internal control. The secondary antibody was
peroxidase-conjugated anti-rabbit, anti-goat, or antimouse IgG. Specific proteins were detected by chemiluminescence using an enhanced chemiluminescence system (Amersham, Piscataway, NJ, USA). The intensity of
the bands was quantified using ImageQuant software
(Molecular Dynamics, Sunnyvale, CA, USA).
Determination of collagen content

Non-crosslinked fibrillar collagen in lung samples and
skin samples was measured using the Sircol colorimetric
assay (Biocolor, Belfast, UK). Minced tissues were
homogenized in 0.5 M acetic acid with about 1:10 ratio of
pepsin (Sigma-Aldrich). Tissues were weighted, and then
incubated overnight at 4°C with vigorous stirring.
Digested samples were centrifuged and the supernatant
was used for the analysis with the Sircol dye reagent. The
protein concentration was determined using Bradford
protein assay kits and the collagen content of each sample
was normalized to total protein.
Histological analysis

The tissue samples of both lung and skin were fixed in 4%
formalin and embedded in paraffin. Sections of 5 μm
were stained either with hematoxylin and eosin (HE) and
Masson's trichrome.
Statistical analysis

Results were expressed as mean ± SD). The difference
between different conditions or treatments was assessed
by Student's t-test. A P-value of less than 0.05 was considered statistically significant.

Results

Western blot analysis

Gene and protein expression of Col1a2, Ctgf and SPARC in
the fibroblasts from TBR1CA; Cre-ER mice with and without
transfection of siRNAs of SPARC or Ctgf

The lysis buffer for Western blot analysis consisted of 1%
Triton X-100, 0.5% Deoxycholate Acid, 0.1% SDS, 1 mM
EDTA in PBS and proteinase inhibitor cocktail from
Roche (Basel, Switzerland). The cellular lysates extracted
from the cultured fibroblasts were used for protein
assays. The protein concentration was determined by a
spectrophotometer using Bradford protein assay kit (BioRad Laboratories, Hercules, CA, USA). Equal amounts of
protein from each sample were subjected to sodium
dodecyl sulfate-polyacrylamide gel electrophoresis.
Resolved proteins were transferred onto PVDF membranes and incubated with respective primary antibodies,
including anti-type I collagen antibody (Biodesign International, Saco, ME, USA), anti-CTGF antibody (GeneTex
Inc, San Antonio, TX, USA), and anti-SPARC antibody
(R&D Systems Inc, Minneapolis, MN, USA). Mouse β-

As measured by quantitative real-time RT-PCR, the transcripts of Col1a2, Ctgf and SPARC showed increased
expression in the fibroblasts from TBR1CA; Cre-ER mice
injected with 4-OHT, in which Tgfbr1 was constitutively
active, compared with those in the cells from TBR1CA;
Cre-ER mice injected with oil (Figure 1). The foldchanges of each gene in 4-OHT-injected TBR1CA; Cre-ER
mice fibroblasts were 3.06 ± 1.42 for Col1a2 (P = 0.050),
4.15 ± 1.18 for Ctgf (P = 0.049), and 2.49 ± 0.63 for SPARC
(P = 0.017), respectively. To study whether inhibition of
SPARC induced a reduction of collagen in the fibroblasts
from constitutively active Tgfbr1 mice, we transfected
SPARC siRNA into cultured fibroblasts obtained from
TBR1CA; Cre-ER mice injected with 4-OHT. Ctgf is a
down-stream gene in the TGF-β pathway [22-25], and
inhibition of Ctgf reduced expression of the fibrotic effect
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Figure 1 Comparison of gene expression between the fibroblasts
of TBR1CA; Cre-ER mice injected with oil and 4-OHT. The expression
level of each gene in the fibroblasts of TBR1CA; Cre-ER mice injected
with oil was normalized to 1. Bars show the mean ± SD results of analysis of three independent experiments performed in triplicate. *, P <
0.05.

of TGF-β [26]. We used Ctgf siRNA as a positive control
for inhibition of Ctgf and collagen expression. Transfection efficiency of siRNAs into fibroblasts was measured
using fluorescent RNA duplex siGLO Green transfection
indicator (Dharmacon) and was determined to be over
80%. The gene expression levels from the Non-Targeting
siRNA treated fibroblasts were compared with those
from saline-treatment fibroblasts, and no significant differences were found (1.05 ± 0.18-folds for Col1a2, 1.14 ±
0.16-folds for Ctgf, and 1.12 ± 0.12-folds for SPARC).
Therefore, in the following in vitro study, fibroblasts with
Non-Targeting siRNA treatment were used as negative
controls. Seventy-two hours after SPARC siRNA or Ctgf
siRNA transfection, significant reductions of SPARC
(95%) by SPARC siRNA and Ctgf (64%) by Ctgf siRNA
were observed in the fibroblasts (Figure 2A). In parallel,
Col1a2 showed decreased expression in both siRNA
transfected fibroblasts (27% and 29% decrease with P <
0.05 for Ctgf siRNA and SPARC siRNA, respectively)
(Figure 2A). Western blot analysis showed a similar level
of protein reduction of type I collagen by either SPARC
siRNA or Ctgf siRNA treatment. As illustrated in Figure
2B, C, both SPARC siRNA and Ctgf siRNA showed significant attenuation of collagen type I in the fibroblasts (P =
0.009 or 0.015, respectively). CTGF and SPARC protein
levels also were reduced by their corresponding siRNAs
(P = 0.002 and 0.0004, respectively).
siRNAs of SPARC and Ctgf ameliorated fibrosis in skin and
reduced inflammation in lungs induced by bleomycin

HE stains of mouse skin tissues (Figure 3-1) showed that
four-week injections of bleomycin induced significant
fibrosis in skin where the fat cells were replaced by fiber
bundles (Figure 3-1B, compared with normal skin
injected with saline only (Figure 3-1A). Bleomycin-
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Figure 2 Gene and protein expression in original and siRNA treated fibroblasts from TBR1CA; Cre-ER mice injected with 4-OHT. (A)
Relative transcript levels of Col1a2, Ctgf, and SPARC in cultured fibroblasts transfected with non-targeting siRNA (NT siRNA), Ctgf siRNA and
SPARC siRNA. The expression level of each gene in the fibroblast lines
with NT siRNA transfection was normalized to 1. *, P < 0.05. (B) Western
blot analysis of type I collagen (COL1), CTGF, and SPARC in the fibroblasts from constitutively active Tgfbr1 mice transfected with NT siRNA, Ctgf siRNA or SPARC siRNA. N, non-targeting siRNA transfected
fibroblasts; C, Ctgf siRNA transfected fibroblasts; S, SPARC siRNA transfected fibroblasts. (C) Densitometric analysis of Western blots for protein level of COL1, CTGF, and SPARC. Compared to non-targeting
siRNA treatment, Ctgf siRNA or SPARC siRNA transfected fibroblasts
showed significant reduction of COL1 (P = 0.015 or 0.009 respectively).
Significant reduction of CTGF (P = .002) by Ctgf siRNA and SPARC (P =
0.0004) by SPARC siRNA were also shown. Bars show the mean ± SD results of analysis of three independent experiments performed in triplicate. *, P < 0.05.

injected skin treated with SPARC siRNA or Ctgf siRNA
showed that most of the fat cells still existed in the dermis
without prominent fiber bundles (Figure 3-1C, D). Masson's trichrome staining of the samples also showed the
same results. Notably, increased hair follicles were inconsistently seen in Ctgf siRNA- and SPARC siRNA-treated
bleomycin-induced skins.
The lung distribution of intratracheally injected fluorescent siRNA showed that intense fluorescence was distributed within epithelial cells of bronchi and
bronchioles, and only weak fluorescence was detected in
the parenchyma (Figure 4-1).
HE stain of mouse lung tissues (Figure 4-2) showed a
significant disruption of the alveolar units and infiltration
of inflammatory cells in the lungs induced by bleomycin
(Figure 4-2B), compared with saline injection (Figure 42A). However, after treatment with Ctgf siRNA or SPARC
siRNA, the disruption of the alveoli was improved with
less infiltrating inflammatory cells (Figure 4-2C, D). In
addition, both siRNA treatments showed a significant
reduction of gene expression of Ccl2, an active biomaker

Wang et al. Arthritis Research & Therapy 2010, 12:R60
http://arthritis-research.com/content/12/2/R60

Page 5 of 9

Figure 3 Examination of skin tissues. (1) Representative histological analysis of HE and Trichrome stain of mouse skin with different treatments for
four weeks in low (4 ×) and high magnifications (20 ×). Four mice were used for each group. A. Injection with saline (negative control) only; B. Injection
with bleomycin only; C. Injection with bleomycin and treatment with SPARC siRNA; D. Injection with bleomycin and treatment with Ctgf siRNA. (2)
Collagen contents in skin samples with different treatments. The collagen content in the skin sample from saline treated mice was normalized to 1.
Treatments: Sa, saline; B, bleomycin; B + C, bleomycin and Ctgf siRNAs; B + S, bleomycin and SPARC siRNA. P < 0.05.

of inflammation, which was up-regulated in bleomycin
stimulated mice (Figure 5B).
siRNAs of SPARC and Ctgf reduced the collagen contents in
bleomycin-induced mouse skin and lung tissues

To further evaluate anti-fibrotic effects of siRNAs on the
fibrogenesis of skin and lung, the collagen content was

measured in the collected dermal and pulmonary samples. Quantification of total collagen in skin samples with
the Sircol assay showed a 2.2-fold increase in bleomycininduced skin compared with saline-injected skin (P =
0.050). Ctgf siRNA treatment reduced the collagen content significantly to 47.6% (P = 0.028) of that in bleomy-
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Figure 4 Examination of lung tissues. (1) The lung tissue staining for intratracheally injected fluorescent siRNA. Intense fluorescence was observed
within epithelial cells of bronchi and bronchioles, and weak fluorescence was detected in the parenchyma. (2) Representative histological features of
HE and Trichrome stain of mouse lung samples with different treatments intratracheally in low (4 ×) and high magnifications (40 ×). Four mice were
used for each group. A. Injection with saline (negative control) only; B. Injection with bleomycin only on Day 0; C. Injection with bleomycin on Day 0
and SPARC siRNA on Days 2, 5, and 12; D. Injection with bleomycin on Day 0 and Ctgf siRNA on Days 2, 5, and 12. (3) Collagen contents in lung samples
with different treatments. The collagen content in the lung sample from saline treated mice was normalized to 1. Four mice were used for each group.
Treatments: Sa, saline; B, bleomycin; B + C, bleomycin and Ctgf siRNAs; B + S, bleomycin and SPARC siRNA. *, P < 0.05.
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Figure 5 Gene expression in skin (A) or lung samples (B) with different treatments. Four mice were used for each treatment. The relative transcript levels of Col1a2, Col3a1, Ctgf, SPARC and Ccl2 in siRNAtreated or untreated bleomycin-induced skins or lungs, respectively.
The expression level of each gene in the skin or lung sample from saline treated mice was normalized to 1. Treatments: Saline; BLM (bleomycin); BLM + Ctgf siRNA and BLM + SPARC siRNA. *, P < 0.05.

cin-induced skin, and SPARC siRNA treatment reduced
the collagen content to 64.6% (P = 0.077) but not very significantly (Figure 3-2). The difference of collagen reduction (P = 0.076) between SPARC siRNA treatment and
Ctgf siRNA treatment was not very significant might due
to the small sample size.
The siRNA treatments also showed a reduction of collagen in the lung tissues of bleomycin-induced mice (Figure 4-2). In bleomycin-induced mice, collagen content of
lung tissues was 3.6-fold higher than that in salineinjected control mice (P = 0.014). In SPARC siRNA
treated mice that also were bleomycin-induced, the collagen content of lung tissues was significantly reduced to
58% (P = 0.019) of that in bleomycin-induced mice without siRNA treatment. Ctgf siRNA also reduced the collagen content to a quite low level (68% of that without
siRNA treatment) but without significance (P = 0.128).
Further, no significant difference of collagen content was
found between SPARC siRNA treatment and Ctgf siRNA
treatment in bleomycin-injured lungs (P = 0.277).
siRNAs of SPARC and Ctgf attenuated over-expression of
collagen and other fibrotic ECM genes induced by
bleomycin in skin and lung tissues

Bleomycin injection induced an up-regulation of the
Col1a2, Col3a1, Ctgf and SPARC gene in both skin (Fig-
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ure 5A, P = 0.028, 0.016, 0.049 and 0.0005, respectively)
and lung tissues (Figure 5B, P = 0.015, 0.005, 0.041 and
0.056, respectively) of the mice significantly or marginal
significantly. However, in Ctgf siRNA or SPARC siRNA
treated mice skin that also received bleomycin injection,
the expression of the Col1a2 and Col3a1 appeared to be
normal in skin tissues (Figure 5A, P = 0.025 and 0.003 for
each gene in Ctgf siRNA treatment, and P = 0.031 and
0.010 in SPARC siRNA treatment), and were significantly
improved in lung tissues (about 2.7-fold reduction for
Col1a2 and 1.9-fold reduction for Col3a1, compared to
bleomyin-injected mice without siRNA treatment, P <
0.05 for both) (Figure 5B). In addition to collagen gene
expression, the Ctgf and the SPARC expression were significantly or marginal significantly reduced by SPARC
siRNA and Ctgf siRNA treatment, respectively (Figure
5B). In detail, compared to bleomycin-induced skin and
lungs, SPARC siRNA normalized Ctgf expression in both
skin and lungs (2.6-fold reduction in both with P = 0.100
and 0.039, respectively). Similarly, Ctgf siRNA also
reduced SPARC expression in skin and lungs (2.9-fold
and 1.5-fold reduction with P = 0.044 and 0.102, respectively).

Discussion
Although fibrosis is usually an irreversible pathological
condition, targeting underlying molecular effectors may
reverse an active status of the fibrotic process, and subsequently inhibit fibrosis. The TGF-β signaling pathway is
associated with active fibrosis [22,23]. It begins with the
binding of the TGF-β ligand to the TGF-β type II receptor, which catalyses the phosphorylation of the type I
receptor on the cell membrane. The type I receptor then
induces the phosphorylation of receptor-regulated
SMADs (R-SMADs) that bind the coSMAD. The phosphorylated R-SMAD/coSMAD complex enters the
nucleus acting as transcription factors to regulate target
gene expression [22,23]. CTGF (connective tissue growth
factor) is a down-stream gene that can be activated by the
TGF-β signaling pathway [23,24]. Activation of CTGF is
associated with potent and persistent fibrotic changes in
the tissues, which is typically represented as accumulation of the ECM components including collagens [24,25].
SPARC also is involved in TGF-β signaling. It was
reported that SPARC stimulated Smad2 phosphorylation
and Smad2/3 nuclear translation in lung epithelial cells
[27]. Recently, while examining SPARC regulatory role on
the ECM components in human fibroblasts using linear
structure equations, we demonstrated that SPARC positively controlled the expression of CTGF [26]. Although
down-regulation of CTGF has been employed in treating
fibrotic conditions [28], application of SPARC inhibition
in attenuation of a fibrotic process in a therapeutic animal
model has not been reported.
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The studies described here first utilized the fibroblasts
obtained from the TBR1CA; Cre-ER mice that were
induced for constitutively active TGF-β receptor I. After
transfection of SPARC siRNA, the fibroblasts showed a
decreased expression of Col1a2 that was originally overexpressed in the TBR1CA; Cre-ER mice (Figure 2). This
phenomenon suggests that SPARC inhibition may interrupt fibrotic TGF-β signaling, which generally induces
collagen production. Although the specific mechanism
for this suppression is unclear, multiple previous studies
have demonstrated a mutual regulatory relationship
between SPARC and TGF-β signaling [14,26,29]. This
notion also is supported by the observation of an overexpression of SPARC in the fibroblasts of the TBR1CA;
Cre-ER mice (Figure 1). It should be noted that the Ctgf
expression in the fibroblasts was not reduced upon
SPARC inhibition. These results appear to contradict our
previous report of parallel inhibition of SPARC and
CTGF expression in human fibroblasts by SPARC siRNA
[14]. A possible explanation is that over-expressed Ctgf
from constitutively activated TGF-β signaling in these
fibroblasts may confer resistance to a down-regulatory
effect from SPARC siRNA. However, such resistance
appeared to have limited influence on any down-regulatory effect of SPARC siRNA on collagen type 1, which
suggests that CTGF is not a sole contributor to TGF-β
signaling-associated fibrosis.
Bleomycin induced fibrosis in mice usually occurs after
inflammation in which TGF-β is up-regulated [30]. Our
in vivo application of SPARC siRNA demonstrated that
inhibition of SPARC significantly reduced fibrosis in skin
and lungs induced by bleomycin. In the treatment of skin
fibrosis, SPARC siRNAs reduced fiber bundles accumulated in the dermis with less mononuclear cell infiltrates
(Figure 3-1). In addition to histological changes, the
thickness of bleomycin-induced skin treated with SPARC
siRNA showed over 50% reduction compared to that
without SPARC siRNA treatment (data not shown). The
changes of tissue fibrotic level further were confirmed
with significantly decreased collagen gene expression
(Figure 5A). Non-crosslinked fibrillar collagen in the skin
tissues also showed an average of 35.4% reduction after
SPARC siRNA treatment (Figure 3-2).
In the treatment of lungs, SPARC siRNA reduced the
disruption and inflammatory cells of the alveoli induced
by bleomycin (Figure 4-2), which was accompanied with
attenuated gene expression and protein content of collagens as compared to that without siRNA treatment (Figures 5B and 4-3). In addition, a significant reduction of
the Ccl2 expression in the siRNA-treated lung tissues also
suggests an improvement of inflammation supporting the
findings in histological staining. These observations are
consistent with previous reports on SPARC-null mice
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that exhibited attenuation of inflammation and fibrosis in
kidneys [31]. While precise mechanism of these changes
is still unknown, increased expression of SPARC was
reported to correlate with the levels of inflammatory
markers [32,33]. It is likely that SPARC inhibition altered
composition of microenvironment of the tissues that may
restrain inflammatory response. On the other hand,
much higher levels of gene expression of Col1A2 and
Col3A1, and protein content of collagen were observed in
bleomycin-induced lung tissues when they were compared to that in skin tissues (5.2-fold, 6.7-fold and 3.6-fold
increase vs. 3.8-fold, 2.8-fold and 2.2-fold increase,
respectively), which suggested that tissue damage and
fibrosis in lung might be more severe than that in skin. In
this case, treatment of bleomycin-induced lung damage
might present a bigger challenge than that of skin, and the
siRNA treatment through intratracheal instillation may
be in need of further optimization. These notions were
supported by similar findings in the treatment with the
Ctgf siRNA, a positive control for anti-fibrotic effects.
Nevertheless, SPARC inhibition showed a clear antifibrotic effect in bleomycin-induced skin and lung tissues. Notably, these changes were accompanied with a
significant down regulation of Ctgf that paralleled with
Ctgf up-regulation in bleomycin-induced tissues. Thus,
SPARC might regulate the collagen expression through
affecting the expression of Ctgf, a TGF-β activity biomarker and down-strain gene, in bleomycin-induced
mice. These observations combined with the results of
anti-fibrotic effects of SPARC siRNA in fibroblasts of the
Tgfbr1 knock-in mouse further support a mutually regulatory relationship between SPARC and TGF-β signaling.

Conclusions
Studies described here consistently demonstrated that
inhibition of SPARC with siRNA significantly reduced
collagen expression in both in vitro transgenic Tgfbr1
fibroblast model and in vivo bleomycin-induced fibrotic
mouse models. This is the first attempt to examine the
anti-fibrotic effects of SPARC inhibition using siRNA
with tissue-specific administration in skin and lungs in
vivo. The results obtained from these studies provide
favorable evidence that SPARC may be used as a bio-target for application of anti-fibrosis therapies.
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Abstract
Introduction: Sumoylation is involved in nucleolus-nucleoplasm transport of DNA topoisomerase I (topo I), which
may associate with changes of cellular and topo I functions. Skin fibroblasts of patients with systemic sclerosis (SSc)
exhibit profibrotic cellular changes. The aims of this study were to examine the catalytic function and sumoylation
of topo I in the nuclei of SSc fibroblasts, a major cell type involved in the fibrotic process.
Methods: Eleven pairs of fibroblast strains obtained from nonlesional skin biopsies of SSc patients and age/sex/
ethnicity-matched normal controls were examined for catalytic function of nuclear topo I. Immunoprecipitation
(IP)-Western blots were used to examine sumoylation of fibroblast topo I. Real-time quantitative RT-PCR was used
to measure transcript levels of SUMO1 and COL1A2 in the fibroblasts.
Results: Topo I in nuclear extracts of SSc fibroblasts generally showed a significantly lower efficiency than that of
normal fibroblasts in relaxing equivalent amounts of supercoiled DNA. Increased sumoylation of topo I was clearly
observed in 7 of 11 SSc fibroblast strains. Inhibition of SUMO1 with SUMO1 siRNA improved the catalytic efficiency
of topo I in the SSc fibroblasts. In contrast, sumoylation of recombinant topo I proteins reduced their catalytic
function.
Conclusions: The catalytic function of topo I was decreased in SSc fibroblasts, to which increased sumoylation of
topo I may contribute.

Introduction
Systemic sclerosis (SSc) is a human multi-system fibrotic
disease with high morbidity and mortality but the etiology is largely unknown and the pathogenesis has yet to
be clearly elucidated. Cutaneous fibrosis is a common
clinical presentation and, based on the extent of skin
involvement, SSc is classified into limited and diffuse
cutaneous forms. The latter subset is characterized by
more rapid progression of skin and visceral involvement,
as well as poorer prognosis [1,2]. Skin fibroblasts
obtained from SSc patients have been found to be profibrotic and to synthesize excessive amounts of ECM proteins, which contribute to tissue fibrosis [3]. It is
* Correspondence: xiaodong.zhou@uth.tmc.edu
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Division of Rheumatology, Department of Internal Medicine, University of
Texas Health Science Center at Houston, Houston, TX 77030, USA
Full list of author information is available at the end of the article

believed that a possible defect in regulation of biological
functions is present in SSc fibroblasts.
The majority of SSc patients (95%) have autoantibodies against various nuclear, nucleolar and cytoplasmic
proteins, which include non-specific antinuclear antibodies (ANA) and a number of disease specific autoantibodies. Anti-DNA topoisomerase I (topo I) autoantibody is
one of the disease-specific autoantibodies, and it occurs
in 15 to 25% of patients [4-6]. A causal contribution of
anti-topo I to the SSc phenotype is still unclear. There
is no direct evidence indicating pathogenic roles of the
antibodies. On the other hand, there is a strong association between anti-topo I autoantibody and the diffuse
cutaneous form of SSc [5,6]. Levels of anti-topo I autoantibodies have been reported to correlate with disease
severity and activity in SSc, and the lack of these antibodies conveys a better outcome in SSc [7]. In addition to

© 2011 Zhou et al.; licensee BioMed Central Ltd. This is an open access article distributed under the terms of the Creative Commons
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anti-topo I, other SSc specific autoantibodies include
those directed against centromeric proteins (ACA) that
are associated with limited cutaneous disease, RNA
polymerases (I, II and III) (ARA) and fibrillarin that are
associated most often with diffuse skin involvement [8].
Topo I is a monomeric 100 kD nuclear protein that
catalyzes the breaking and joining of DNA strands prior
to transcription [9,10], and is associated with transcription, DNA replication and chromatin condensation.
Topo I translocates between the nucleolus and the
nucleoplasm, but is enriched in the nucleolus where
there is a high level of transcription and replication of
the ribosomal DNA [9,10]. Sumoylation is a post-translational modification, in which the substrates covalently
attach the small ubiquitin-like modifier (SUMO) to
lysine residues. Sumoylation is an important mechanism
in regulating functions of target proteins and has been
associated with the pathogenesis of autoimmune and
inflammatory diseases, such as type I diabetes mellitus
and rheumatoid arthritis [11,12]. Sumoylation of topo I
was reported to facilitate its movement between the
nucleolus and the nucleoplasm [13,14].
The goal of this study was to determine whether there
is abnormal function, distribution and/or sumoylation of
topo I in fibroblasts obtained from SSc patients that
might associate with the presence of anti-nuclear and
-nucleolar autoantibodies.
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and supplemented with penicillin and streptomycin. The
early passage (< 5 passages) fibroblast strains were plated at a density of 2.5 × 105 cells in 35 mm plates and
grown for assays accordingly.
Catalytic function of topo I in SSc fibroblasts

Nuclear proteins were extracted from equal amounts of
the cultured fibroblast cells by using nuclear extract kits
(Active Motif, Carlsbad, CA, USA). The Topoisomerase
I Assay kit (TopoGEN Inc., Port Orange, FL, USA) was
used for measuring the catalytic function of topo I.
Briefly, supercoiled DNA substrate (0.25 μg) (TopoGen,
Inc.) was reacted with nuclear proteins containing topo
I at serial dilutions. After 30-minute incubations at 37°
C, the reaction was terminated with stop buffer (5% Sarkosyl, 0.125% bromophenol blue and 25% glycerol). The
reaction mixtures were loaded and electrophoretically
separated on a 1% agarose gel, and then stained with
ethidium bromide. The catalytic activity of topo I was
determined by measuring the intensity of the supercoiled DNA bands after reactions with a serial dilution
of topo I in the nuclear extract of fibroblasts. A Bioimaging system (Gene Genius, Syngene, Frederick, MD,
USA) was used to scan the bands in agarose gel. The
Gene Snap software (Syngene) was used to quantify the
intensity of the bands. A total of 11 pairs of SSc and
control fibroblast strains were examined with this assay.
Immunostaining

Material and methods
Dermal fibroblast cultures

Nonlesional skin biopsies (3 mm punch biopsies) were
obtained from the upper arms of 11 SSc patients with
disease of less than five years duration and 11 age- and
gender-matched normal controls. All SSc patients fulfilled American College of Rheumatology criteria for SSc
[15], and were positive for ANA. Two patients were
positive for anti-topo I, four for ACA, two for ARA and
one for anti-fibrillarin. Six patients had a diffused form
of SSc, and five had limited SSc. Normal controls were
undergoing dermatologic surgery and had no identified
history of autoimmune diseases. All subjects provided
informed consent and the study was approved by the
Committee for the Protection of Human Subjects at
The University of Texas Health Science Center at
Houston.
Each skin sample was transported in Dulbecco’s Modified Essential Media (DMEM) with 10% fetal calf serum
(FCS) supplemented with penicillin and streptomycin
for processing the same day. The tissue samples were
washed in 70% ethanol, PBS and DMEM supplemented
with 10% FCS. Cultured fibroblast cell strains were
established by mincing tissues and placing them into 60
mm culture dishes secured by glass coverslips. The primary cultures were maintained in DMEM with 10% FCS

SSc and normal fibroblasts were grown in culture media
as described above. After 7, 14 and 18 days, the cells
were washed with PBS and fixed with 100% methanol at
4°C for two minutes. The cells were washed with PBS
again, and incubated with serum from SSc patients
(evenly pooled from four SSc patients) who had positive
anti-topo I autoantibodies, or monoclonal antibodies of
mouse anti-human topo I or mouse anti-human SUMO
1. This was followed by incubation with green fluorescent protein (GFP) tagged secondary antibodies (rabbit
anti-human IgG antibodies and anti-mouse antibodies).
Nuclei were visualized by counterstaining DNA with
4’,6-diamidino-2-phenylindole (DAPI) (Vector Laboratory Inc., Burlingame, CA, USA). The images of fibroblasts with fluorescence labeled proteins were acquired
using fluorescence microscopy (Nikon Eclipse TE20004., Melville, NY. USA).
Western blotting

The protein concentration of nuclear extracts from cultured fibroblasts was measured using the standard curve
in a TECAN spectrophotometer (Tecan Group Ltd.,
Switzerland, 8708 Mannedorf). Equal amounts of protein from each sample were subjected to SDS-polyacrylamide gel electrophoresis. Resolved proteins were
transferred onto nitrocellulose membranes and
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incubated with 1:1,000 diluted primary antibodies
including mouse anti-human topo I (ImmunoVision,
Springdale, AR, USA), anti-human SUMO1 (ABGENT,
San Diego, CA, USA) and anti-collagen type I, individually. The secondary antibody was a peroxidase-conjugated anti-mouse IgG (Amersham, Piscataway, NJ,
USA). Specific proteins were detected by chemiluminescence using an Enhanced Chemiluminescence (ECL)
system (Amersham). The intensity of the bands was
quantified using ImageQuant software (Molecular
Dynamics, Sunnyvale, CA, USA).
Immunoprecipitation (IP) Western blotting

Approximately 3.5 × 107 fibroblast cells of each subject
were harvested by trypsinizing the adherent cells and
washed twice with 25 ml ice-cold PBS containing phosphatase inhibitors. Cell pellets were then gently resuspended by 2 ml hypotonic buffer and nuclear extracts
prepared and measured for protein concentration by a
spectrophotometer as described above. Equal amounts
of protein (500 ug) from each sample were subjected to
immunoprecipitation (IP) with mouse anti-SUMO-1
(GMP1, Invitrogen, Carlsbad, CA, USA) using nuclear
complex co-IP kit (Active Motif, Carlsbad, CA), and
then subjected to SDS-polyacrylamide gel electrophoresis. Resolved proteins were transferred onto nitrocellulose membranes and incubated with primary antibodies
of mouse anti-human topo I (ImmunoVision) diluted to
1:1,000. The secondary antibody was a horseradish peroxidase-conjugated anti-mouse IgG (eBioscience, San
Diego, CA, USA). Specific proteins were detected by
chemiluminescence using Supersignal West Pico stable
peroxide solution (Thermo Scientific, Rockford, IL,
USA). The intensity of the bands was quantified using
ImageQuant software (Molecular Dynamics).
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Sumoylation assay of topo I

A mixture containing recombinant topo I protein (TopoGEN Inc.), SUMO-1 protein (Active Motif), activating
enzyme E1/conjugating enzyme E2 (Active Motif) and
sumoylation buffer (15 mM ATP, 25 mM MgCl2 and
250 mM Tris-HCl) was incubated at 30°C for three
hours. A mutant SUMO-1 protein (Active Motif) lacking
sumoylation function was used as a negative control. The
reaction was stopped with 5 mM EDTA and the recombinant human topo I with and without sumoylation were
examined by Western blotting and topo I catalytic assays.
The experiments were performed in triplicate.
Quantitative reverse-transcriptase-polymerase chain
reaction (RT-PCR) for measurement of SUMO1 expression,
as well as COL1A2 expression after SUMO1 siRNA
transfection

The primers and probes of SUMO1, COL1A2, 18S and
GAPDH were obtained from Applied Biosystems
(Assays-on-Demand product line; Foster City, CA,
USA). Total RNA from each sample was extracted from
the cultured fibroblasts described above using a total
RNA kit from OMEGA Biotek (Norcross, GA, USA)
after treatment with DNase I. Complementary DNA
(cDNA) was synthesized using SuperScript II reverse
transcriptase (Invitrogen). Synthesized cDNAs were
mixed with primer/probe of SUMO1 or COL1A2 in 2 ×
TaqMan universal PCR buffer and then assayed on an
ABI Prism 7900 Sequence Detector System (Applied
Biosystems). Each sample was assayed in triplicate. The
data were analyzed with SDS2.2 (ABI). The amount of
each transcript was normalized with 18S and GAPDH
levels.
Measurement of autoantibodies

Inhibition of SUMO1 with siRNA transfection in fibroblasts

SUMO1 siRNAs were purchased from Invitrogen. Three
SSc fibroblast strains that showed stronger sumoylation
of topo I and weaker catalytic topo I function were used
for transfection of SUMO1 siRNA. Briefly, the fibroblasts were grown at a density of 1.5 × 105 cells in 25cm2 flasks until confluency. The DMEM culture medium in each culture flask was replaced with Opti_MEM
1 (Invitrogen) without FCS. The fibroblasts were transfected with SUMO siRNA using Lipofectamine RNAiMAX (Invitrogen) at a concentration of 15 ug/ml. A
fluorescein-labeled non-silencing control siRNA (Qiagen, Valencia, CA, USA) was used for detection of
transfection efficiency. After 24 hours, the culture medium was replaced with normal DMEM. The fibroblasts
were examined for gene and protein expression, as well
as topo I catalytic function after 48- or 72-hour
transfection.

Patients’ sera were tested for antinuclear antibodies by
indirect immunofluorescence (IIF) using HEp-2 cells as
antigen substrate and fluorescent goat anti-human IgG
as a secondary antibody (Antibodies Inc., Davis, CA,
USA). Anti-topo I antibodies were detected by passive
immunodiffusion kits that employed calf thymus
extracts as the antigen source (INOVA Diagnostics, San
Diego, CA, USA), anti-RNA polymerase III antibodies
were detected by ELISA using commercial kits (MBL,
Nagoya, Japan). Anti-centromere antibodies were determined visually by their distinctive IIF patterns on HEp-2
cells. Anti-fibrillarin antibodies were detected by immunoprecipitation as described previously [16].

Results
Reduced catalytic function of topo I in SSc fibroblasts

After catalytic reactions with a serial dilution of topo I
in the nuclear extracts, the supercoiled DNA band was
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gradually diminished following increased amounts of
topo I in the nuclear extracts. Based on the intensity of
supercoiled DNA bands that were correlated with the
amounts of topo I in the nuclear extracts, the efficiency
of SSc topo I in relaxing the supercoiled DNA appeared
to be less than that of control topo I in each concentration of nuclear extracts (Figure 1A). Comparison of
average band intensity of remaining supercoiled DNA in
each of six dilutions between all SSc and all control
fibroblasts showed a significant P value (P = 0.0041)
(Student’s t-test) (Figure 1B).
Altered localization of topo I in SSc fibroblasts

When anti-topo I monoclonal antibodies were used as
probes, the majority of SSc fibroblasts from each patient
showed strong nucleoplasmic staining (multiple speckles) compared to normal fibroblasts in which topo I
staining was enriched in the nucleolus (Figure 2A). A
few SSc fibroblasts (less than 1%) showed cytoplasmic
(cytosolic) staining which was not observed in normal
fibroblasts. However, there were more SSc fibroblasts
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(approximately 2%) showing cytoplasmic staining of
topo I molecules when anti-topo I positive sera from
SSc patients were used as probes (Figure 2B). The cytoplasmic staining of topo I appeared to be stronger at 14
or 18 days of culture compared to 7 days.
Altered sumoylation of topo I in SSc fibroblasts

Western blotting showed that the quantitative levels of
topo I proteins were similar between SSc and normal
control fibroblasts, while SUMO 1 levels were increased
in SSc fibroblasts. To validate this finding, we examined
sumoylated topo I in the nuclear proteins using IP Western blotting (Figure 3). Increased sumoylation of topo I
(higher intensity of the bands and presence of polysumoylation of topo I) evaluated by IP Western blots
was clearly observed in 7 of 11 SSc fibroblast strains (2
anti-topo I positive patients, 4 anti-RNA polymerase III
positive patients and 1 anti-fibrillarin positive patient
(Figure 3). Interestingly, four SSc fibroblast strains,
including two each from patients with anti-centromere
and with no detectable SSc specific autoantibodies,

Figure 1 Measurement of catalytic function of topo I in cultured fibroblasts. A serial dilution of topo I in the nuclear extracts obtained
from SSc and control fibroblasts was used to relax 0.25 μg supercoiled DNA. A. The supercoiled DNA band is gradually diminished following
increased amounts of topo I in the nuclear extracts in the relaxing assays. The efficiency of SSc topo I in relaxing the supercoiled DNA appeared
to be less than that of control topo I in each concentration of nuclear extracts. B. Comparison of 11 paired SSc and control fibroblasts for mean
values of intensity of supercoiled DNA bands after relaxing assay with different concentrations of topo I in the nuclear extracts. Each P-value of
comparison at different dilution points is listed in the figure. Comparison of average band intensity of remaining supercoiled DNA in each of six
dilutions between all SSc and all control fibroblasts showed a significant P-value (P = 0.0041) (Student’s t-test). A = standard supercoiled DNA
band; B = standard relaxed DNA bands; the numbers (1/32, 1/16, 1/8, 1/4, 1/2 and 1) indicate serial dilutions of topo I in nuclear extracts used
for relaxing supercoiled DNA. The error bars indicate standard deviation (SD).
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Figure 2 Comparison of topo I staining in cultured fibroblasts of normal controls and SSc patients. A. Topo I immunostaining with antitopo I monoclonal antibodies showed multiple speckles in the nucleoplasm of SSc fibroblasts, which is differentiated from that in normal
fibroblasts (relatively homogenous stain of topo I) at both 7 and 14 days of cultures. Some SSc fibroblasts show cytoplasmic staining of topo I
protein (marked with red arrow heads). B. Topo I immunostaining with anti-topo I positive sera from SSc patients show the expected nuclear/
nucleolar staining as well as cytoplasmic staining of SSc fibroblasts. At Day 14, the cytoplasmic staining appeared to increase relative to the
nucleoplasm and nucleolar staining.

showed similar levels of sumoylation as their normal
counterparts.
Inhibition of SUMO1 in SSc fibroblasts increased catalytic
function of topo I

Real-time quantitative RT-PCR showed that inhibition
of SUMO1 with siRNA achieved a significant reduction
of gene expression of SUMO1 (Figure 4). Compared to
non-target siRNA transfected fibroblasts, SUMO1
siRNA transfected fibroblasts showed a 30.97-times

reduction of SUMO1 expression (P < 0.001, T test) (Figure 4a). Western blots showed a concordant change of
the SUMO1 protein (Figure 4b). Importantly, compared
to either non-target siRNA transfected or non-siRNA
transfected fibroblasts, catalytic function of topo I of
sumo1 siRNA transfected SSc fibroblasts showed a
marked improvement in all three test fibroblast strains
(Figure 5). Measurements of the COL1A2 gene expression with quantitative RT-PCR and collagen type I protein expression with Western blots did not show
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Figure 3 Immunoprecipitated Western blots and autoantibody profiles for 11 SSc patients. Each SSc patient (SSc1 to 11) has an age and
sex matched normal control (C1 to 11) for comparison of sumoylated topo I expression with IP Western blots. Poly-sumoylated topo I appeared
in SSc fibroblast strain number 1, 2, 3, 4, 7 and 9. Increased sumoylation of topo I also is observed in the case number 6 compared to its normal
counterpart, but not in the case number 5, 8, 10 and 11. ANA, antinuclear antibodies.

significant changes after SUMO1 siRNA transfection in
the fibroblasts.
Sumoylation of recombinant topo I decreased its catalytic
function

Recombinant human topo I proteins were sumoylated
with either wild type SUMO1 or mutant SUMO1 or
negative control (without sumoylation) and then were
examined with Western blot for sumoylated topo I and
with topo I catalytic assays for topo I function. Poly-

Figure 4 Real-time RT-PCR and Western blots for SUMO1 with
and without SUMO1 siRNA transfection in fibroblasts. Three SSc
fibroblast strains (two with anti-topo I and one with anti-RNA
polymerase III positive serum) were transfected with SUMO1 siRNA.
After 48-hour transfection, total RNAs were used for measuring
SUMO1 transcript levels (Figure 4a), and the nuclear extracts were
used for measuring SUMO1 protein (Figure 4b). Error bars indicate
standard deviation.

sumoylation of topo I was observed in the topo I proteins sumoylated with wild type SUMO1 (Figure 6).
Sumoylation of topo I with wild type SUMO1 showed a
reduction of efficiency in catalytic function compared to
the topo I protein sumoylated with mutant sumo 1 or
negative control (Figure 7). The assays were performed
in triplicates, which showed similar results.

Discussion
A novel finding of these studies is the observation that
human SSc fibroblasts have a decreased catalytic function of topo I. Human topo I plays an important role in
DNA metabolic processes, such as transcription and
replication, in which it releases topological stress in
DNA chains [9,10]. Topo I is generally localized in the
nucleolus where a high level of transcription and replication of ribosomal DNA occurs. In response to inhibitory factors to topo I, such as camptothecin, UV
irradiation and transcription inhibitors, topo I molecules
were usually relocated from the nucleolus to the nucleoplasm due to mechanisms that are not clearly understood. [17-19]. Interestingly, SSc fibroblasts examined
herein showed enhanced staining of topo I in the
nucleoplasm, which suggests a relocation of topo I, and
also supports a reduced function of topo I-associated
DNA metabolic processes.
The cytoplasmic staining of topo I observed in some
SSc fibroblasts was mainly detected by anti-topo I positive serum from SSc patients and was different from
that found using anti-topo I monoclonal antibodies.
Considering that the polyclonal human sera may contain
mainly a variety of autoantibodies that have non-specific
and antigen specific cross-reactions to cytoplasmic proteins is a possible explanation. With respect to possible
cross-reactions, it is interesting that mitochondrial topo
I has high amino acid homology to nuclear topo I. On
the other hand, it is also possible that the cytoplasmic
staining of topo I may represent ubiquitinated topo I
molecules being processed by cytoplasmic proteasomes.
It is worth noting that the topo I autoantigenic component, a 70 kD polypeptide, has been reported to be
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Figure 5 Catalytic function of topo I in cultured SSc fibroblasts with and without SUMO1 siRNA transfection. A serial dilution of the
nuclear extract containing topo I obtained from SSc fibroblasts was used to relax 0.25 μg supercoiled DNA. In this figure, the supercoiled DNA
band was completely transformed to relaxed DNA at dilutions of one half and one in the fibroblasts without siRNA transfection or non-target
siRNA transfection. In contrast, this change was observed between the one-eighth and one-fourth dilutions in the fibroblasts with SUMO1
transfection, which indicates a higher efficiency of catalytic function of topo I after SUMO1 inhibition in the fibroblasts. According to the
intensity of the bands of remaining supercoiled DNA in serial dilutions in the assays of three fibroblast strains, these changes are significant. The
P-values are 0.045 and 0.027 at the one-fourth dilution for comparisons between SUMO1 siRNA vs. non-target siRNA, or vs. without siRNA
transfected fibroblasts, respectively (Student’s t-test). This is representative of three SSc fibroblast strains examined in SUMO1 siRNA studies. *A,
supercoiled DNA; B, relaxed DNA.

exported via ectocytosis in SSc fibroblasts [20], and antitopo I autoantibodies of SSc patients have been shown
to bind to SSc fibroblasts [21].
Sumoylation is an important post-translational modification. Previous studies have indicated that sumoylation
of topo I facilitates translocation of topo I protein from
the nucleolus to nucleoplasm [13,14]. Increased sumoylation of topo I in certain SSc fibroblasts observed
herein supports a potential mechanism that may drive
the movement of topo I from the nucleolar compartments to the nucleoplasm where a degradation process
may occur in proteasomes. To further investigate the
association between altered sumoylation and topo I
function in SSc fibroblasts, we inhibited the SUMO1
expression with sequence specific SUMO1 siRNA. Interestingly, SUMO1 inhibition was associated with a favorable improvement of the catalytic function of fibroblast
topo I, suggesting that decreased topo I function
observed in SSc fibroblasts may be a result of increased
sumoylation. This possibility was consistent with the follow-up studies of sumoylation of recombinant human

Figure 6 Western blots show sumoylation of recombinant
human topo I. Recombinant human topo I protein was subjected
to the sumoylation reaction and examined by Western blotting
using anti-topo I (I) and anti-SUMO1 antibodies (II). Compared to
topo I protein without sumoylation reaction (topo I A), topo I
protein with sumoylation reaction (topo I B) showed polysumoylation of topo I (II). The assays showed similar results in
triplicates.

topo I that showed a reduction of catalytic function.
However, sumoylation may not fully explain the reduction of topo I function in all SSc fibroblasts, especially
in those fibroblasts which did not show the changes of
sumoylation of topo I. These fibroblasts include two
each from patients with ACA and with non-SSc specific
ANAs. In contrast, the fibroblasts from all seven
patients with either anti-topo I ARA or anti-fibrillarin
showed hyper-sumoylation of topo I. All these three
autoantibodies target primary nucleolar proteins. It is
worth noting that the presence of any one of these autoantibodies in SSc patients is associated with the diffuse
form of SSc and internal organ fibrosis [8], while the
anti-centromere positive patients usually have a limited
form of SSc with favorable clinical outcomes [8]. Indeed,
all SSc patients examined here with hypersumoylation of
topo I presented as the diffuse form of SSc, except one,
who was positive to ARA, but also clinically had lupuslike disease and anti-ribonucleoprotein (RNP) autoantibodies. All four SSc patients with unchanged sumoylation of topo I presented as the limited form of SSc at
the time of skin biopsies. Therefore, sumoylaton of topo
I in SSc fibroblasts appeared to be correlated with the
status of skin fibrosis, which in some SSc patients
changes over time. Recent studies of SSc genetics have
indicated that different genetic susceptibility markers
may determine the types of autoantibodies presenting in
SSc patients [22,23]. The characteristic patterns and specific genetic associations of SSc autoantibodies suggest
that distinctive mechanisms contribute to different autoantibody-associated SSc subsets.
Topo I is an essential functional component of human
cells. Previous reports indicated that knock out of the
topo I gene was associated with death at an early stage
of embryogenesis [24,25]. Inactivation of the topo I gene
in vitro was found to induce genomic instability with
chromosomal aberrations [26]. Inhibition of topo I function through camptothecin or topotecan (a
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Figure 7 Measurement of catalytic function of recombinant human topo I with and without sumoylation reaction. Recombinant human
topo I proteins were sumoylated with either mutant sumo1 or wild type sumo1 or negative control (without sumoylation), and then were
examined for their catalytic function in a serial dilution. Sumoylation of topo I with wild type sumo1 showed a reduction of efficiency in catalytic
function (supercoiled DNA disappeared at the dilution of topo I concentration of 30) compared to the topo I protein sumoylated with mutant
sumo1 or negative control (supercoiled DNA disappeared at topo I concentration of 22.5). This is representative of three assays. *A, standard
supercoiled DNA band; B, standard relaxed DNA bands.

camptothecin derivative) in human HEp-2 cells altered
nuclear structure and function and targeted topo I for
proteasomal degradation [27]. Although, we do not
know whether sumoylation of topo I in SSc fibroblasts
contributes to any changes of specific antigen binding
or autoantibody presentation in SSc patients, decreased
catalytic function of topo I may alter the nuclear structure and function of the fibroblasts, which may influence
other nuclear proteins including RNA pol III and fibrillarin. Of potential significance to our study, topotecan
used therapeutically for cancer has been reported to
induce SSc-like disease [28]. Whether decreased catalytic
function of topo I in SSc fibroblasts examined herein
may result in any consequences associated with pathological changes in SSc is worthy of further investigations.

Conclusions
In summary, our studies of topo I in SSc fibroblasts
indicate that topo I is functionally altered and is relocated to the nucleoplasm. In some fibroblasts, especially
those obtained from skin biopsies of SSc patients who
were positive for anti-topo I, anti-RNA polymerase III
and anti-fibrillarin autoantibodies, these alterations were
associated with increased sumoylation of topo I. In contrast, the fibroblasts of anti-centromere positive patients
showed unchanged sumoylation of topo I. Inhibition of
SUMO1 gene improved catalytic function of topo I in
SSc fibroblasts. These observations may provide important insights into the nature of SSc fibroblasts that may
contribute to pathological processes, induction of an
autoimmune response to topo I, and/or disease development in SSc.
Abbreviations
ANA: anti-nuclear antibodies; COL1A2: collagen type 1A2; DAPI: 4’,6diamidino-2-phenylindole; DMEM: Dulbecco’s Modified Essential Media; ECL:
Enhanced Chemiluminescence; ECM: extracellular matrix; FCS: fetal calf
serum; GFP: green fluorescent protein; IIF: indirect immunofluorescence; IP:

immunoprecipitation; RNP: ribonucleoprotein; SSc: systemic sclerosis; SUMO1:
small ubiquitin-like modifier 1; Topo I: DNA topoisomerase I.
Acknowledgements
This study was supported by grants from the Department of the Army,
Medical Research Acquisition Activity, grant number PR064803 to Zhou and
the National Institutes of Health, grant number P50 AR054144 to Arnett.
Author details
Division of Rheumatology, Department of Internal Medicine, University of
Texas Health Science Center at Houston, Houston, TX 77030, USA.
2
Department of Medicine, University of Calgary, Calgary, AB T2N 1N4,
Canada. 3Rice University, Houston, Post Office Box 1892, TX 77030, USA.
4
Departmant of Pathology, Baylor College of Medicine, Houston, TX 77030,
USA.
1

Authors’ contributions
ZX carried out research design, experiments and manuscript writing. WL
conducted molecular studies and cell cultures. TF and AS conducted skin
biopsies and helped with manuscript preparation. FM conducted
autoantibody tests and manuscript preparation. GX carried out molecular
studies and cell cultures. SR enrolled patients and did skin biopsies. XT
conducted molecular studies. LS did skin biopsies for controls. AF carried out
research design and manuscript preparation. All authors read and approved
the final version of the manuscript.
Competing interests
The authors declare that they have no competing interests.
Received: 12 November 2010 Revised: 18 June 2011
Accepted: 9 August 2011 Published: 9 August 2011
References
1. Tamby MC, Chanseaud Y, Guillevin L, Mouthon L: New insights into the
pathogenesis of systemic sclerosis. Autoimmun Rev 2003, 2:152-157.
2. Steen VD: The many faces of scleroderma. Rheum Dis Clin N Am 2008,
34:1-15.
3. Claman HN, Giorno RC, Seibold JR: Endothelial and fibroblastic activation
in scleroderma. The myth of the “uninvolved skin”. Arthritis Rheum 1991,
34:1495-1501.
4. Maul GG, French BT, van Venrooij WJ, Jimenez SA: Topoisomerase I
identified by scleroderma 70 antisera: enrichment of topoisomerase I at
the centromere in mouse mitotic cell before anaphase. Proc Natl Acad Sci
USA 1986, 83:5145-5149.
5. Diot E, Giraudeau B, Diot P, Degenne D, Ritz L, Guilmot JL, Lemarie E: Is
anti-topoisomerase I a serum marker of pulmonary involvement in
systemic sclerosis? Chest 1999, 116:715-720.
6. Jarzabek-Chorzelska M, Blaszczyk M, Jablonska S, Chorzelski T, Kumar V,
Beutner EH: Scl 70 antibody–a specific marker of systemic sclerosis. Br J
Dermatol 1986, 115:393-401.

Zhou et al. Arthritis Research & Therapy 2011, 13:R128
http://arthritis-research.com/content/13/4/R128

7.

8.
9.
10.
11.
12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.
25.

26.

27.

Kuwana M, Kaburaki J, Mimori T, Kawakami Y, Tojo T: Longitudinal analysis
of autoantibody response to topoisomerase I in systemic sclerosis.
Arthritis Rheum 2000, 43:1074-1084.
Bunn CC, Black CM: Systemic sclerosis: an autoantibody mosaic. Clin Exp
Immunol 1999, 117:207-208.
Leppard JB, Champoux JJ: Human DNA topoisomerase I: relaxation, roles,
and damage control. Chromosoma 2005, 114:75-85.
Wang JC: Cellular roles of DNA topoisomerases: a molecular perspective.
Nat Rev Mol Cell Biol 2002, 3:430-440.
Li M, Guo D, Isales CM, Eizirik DL, Atkinson M, She JX, Wang CY: SUMO
wrestling with type 1 diabetes. J Mol Med 2005, 83:504-514.
Meinecke I, Cinski A, Baier A, Peters MA, Dankbar B, Wille A, Drynda A,
Mendoza H, Gay RE, Hay RT, Ink B, Gay S, Pap T: Modification of nuclear
PML protein by SUMO-1 regulates Fas-induced apoptosis in rheumatoid
arthritis synovial fibroblasts. Proc Natl Acad Sci USA 2007, 104:5073-5078.
Rallabhandi P, Hashimoto K, Mo YY, Beck WT, Moitra PK, D’Arpa P:
Sumoylation of topoisomerase I is involved in its partitioning between
nucleoli and nucleoplasm and its clearing from nucleoli in response to
camptothecin. J Biol Chem 2002, 277:40020-40026.
Mo YY, Yu Y, Shen Z, Beck WT: Nucleolar delocalization of human
topoisomerase I in response to topotecan correlates with sumoylation
of the protein. J Biol Chem 2002, 277:2958-2964.
Subcommittee for Scleroderma, Criteria of the American Rheumatism
Association Diagnostic and Therapeutic Criteria Committee: Preliminary
criteria for the classification of systemic sclerosis (scleroderma). Arthritis
Rheum 1980, 23:581-590.
Arnett FC, Reveille JD, Goldstein R, Pollard KM, Leaird K, Smith EA, Leroy EC,
Fritzler MJ: Autoantibodies to fibrillarin in systemic sclerosis
(scleroderma). An immunogenetic, serologic, and clinical analysis.
Arthritis Rheum 1996, 39:1151-1160.
Buckwalter CA, Lin AH, Tanizawa A, Pommier YG, Cheng YC, Kaufmann SH:
RNA synthesis inhibitors alter the subnuclear distribution of DNA
topoisomerase I. Cancer Res 1996, 56:1674-1681.
Christensen MO, Krokowski RM, Barthelmes HU, Hock R, Boege F, Mielke C:
Distinct effects of topoisomerase I and RNA polymerase I inhibitors
suggest a dual mechanism of nucleolar/nucleoplasmic partitioning of
topoisomerase I. J Biol Chem 2004, 279:21873-21882.
Mao Y, Mehl IR, Muller MT: Subnuclear distribution of topoisomerase I is
linked to ongoing transcription and p53 status. Proc Natl Acad Sci USA
2002, 99:1235-1240.
Hsu TC, Lee TL, Tsay GJ: Autoantigen components recognizable by
scleroderma sera are exported via ectocytosis of fibroblasts. Br J
Rheumatol 1997, 36:1038-1044.
Henault J, Tremblay M, Clement I, Raymond Y, Senecal JL: Direct binding
of anti-DNA topoisomerase I autoantibodies to the cell surface of
fibroblasts in patients with systemic sclerosis. Arthritis Rheum 2004,
50:3265-3274.
Zhou X, Lee JE, Arnett FC, Xiong M, Park MY, Yoo YK, Shin ES, Reveille JD,
Mayes MD, Kim JH, Song R, Choi JY, Park JA, Lee YJ, Lee EY, Song YW,
Lee EB: HLA-DPB1 and DPB2 are genetic loci for systemic sclerosis: a
genome-wide association study in Koreans with replication in North
Americans. Arthritis Rheum 2009, 60:3807-3814.
Arnett FC, Gourh P, Shete S, Ahn CW, Honey R, Agarwal SK, Tan FK,
McNearney T, Fischbach M, Fritzler MJ, Mayes MD, Reveille JD: Major
Histocompatibility Complex (MHC) class II alleles, haplotypes, and
epitopes which confer susceptibility or protection in the fibrosing
autoimmune disease systemic sclerosis: analyses in 1,300 Caucasian,
African-American and Hispanic cases and 1,000 controls. Ann Rheum Dis
2010, 69:822-827.
Lee MP, Brown SD, Chen A, Hsieh TS: DNA topoisomerase I is essential in
Drosophila melanogaster. Proc Natl Acad Sci USA 1993, 90:6656-6660.
Morham SG, Kluckman KD, Voulomanos N, Smithies O: Targeted disruption
of the mouse topoisomerase I gene by camptothecin selection. Mol Cell
Biol 1996, 16:6804-6809.
Miao ZH, Player A, Shankavaram U, Wang YH, Zimonjic DB, Lorenzi PL,
Liao ZY, Liu H, Shimura T, Zhang HL, Meng LH, Zhang YW, Kawasaki ES,
Popescu NC, Aladjem MI, Goldstein DJ, Weinstein JN, Pommier Y:
Nonclassic functions of human topoisomerase I: genome-wide and
pharmacologic analyses. Cancer Res 2007, 67:8752-8761.
Chen M, Dittmann A, Kuhn A, Ruzicka T, von Mikecz A: Recruitment of
topoisomerase I (Scl-70) to nucleoplasmic proteasomes in response to

Page 9 of 9

xenobiotics suggests a role for altered antigen processing in
scleroderma. Arthritis Rheum 2005, 52:877-884.
28. Ene-Stroescu D, Ellman MH, Peterson CE: Topotecan and the development
of scleroderma or a scleroderma-like illness. Arthritis Rheum 2002,
46:844-845.
doi:10.1186/ar3435
Cite this article as: Zhou et al.: Decreased catalytic function with altered
sumoylation of DNA topoisomerase I in the nuclei of scleroderma
fibroblasts. Arthritis Research & Therapy 2011 13:R128.

Submit your next manuscript to BioMed Central
and take full advantage of:
• Convenient online submission
• Thorough peer review
• No space constraints or color figure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at
www.biomedcentral.com/submit

The Journal of Rheumatology

Volume 38, no. 8

Anti-Fibrillarin Antibody in African American Patients with Systemic Sclerosis:
Immunogenetics, Clinical Features, and Survival Analysis
ROOZBEH SHARIF, MARVIN J. FRITZLER, MAUREEN D. MAYES, EMILIO B.
GONZALEZ, TERRY A. McNEARNEY, HILDA DRAEGER, MURRAY BARON, the
Canadian Scleroderma Research Group, DANIEL E. FURST, DINESH K. KHANNA,
DEBORAH J. DEL JUNCO, JERRY A. MOLITOR, ELENA SCHIOPU, KRISTINE
PHILLIPS, JAMES R. SEIBOLD, RICHARD M. SILVER, ROBERT W. SIMMS, GENISOS
Study Group, MARILYN PERRY, CARLOS ROJO, JULIO CHARLES, XIAODONG ZHOU,
SANDEEP K. AGARWAL, JOHN D. REVEILLE, SHERVIN ASSASSI and FRANK C.
ARNETT
J Rheumatol 2011;38;1622-1630
http://www.jrheum.org/content/38/8/1622
1. Sign up for our monthly e-table of contents
http://www.jrheum.org/cgi/alerts/etoc
2. Information on Subscriptions
http://jrheum.com/subscribe.html
3. Have us contact your library about access options
Refer_your_library@jrheum.com
4. Information on permissions/orders of reprints
http://jrheum.com/reprints.html

The Journal of Rheumatology is a monthly international serial edited by Duncan A.
Gordon featuring research articles on clinical subjects from scientists working in
rheumatology and related fields.

Anti-Fibrillarin Antibody in African American Patients
with Systemic Sclerosis: Immunogenetics, Clinical
Features, and Survival Analysis
ROOZBEH SHARIF, MARVIN J. FRITZLER, MAUREEN D. MAYES, EMILIO B. GONZALEZ,
TERRY A. McNEARNEY, HILDA DRAEGER, MURRAY BARON, the Canadian Scleroderma Research Group,
DANIEL E. FURST, DINESH K. KHANNA, DEBORAH J. DEL JUNCO, JERRY A. MOLITOR, ELENA SCHIOPU,
KRISTINE PHILLIPS, JAMES R. SEIBOLD, RICHARD M. SILVER, ROBERT W. SIMMS, GENISOS Study Group,
MARILYN PERRY, CARLOS ROJO, JULIO CHARLES, XIAODONG ZHOU, SANDEEP K. AGARWAL,
JOHN D. REVEILLE, SHERVIN ASSASSI, and FRANK C. ARNETT
ABSTRACT. Objective. Anti-U3-RNP, or anti-fibrillarin antibodies (AFA), are detected more frequently among
African American (AA) patients with systemic sclerosis (SSc) compared to other ethnic groups and
are associated with distinct clinical features. We examined the immunogenetic, clinical, and survival
correlates of AFA in a large group of AA patients with SSc.
Methods. Overall, 278 AA patients with SSc and 328 unaffected AA controls were enrolled from 3
North American cohorts. Clinical features, autoantibody profile, and HLA class II genotyping were
determined. To compare clinical manifestations, relevant clinical features were adjusted for disease
duration. Cox proportional hazards regression was used to determine the effect of AFA on survival.
Results. Fifty (18.5%) AA patients had AFA. After Bonferroni correction, HLA-DRB1*08:04 was
associated with AFA, compared to unaffected AA controls (OR 11.5, p < 0.0001) and AFA-negative
SSc patients (OR 5.2, p = 0.0002). AFA-positive AA patients had younger age of disease onset, higher frequency of digital ulcers, diarrhea, pericarditis, higher Medsger perivascular and lower Medsger
lung severity indices (p = 0.004, p = 0.014, p = 0.019, p = 0.092, p = 0.006, and p = 0.016, respectively). After adjustment for age at enrollment, AFA-positive patients did not have different survival
compared to patients without AFA (p = 0.493).
Conclusion. Our findings demonstrate strong association between AFA and HLA-DRB1*08:04
allele in AA patients with SSc. AA SSc patients with AFA had younger age of onset, higher frequency of digital ulcers, pericarditis and severe lower gastrointestinal involvement, but less severe
lung involvement compared to AA patients without AFA. Presence of AFA did not change survival.
(First Release May 15 2011; J Rheumatol 2011;38:1622–30; doi:10.3899/jrheum.110071)
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African American (AA) patients with systemic sclerosis
(SSc; scleroderma) are reported to have a worse overall
prognosis than Caucasians, which might be explained by a
younger age of disease onset, higher frequency of diffuse
cutaneous involvement, more severe lung involvement, and
younger age at onset of pulmonary artery hypertension
(PAH)1,2,3,4,5.
Anti-U3-RNP, or anti-fibrillarin antibody (AFA), is
directed against a 35-kDa protein component of a nucleolar
ribonucleoprotein called fibrillarin, which is an early marker for the formation site of nucleolus in dividing cells6. The
frequency of AFA differs across ethnic groups, ranging from
zero in a large cohort of Italian patients with SSc7 to 50% in
an African American SSc population8. The higher prevalence of AFA in the sera of AA patients with SSc has been
noted in several studies9,10,11,12,13.
Studies have shown that HLA-DRB1*08 and
DQB1*03:01 are associated with AFA in African
Americans10,14. Clinically, SSc patients with AFA have been
reported to have younger ages of disease onset, higher frequency of diffuse cutaneous involvement, PAH, SSc-associated musculoskeletal and cardiac involvement, and lower
frequency of arthritis9,10,11,15,16,17. However, there is a lack
of large robust studies on the immunogenetic associations,
clinical manifestations, and survival effect of AFA in AA
patients with SSc.
We compared the HLA class II alleles in AA SSc patients
with AFA with unaffected controls matched for ethnicity and
sex and with SSc patients without AFA. We investigated the
clinical features and survival effect of AFA in AA patients
with SSc.
MATERIALS AND METHODS
Study population. Between 1985 and 2010, 3033 patients with SSc were
enrolled in the following cohorts: (1) the Genetics versus ENvironment In
Scleroderma Outcomes Study (GENISOS)3,5,18; (2) the NIH/NIAMS
Scleroderma Family Registry and DNA Repository19; and (3) the Division
of Rheumatology, University of Texas Health Science Center at Houston
(UTHSC-H)10. Patients were included if they met the American College of
Rheumatology (formerly American Rheumatism Association) classification
criteria for SSc20 or had at least 3 of the 5 CREST features (calcinosis,
Raynaud’s phenomenon, esophageal dysmotility, sclerodactyly, telangiectasias)21. We included all AA patients from these cohorts (n = 278). Patients
enrolled in more than one of the cohorts were identified and duplicate

entries were omitted. We enrolled 328 unaffected AA controls to determine
any HLA class II allele associations with AFA. The unaffected AA individuals were volunteers with no personal or family history of SSc or other
autoimmune disease by screening questionnaire. All study subjects enrolled
(SSc patients and unaffected controls) provided written informed consent,
and the institutional review board of all participating institutions approved
the study.
Autoantibody profile and HLA class II allele genotyping. All autoantibody
determinations and HLA class II allele typing were conducted in the
Division of Rheumatology at UTHSC-H and the Mitogen Advanced
Diagnostics Laboratory, University of Calgary, Calgary, Canada.
Antinuclear antibodies (ANA) and anticentromere antibodies were determined using indirect immunofluorescence with HEp-2 cells as substrate
(Antibodies Inc., Davis, CA, USA). Passive immunodiffusion gels against
calf thymus extract were used to examine sera for antitopoisomerase-I
(ATA; Scl-70), anti-Ro/SSA, anti-La/SSB, and anti-U1-RNP autoantibodies (Inova Diagnostics, San Diego, CA, USA). Anti-RNA polymerase III
(RNAP III) was detected by ELISA kits (MBL Co. Ltd., Nagoya, Japan)
and AFA were determined by a line immunoassay at a serum dilution of
1:1000 using purified recombinant fibrillarin protein (Euroline-WB;
Euroimmun, Lubeck, Germany) in patients who had a positive ANA in antinucleolar pattern on the indirect immunofluorescence.
As described5,22, we genotyped HLA class II alleles (DRB1, DQA1,
DQB1, and DPB1) on extracted and purified genomic DNA. Further, we
examined the HLA class II allele-binding peptide using the ProPred MHC
Class II Binding Peptide Prediction Server23 in order to predict binding
peptides of human fibrillarin protein. This prediction is based on quantitative matrices derived from the literature23,24.
Clinical manifestation. Age, sex, disease type (categorized as limited or diffuse cutaneous involvement at time of enrollment21), disease duration (calculated from the onset of the first non-Raynaud’s phenomenon symptom
attributable to SSc), and modified Rodnan skin score (MRSS)25 were
recorded.
To assess the severity of individual organ system involvement, the
Medsger severity indices13,26 of 8 organ systems were measured: peripheral vessels, skin, joints/tendons, skeletal muscle, gastrointestinal (GI) tract,
lung, heart, and kidney. However, these data were available only for the
patients enrolled in the GENISOS cohort (n = 78). The presence of digital
ulcers was determined based on the participating rheumatologist’s clinical
assessment. Arthritis was defined as presence of joint swelling and tenderness on examination not attributable to osteoarthritis, crystalline arthropathy, or trauma. A decrease in range of motion > 25% in at least one joint
axis was defined as joint contracture. Dysphagia, diarrhea attributable to
SSc, and history of SSc renal crisis were recorded. Electrocardiography and
2-dimensional echocardiography findings and/or presence of an auscultatory friction rub determined the presence of pericarditis or clinically significant pericardial effusion.
As described18, pulmonary function tests were obtained at enrollment.
Interstitial lung fibrosis, defined as chest radiograph showing fibrosis and/or
forced vital capacity (FVC) < 75% of predicted value, was recorded.
For the purpose of our review, PAH was defined if the patient had (1)
mean pulmonary artery pressure ≥ 25 mm Hg on right heart catheterization;
(2) right ventricular systolic pressure ≥ 40 mm Hg on 2-dimensional
echocardiography; or (3) if the ratio of FVC% predicted to diffusion capacity of carbon monoxide (DLCO)% predicted was ≥ 1.6. Serum creatine
kinase (CK) levels were recorded and myositis was diagnosed if the patient
had proximal muscle weakness with at least one of the following: elevated
levels of CK, features of myositis on electromyography, and/or a characteristic muscle biopsy.
Death search. The vital status of patients was determined through the
National Death Index (NDI) at the US Centers for Disease Control and
Prevention, which provided data up until 2007. We then reviewed the US
Social Security Death Index (SSDI) to update our results as of August
2010. SSDI is an online death search tool that provides fatality reports
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based on death certificates and family confirmation. Patients not found on
NDI or SSDI were assumed to be alive.

Table 1. Characteristics of the study population (n = 278).

Statistical analysis. Homozygosity for alleles at each of the tested HLA loci
was not suggestive of recessive inheritance, regardless of whether the referent comparison group comprised disease-free controls or AFA-negative
cases. There were too few homozygous subjects to distinguish additive
from dominant modes of inheritance, regardless of the referent. Therefore,
a dominant mode of inheritance approach was used to compare the HLA
association with AFA. Heterozygosity and homozygosity for a particular
allele were both recoded as “1” in a binary (zero or 1) variable created for
each specific HLA gene of interest. In other words, subjects negative for the
gene on both their alleles for the particular HLA locus were coded “0” for
the gene on the new binary variable. Bonferroni correction for multiple
comparisons was performed for HLA allelic analyses.
Age, sex, disease type, and disease duration of AFA-positive and
AFA-negative patients were evaluated utilizing chi-square and Student t
test accordingly. SSc clinical manifestations might have changed over the
disease course; therefore logistic regression was used to adjust for disease
duration as a possible confounding factor in clinical features and to examine the independent effect of AFA.
We utilized Cox proportional hazards regression analysis to examine
the association of AFA with survival. We investigated the potential association of relevant HLA class II with survival of the AA patients with SSc.
Survival analysis was corrected for age at enrollment. Survival was calculated from the date of enrollment.
ATA and AFA are the 2 most common antinuclear antibodies among AA
patients with SSc. We also compared the clinical features and survival of
AA scleroderma patients with AFA (n = 50) to those with ATA (n = 61) for
comparative analysis between more homogeneous groups.
All the statistical analyses were performed with SAS Version 9.2 (SAS
Institute Inc., Cary, NC, USA) and Stata 11 (StataCorp., College Station,
TX, USA). Hypothesis testing was 2-sided with a p ≤ 0.05 significance
level.

Characteristics

RESULTS
Study population, disease, and autoantibody characteristics. All 278 AA scleroderma patients from the 3 cohorts
were included in the study. The mean age (± SD) of patients
at enrollment was 46.9 (13.9) years, and 237 (85.3%) were
female. At enrollment, 171 (61.5%) AA patients with SSc
were diagnosed with diffuse cutaneous involvement.
Average disease duration (± SD) was 6.0 (6.5) years.
ANA on HEp-2 substrate were detected in 93.1% of AA
SSc patients. ATA, RNAP-III, and AFA were present in
21.8%, 15.4%, and 18.5% of patients, respectively (Table 1).
HLA class II allelic frequencies. As illustrated in Table 2,
comparison of HLA class II allelic frequencies of AFA-positive patients with 329 ethnically matched unaffected controls revealed the HLA-DRB1*08:04 allele more frequently
in AFA-positive patients (47.6% vs 6.4%, respectively; OR
11.52, 95% CI 5.43, 24.40; corrected p < 0.0001). Two other
alleles located on the same haplotype, DQA1*04:01 and
DQB1*03:01, had similar patterns. However, the increased
frequency of DQA1*04:01 was not statistically significant.
The frequency of HLA-DRB1*08:04 in AFA-positive
patients also was higher in comparison to AA patients without AFA, even after correction for multiple comparisons
(47.6% vs 14.9%; OR 5.21, 95% CI 2.44, 11.09; corrected p
= 0.0002). Both HLA-DQA1*04:01 and DQB1*03:01

Age, mean (SD), yrs
Female, n (%)
Diffuse cutaneous involvement, n (%)
Disease duration, mean (± SD), yrs
Modified Rodnan skin score, mean (± SD)
Deceased patients, n (%)
Survival time (from time of enrollment), mean (± SD), yrs
Autoantibody profile, %
Antinuclear
Anticentromere
Antitopoisomerase I
Antinucleolar
Antifibrillarin
RNA polymerase III
U1-ribonucleoprotein
Polymyositis/scleroderma
Ro/SSA60

46.9 (13.6)
237 (85.3)
171 (61.5)
6.0 (6.5)
17.3 (12.3)
83 (29.7)
5.8 (5.0)
93.1
6.2
21.8
44.5
18.5
15.4
12.2
3.2
9.3

showed similar trends. However, neither of them remained
significant after correction for multiple comparisons.
HLA-DPB1*01:01 was also seen more frequently among
AFA-positive AA patients compared to unaffected controls
and SSc patients without AFA, whereas HLA-DRB1*11:01
seemed to be protective. HLA-DPB1*01:01 and
HLA-DRB1*11:01 are not in linkage disequilibrium with
HLA-DRB1*08:04. However, the association of these 2
alleles with AFA did not withstand correction for multiple
comparisons. The frequencies of all relevant HLA class II
alleles in AA SSc patients and unaffected individuals are
illustrated in Table 3.
HLA-DRB1*08:04 binding peptides. Using virtual matrix
for HLA-DRB1*08:04, at a threshold of 1% (the percentage
best scoring natural peptides), we identified 4 binding peptides (FRSKLAAAI, FRGRGRGGG, IHIKPGAKV, and
FVISIKANC) from the human fibrillarin protein that could
serve as potential binding sites within the antigen-binding
groove.
Clinical features. AA SSc patients with AFA were younger
at disease onset (p = 0.004) but sex, disease type, and duration were not significantly different compared to AA SSc
patients with AFA. Table 4 illustrates the comparison of
clinical manifestations between AFA-positive and AFA-negative AA patients with SSc.
After adjustment for disease duration, AA SSc patients
with AFA were 3.31-times more likely to have digital ulcers
(p = 0.014). Diarrhea and pericarditis occurred more frequently in AFA-positive AA SSc patients (OR 4.84, p =
0.019; OR 2.45, p = 0.092, respectively) than AA patients
without AFA. However, there were no differences between
AFA-positive and AFA-negative AA SSc patients in MRSS,
dysphagia, PAH, SSc-associated interstitial lung fibrosis,
FVC and DLCO predicted values, SSc renal crisis, myositis
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Table 2. Frequency of HLA class II alleles in antifibrillarin (AFA)-positive African American (AA) patients with SSc compared to ethnically matched
AFA-negative patients and unaffected controls.

HLA Class
II Alleles

AFA-Positive,
n = 50,
%

AFA-positive AA Patients vs
AFA-negative, Unaffected
Unaffected AA Controls
n = 221,
Controls,
OR
p
p*
%
n = 329, % (95% CI)

DRB1*08:04

47.6

14.9

6.4

DQA1*04:01

33.3

17.5

20.6

DQB1*03:01

69.1

56.5

39.0

DPB1*01:01

80

50.8

47.8

DRB1*11:01

0

16.9

11.8

13.20
(6.24, 27.94)
1.95
(0.97, 3.90)
3.49
(1.75, 6.95)
4.38
(1.08, 25.21)
NA

< 0.001
0.060
< 0.001
0.019
0.019

< 0.001

AFA-positive vs negative AA
Patients
OR
p
p*
(95% CI)

5.21
(2.44, 11.09)
NS
2.37
(1.10, 5.09)
0.005
1.72
(0.83, 3.56)
NS
4.12
(1.07, 15.89)
NS
NA

< 0.001

< 0.001

0.026

NS

0.153

NS

0.041

NS

0.004

NS

* Corrected p value. NS: not significant; NA: not applicable.

or muscle weakness, serum CK, joint contracture, or sicca
symptoms.
AFA-positive patients had higher Medsger peripheral
vascular severity index scores (regression coefficient [b] =
0.79, 95% CI 0.27, 1.30; p = 0.003), indicating more severe
peripheral vascular involvement, and lower Medsger lung
severity index (b = –0.82, 95% CI –1.50, –0.14; p = 0.019),
indicating less severe lung involvement. The other Mesdger
severity indices were not significantly different (Table 4).
Survival analysis. At the time of analysis, 30% of AFA-positive AA SSc patients and 29.5% of AFA-negative patients
were deceased (Table 4). After correction for age at enrollment, AFA-positive patients did not have different survival
compared to AFA-negative patients (hazard ratio = 0.79, p =
0.493). In addition, none of the relevant HLA class II was a
predictor of mortality in AA patients with SSc (Table 5).
AFA and ATA among AA patients with SSc. Although age at
onset of the first non-Raynaud’s symptom was not statistically different between these 2 groups, the AA scleroderma
patients with AFA had higher frequency of digital ulcers,
and lower GI tract involvement, pericarditis, and Medsger
peripheral vascular severity index scores (Table 6).
AFA-positive patients had lower Medsger lung severity
index, higher FVC and DLCO predicted values, and fewer
cases of PAH. Despite less severe lung disease, after adjusting for age of disease onset, AFA-positive patients did not
have better or worse survival compared to ATA-positive
(Table 5).
DISCUSSION
At a frequency of 18.5%, AFA is the second most common
antinuclear antibody among AA patients with SSc (second
to ATA). Our report represents the first study of the genetic
associations, clinical manifestations, and infuence of AFA
on survival in a large population of AA patients with SSc.
Distinct HLA class II allelic associations of SSc-specific

autoantibodies in different ethnic groups have been
described in several studies5,10,14,27,28. In a large sample of
Caucasian patients, we previously reported that
HLA-DRB1*13:02, DQB1*06:04/06:05 haplotype correlated with AFA14. In the current study, we did not observe a
similar pattern among AA patients with AFA. Our results
indicated that HLA-DRB1*08:04 is strongly associated with
AFA in AA patients with SSc, compared to unaffected individuals or AFA-negative AA patients with SSc.
Previous studies investigated potential association of
HLA-DRB1*08:04 with other rheumatic conditions such as
systemic lupus erythematosus (SLE)29 and rheumatoid
arthritis (RA)30. Reveille, et al29 detected no difference in
frequency of HLA-DRB1*08:04 between 88 AA patients
with SLE and 88 unaffected AA controls. Hughes, et al30
reported no difference in frequency of HLA-DRB1*08:04
between 321 AA patients with RA and 564 unaffected individuals. Previously, we showed that HLA-DRB1*08:04
might be a susceptibility gene for SSc among AA14; whereas the results of the current study demonstrated that the
higher frequency of HLA-DRB1*08:04 with SSc in AA
patients is mainly driven by its strong association with AFA
in this ethnic group. Through the Binding Peptide Prediction
Server23 for HLA-DRB1*0804, we identified 4 potential
binding peptides from the human fibrillarin protein that
could serve as potential binding sites within the antigenbinding groove. The large effect sizes (Table 2) and predicted binding peptides should prompt more studies to investigate potential causal and/or environmental relationships of
these autoantibodies.
An animal model for induction of AFA has been studied
extensively and may provide clues to an environmental trigger in humans with AFA-positive SSc. Certain mouse strains
possessing specific H2 (the murine counterpart for HLA)
haplotypes develop a non-SSc autoimmune disease and
high-titer AFA following administration of mercuric chloride or silver nitrate31,32,33,34. Of note, one study of urinary
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Table 3. Frequency of HLA class II alleles in AFA-positive AA patients with SSc compared to ethnically matched AFA-negative patients and unaffected controls. Data are percentages. The results of the prevalence of all HLA class II alleles with frequency ≥ 5% in at least one group are included.
HLA
Class II
Alleles
DRB1
01:01
01:02
03:01
03:02
04:01
07:01
08:04
11:01
13:02
14:01
15:03
DQA1
01:01
01:02
01:03
02:01
04:01
05:01
DQB1
02:01
02:02
03:01
03:02
04:02
05:01
06:02
06:04
06:05
DPB1
01:01
02:01
03:01
04:01
04:02
17:01
18:01

AFA-positive,
n = 50

AFA-negative,
n = 221

Unaffected
Controls,
n = 329

0
9.5
9.5
7.1
0
11.9
47.6
0
21.4
0
14.3

2.7
4.1
16.2
5.4
4.7
6.8
14.9
16.9
16.2
0.7
27.0

14.3
42.9
14.3
9.5
33.3
50.0

AFA-positive AA and Control AA

AFA-positive and negative Patients

OR (95% CI)

p

OR (95% CI)

p

7.7
4.9
15.7
14.3
5.9
14.6
7.3
11.8
10.4
6.3
16.7

0.14 (0.01, 2.33)
2.05 (0.64, 6.56)
0.57 (0.19, 1.66)
0.46 (0.14, 1.56)
0.18 (0.01, 3.08)
0.79 (0.29, 2.12)
11.51 (5.43–24.4)
NA
2.34 (1.02, 5.35)
NA
0.83 (0.33, 2.08)

0.06
0.22
0.30
0.20
0.11
0.64
< 0.0001
0.02
0.04
0.10
0.69

0.38 (0.02, 7.16)
2.49 (0.67, 9.28)
0.54 (0.18, 1.66)
1.35 (0.34, 5.32)
0.22 (0.01, 3.97)
1.86 (0.60, 5.79)
5.21 (2.44–11.09)
NA
1.41 (0.60, 3.32)
NA
0.45 (0.18, 1.15)

0.28
0.16
0.28
0.67
0.15
0.28
< 0.0001
0.004
0.43
0.59
0.09

15.6
52.6
7.1
11.7
17.5
59.1

21.2
38.0
17.2
19.6
20.6
46.3

0.62 (0.25, 1.53)
1.22 (0.64, 2.34)
0.80 (0.32, 2.00)
0.43 (0.15, 1.25)
1.93 (0.96–3.87)
1.16 (0.61, 2.20)

0.30
0.55
0.64
0.11
0.06
0.65

0.90 (0.34, 2.38)
0.68 (0.34, 1.35)
2.17 (0.75, 6.25)
0.80 (0.25, 2.49)
2.35 (1.09–5.05)
0.69 (0.35, 1.37)

0.84
0.26
0.15
0.69
0.03
0.29

11.9
11.9
69.1
2.4
7.1
16.7
26.2
16.7
0

18.2
13.6
56.5
6.5
11.0
18.8
35.1
9.7
7.1

16.2
20.1
39.0
9.8
16.2
22.3
28.7
8.5
1.8

0.70 (0.26, 1.87)
0.54 (0.20, 1.42)
3.49 (1.75–6.95)
0.22 (0.03, 1.70)
0.40 (0.12, 1.34)
0.70 (0.30, 1.64)
0.88 (0.43, 1.83)
2.14 (0.87, 5.27)
NA

0.48
0.20
0.0002
0.11
0.12
0.41
0.74
0.09
0.38

0.61 (0.22, 1.69)
0.86 (0.30, 2.42)
1.72 (0.83–3.56)
0.35 (0.04, 2.83)
0.62 (0.17, 2.22)
0.86 (0.35, 2.13)
0.66 (0.31, 1.41)
1.85 (0.70, 4.89)
NA

0.34
0.77
0.14
0.31
0.46
0.75
0.28
0.21
0.07

80
26.7
6.7
20.0
20.0
6.7
0

50.8
23.1
16.9
27.7
15.4
20.0
6.2

47.8
18.9
14.4
16.2
26.1
18.0
2.4

4.38 (1.08, 25.21)
1.56 (0.32, 5.94)
0.42 (0.01, 3.20)
1.29 (0.21, 5.49)
0.71 (0.11, 2.89)
0.33 (0.01, 2.40)
NA

0.02
0.48
0.41
0.71
0.61
0.27
0.54

4.12 (1.07, 15.89)
1.21 (0.34, 4.37)
0.35 (0.04, 2.95)
0.65 (0.16, 2.59)
1.38 (0.33, 5.76)
0.29 (0.03, 2.38)
NA

0.04
0.77
0.32
0.54
0.66
0.22
0.96

NA: Not applicable.

mercury levels in SSc patients noted higher levels in those
with AFA. However, this observation did not maintain statistical significance following corrections35. Interestingly,
heavy metals have been noted to be highly concentrated in
the nucleolus36. It was reported by Pollard, et al37 that most
if not all of the SSc-specific autoantigens were at some time
during their life cycle localized to the nucleolus. Clearly,
larger and more targeted studies of heavy metal and other
environmental exposures are warranted in AFA-positive SSc
patients, perhaps selected for the associated HLA class II
alleles (DRB1*13:02 in Caucasians and DRB1*08:04 in
AA) and AFA-negative SSc patients, as well as well
matched healthy controls.
Confirming our previous findings10, we showed that
HLA-DQB1*03:01 had a higher frequency among

AFA-positive AA patients compared to unaffected AA individuals. However, there was no difference between
AFA-positive and negative AA patients with SSc.
AA patients with SSc are younger at SSc onset compared
to other ethnic groups1,2,5,28. Moreover, other studies show
that SSc patients with AFA have younger age of disease
onset2,12,13,16,17. In support of these findings, we demonstrated that AA SSc patients with AFA had younger age of
onset in comparison to AA patients without AFA.
The higher Medsger peripheral vascular severity index
and prevalence of digital ulcers in AA patients with AFA
compared to those without AFA are novel findings. These
findings were also present when we compared AFA-positive
and ATA-positive AA patients with SSc. Previous studies
have shown higher rates of digital ulcers among AA patients
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Table 4. Clinical manifestations of African American patients with AFA compared to those without AFA (adjusted for disease duration).

Characteristic
Age*, mean (SD), yrs
Female*, %
Cutaneous involvement*,
diffuse, %
Disease duration at enrollment*
Deceased, %
Modified Rodnan skin score,
mean (± SD)
Digital ulcer, %
Dysphagia, %
Diarrhea, %
Pericarditis, %
Pulmonary artery hypertension, %
SSc interstitial lung fibrosis, %
FVC % predicted, mean (± SD)
DLCO % predicted, mean (± SD)
SSc renal crisis, %
Myositis or muscle weakness, %
Elevated serum creatine kinase
Arthritis, %
Joint contracture
Sicca symptoms†
Medsger severity index, mean (± SD)
General
Peripheral vascular
Skin
Joint
Muscle
GI tract
Lung
Heart
Kidney

AFA-positive,
n = 50

AFA-negative,
n = 221

OR
(95% CI)

41.7 (13.31)
86.0

47.9 (13.25)
84.6

36.0
5.34 (5.14)
30.0

39.5
6.28 (6.85)
29.5

0.86 (0.43, 1.69)
–0.93 (–3.51, 1.64)**
0.99 (0.47, 2.03)

0.642
0.475
0.892

14.31 (7.62)
79.3
60.0
53.9
28.2
10.0
28.2
77.8 (17.7)
67.7 (17.2)
10.5
30.0
28.6
21.9
22.9
20.0

17.83 (13.50)
53.8
54.8
19.2
12.8
22.4
47.3
72.9 (23.2)
57.9 (24.6)
8.4
40.6
30.9
31.0
21.4
28.1

–2.55 (–9.66, 4.54)**
3.31 (1.27, 8.62)
1.24 (0.49, 3.19)
4.84 (1.29, 18.13)
2.45 (0.86, 6.93)
0.38 (0.09, 1.19)
0.64 (0.28, 1.52)
6.08 (–4.54, 16.69)**
9.45 (–2.24, 21.14)**
1.28 (0.28, 4.54)
1.05 (0.21, 5.28)
0.88 (0.31, 2.54)
0.53 (0.13, 2.13)
1.44 (0.56, 3.72)
0.64 (0.11, 3.69)

0.476
0.014
0.619
0.019
0.092
0.081
0.322
0.259
0.112
0.921
0.953
0.817
0.370
0.447
0.621

0.6
2.2
1.5
0.8
0.2
0.6
1.1
0.5
0.1

0.5
1.4
1.7
0.9
0.3
0.6
1.9
0.3
0.3

0.06 (–0.53, 0.64)**
0.79 (0.27, 1.30)**
–0.27 (–0.84, 0.31)**
–0.09 (–0.92, 0.73)**
–0.10 (–0.41, 0.21)**
0.02 (–0.43, 0.39)**
–0.82 (–1.50, –0.14)**
0.16 (–0.27, 0.58)**
0.19 (–0.68, 0.29)**

0.838
0.003
0.361
0.813
0.521
0.935
0.019
0.457
0.441

p

–6.29 (–10.59, –1.99)** 0.004
0.89 (0.31, 2.24)
0.806

* These comparisons were not adjusted for disease duration. Student’s t test and chi-square were utilized for
comparisons, accordingly. ** Mean differences. † Two of 3 symptoms of dry mouth, dry eye, and/or enlarged
parotid.
Table 5. Cox proportional hazards regression analysis of African American
patients with systemic sclerosis (SSc).

AFA
AFA vs ATA
HLA-DRB1*08:04
HLA-DQA1*04:01
HLA-DQB1*03:01
HLA-DQB1*01:01
HLA-DRB1*11:01

Hazard Ratio (95% CI)

p

0.80 (0.41, 1.53)
0.84 (0.42, 1.69)
1.00 (0.55, 1.83)
1.50 (0.84, 2.68)
0.85 (0.51, 1.41)
1.13 (0.49, 2.60)
1.17 (0.57, 2.39)

0.493
0.623
0.996
0.170
0.520
0.766
0.671

with SSc compared to Caucasians2,4. Higher frequencies of
AFA in AA might contribute to this finding. Steen12 reported higher frequency of digital ulcers in AFA-positive
patients; however, these findings were not stratified for ethnic background.
In agreement with studies reporting more severe GI

involvement in AFA-positive patients (regardless of ethnicity)10,12, we observed a higher frequency of SSc-associated
diarrhea in AFA-positive AA patients. The higher frequency
of lower GI tract involvement was more significant when
AFA-positive AA patients were compared to ATA-positive
patients. It is possible that AFA-positive patients have more
severe lower GI tract hypomotility and bacterial overgrowth
that contribute to diarrhea.
Our results imply a less severe lung involvement among
AFA-positive AA patients with SSc, as assessed by lower
scores of the Medsger lung severity index. The comparison
of AFA-positive and ATA-positive AA scleroderma patients
further demonstrated less severe lung involvement (higher
FVC and DLCO predicted values and lower Medsger lung
severity index). In agreement with our findings, in an ethnically homogenous cohort of Japanese patients with SSc,
AFA-positive patients had less severe lung involvement17.
While data from several multiethnic cohorts suggested a
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Table 6. Comparison of clinical manifestations of African American SSc patients with AFA to ATA-positive
patients, adjusted for disease duration.

Age*, mean (SD), yr
Female*, %
Cutaneous involvement*, diffuse, %
Disease duration at enrollment*
Deceased, %
MRSS, mean (± SD)
Digital ulcer, %
Dysphagia, %
Diarrhea, %
Pericarditis, %
Pulmonary artery hypertension, %
SSc interstitial lung fibrosis, %
FVC % predicted, mean (± SD)
DLCO % predicted, mean (± SD)
SSc renal crisis, %
Myositis or muscle weakness, %
Elevated serum creatine kinase
Arthritis, %
Joint contracture
Sicca symptoms†
Medsger severity index, mean (± SD)
General
Peripheral vascular
Skin
Joint
Muscle
GI tract
Lung
Heart
Kidney

AFA-positive,
n = 50

ATA-positive,
n = 61

OR
(95% CI)

p

41.7 (13.31)
86.0
36.0
5.34 (5.14)
30.0
14.31 (7.62)
79.3
60.0
53.9
28.2
10.0
28.2
77.8 (17.7)
67.7 (17.2)
10.5
30.0
28.6
21.9
22.9
20.0

45.9 (11.81)
74.6
42.4
5.77 (6.83)
33.9
23.32 (13.19)
59.1
50.0
0
10.6
34.0
55.1
66.2 (18.4)
47.5 (18.8)
6.9
22.2
30.4
13.0
20.4
19.7

–4.17 (–9.16, 0.81)**
2.09 (0.71, 6.66)
0.77 (0.33, 1.78)
–0.43 (–3.32, 2.47)**
0.57 (0.19, 1.73)
–7.38 (–15.35, 0.58)**
2.68 (0.90, 8.01)
1.50 (0.43, 5.24)
N/A
3.30 (0.92, 13.29)
0.28 (0.07, 1.13)
0.48 (0.18, 1.29)
11.82 (1.37, 22.18)**
20.14 (0.35, 30.93)**
1.01 (0.16, 6.52)
2.46 (0.21, 28.69)
0.94 (0.25, 3.47)
1.12 (0.14, 8.68)
1.82 (0.57, 5.84)
1.01 (0.06, 17.08)

0.099
0.139
0.498
0.769
0.325
0.078
0.078
0.314
0.002
0.037
0.075
0.144
0.030
0.004
0.995
0.471
0.925
0.914
0.314
0.991

0.6
2.2
1.5
0.8
0.2
0.6
1.1
0.5
0.1

0.3
1.1
1.9
0.9
0.3
0.6
2.4
0.5
0.4

0.36 (–0.39, 1.12)**
1.15 (0.47, 1.82)**
–0.46 (–1.23, 0.32)**
–0.14 (–1.23, 0.93)**
–0.08 (–0.44, 0.27)**
0.00 (–0.62, 0.62)**
–1.21 (–1.94, 0.48)**
0.01 (–0.62, 0.63)**
–0.34 (–1.02, 0.35)**

0.329
0.018
0.237
0.780
0.633
1.000
0.014
0.982
0.317

* Comparisons were not adjusted for disease duration. Student t test and chi-square were utilized accordingly.
** Mean difference. † Two of 3 symptoms of dry mouth, dry eye, and/or enlarged parotid. MRSS: modified
Rodnan skin score; GI: gastrointestinal.

higher frequency of isolated PAH and/or pulmonary fibrosis
in the SSc patients with AFA9,10,12,13,38, these comparisons
were not adjusted for ethnicity or for other antibodies, i.e.,
ATA, as potential confounders. Therefore, the higher frequency of lung fibrosis and PAH might be due to a sizeable
AA population in the AFA-positive group and a large number of Caucasian SSc patients in the AFA-negative group.
More severe SSc-associated lung involvement in AA
patients with SSc compared to other ethnic groups has been
reported in several studies2,18,28,39,40.
Based on our findings, AFA-positive AA patients with
SSc have a higher prevalence of pericarditis, compared to
AFA-negative as well as ATA-positive patients. This is in
agreement with studies indicating higher frequency of cardiac involvement in AFA-positive10,12 and AA patients with
SSc39.
Our study did not confirm reports of worse13 or better11
survival in AFA-positive patients with SSc. The poorer survival of AFA-positive patients in one report13 might be

attributable to the confounding or modifying effects of ethnicity in studies that are not stratified by ethnicity, as AA
ethnicity is associated with AFA positivity as well as poorer
survival1,10,12,13.
This study has limitations. Although potentially important, data on heavy metal exposure were not collected.
Medsger severity indices were available only for patients
from the longitudinal GENISOS cohort. High-resolution
computed tomography scans and echocardiography were
not performed on all patients, which might have led to
underreporting of pulmonary involvement; and despite
being the largest genetic study reported to date in AA
patients with SSc, the findings might be underpowered to
detect more subtle HLA associations with AFA in the AA
population.
Anti-fibrillarin antibody was the second most common
antinuclear antibody in African Americans with SSc.
Presence of AFA was strongly associated with the
HLA-DRB1*08:04 in the AA patients with SSc. In addition,
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AA SSc patients with AFA had a younger age of disease
onset, higher frequency of digital ulcers and pericarditis,
more severe lower GI involvement, and less severe pulmonary involvement. Future studies should focus on environmental factors, such as heavy metal exposure, that may
influence the B cell response and the immunopathology of
the disease.
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APPENDIX
List of study collaborators: The Canadian Scleroderma Research Group:
Janet E. Pope, Janet Markland, David Robinson, Niall Jones, Nader
Khalidi, Peter Docherty, Maysan Abu-Hakima, Sharon LeClercq, Evelyn
Sutton, Douglas Smith, Jean-Pierre Mathieu, Alejandra Masetto, Elzbieta
Kaminska, Sophie Ligier.
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ARTICLE

Gene and pathway-based second-wave analysis of
genome-wide association studies
Gang Peng1, Li Luo2, Hoicheong Siu1, Yun Zhu1, Pengfei Hu1, Shengjun Hong1, Jinying Zhao3,
Xiaodong Zhou4, John D Reveille4, Li Jin1, Christopher I Amos5 and Momiao Xiong*,2
Despite the great success of genome-wide association studies (GWAS) in identification of the common genetic variants
associated with complex diseases, the current GWAS have focused on single-SNP analysis. However, single-SNP analysis often
identifies only a few of the most significant SNPs that account for a small proportion of the genetic variants and offers only a
limited understanding of complex diseases. To overcome these limitations, we propose gene and pathway-based association
analysis as a new paradigm for GWAS. As a proof of concept, we performed a comprehensive gene and pathway-based
association analysis of 13 published GWAS. Our results showed that the proposed new paradigm for GWAS not only identified
the genes that include significant SNPs found by single-SNP analysis, but also detected new genes in which each single SNP
conferred a small disease risk; however, their joint actions were implicated in the development of diseases. The results also
showed that the new paradigm for GWAS was able to identify biologically meaningful pathways associated with the diseases,
which were confirmed by a gene-set-rich analysis using gene expression data.
European Journal of Human Genetics (2010) 18, 111–117; doi:10.1038/ejhg.2009.115; published online 8 July 2009
Keywords: genome-wide association studies; gene and pathway-based analysis; complex diseases; combining P-values; gene-set
enrichment analysis

INTRODUCTION
Genome-wide association studies (GWAS) are emerging as a major
tool to identify disease susceptibility loci and have been successful
in detecting the association of a number of SNPs with complex
diseases.1–12 However, testing only for association of a single SNP is
insufficient to dissect the complex genetic structure of common
diseases. Extracting biological insight from GWAS and understanding
the principles underlying the complex phenomena that take place on
various biological pathways remain a major challenge. The common
approach of GWAS is to select dozens of the most significant SNPs in
the list for further investigations. This approach, which takes only
SNPs as basic units of association analysis, has a few serious limitations. First, a single SNP showing a significant association with
complex diseases typically has only mild effects.13 The common
disease often arises from the joint action of multiple loci within a
gene or the joint action of multiple genes within a pathway. If we
consider only the most significant SNPs, the genetic variants that
jointly have significant risk effects but individually make only a small
contribution will be missed. Second, locus heterogeneity, which
implies that alleles at different loci cause diseases in different populations, will increase difficulty in the replication of association of a single
marker.14 A gene, particularly a pathway, consists of a group of
interacting components that act in concert to perform specific
biological tasks. Replication of association finding at the gene level
or pathway level is much easier than replication at the SNP level.

Third, attempting to understand and interpret a number of significant
SNPs without any unifying biological theme can be challenging and
demanding. SNPs and genes carry out their functions through
intricate pathways of reactions and interactions. The function of
many SNPs may not be well characterized, but the function of genes
and particular pathways have been much better investigated. Therefore, the gene and pathway-based association analysis allows us to gain
insight into the functional basis of the association and facilitates to
unravel the mechanisms of complex diseases.
To meet the conceptual and technical challenges raised by GWAS
and to take full advantage of the wide opportunities provided by
GWAS, the gene and pathway-based association analysis can be used
as a complementary approach to the genome-wide search association
of a single SNP with a disease . The gene and pathway-based
association analysis considers a gene or a pathway as the basic unit
of analysis. Gene and pathway-based GWAS aim to study simultaneously the association of a group of genetic variants in the same
biological pathway,14–16 which can help us to holistically unravel the
complex genetic structure of common diseases in order to gain insight
into the biological processes and disease mechanisms.17
Gene and pathway-based GWAS can be performed by extension of a
gene-set enrichment analysis for gene expression data,18 to genomewide association studies. However, a simple application of gene-set
analysis methods for gene expression data to GWAS may not work
very well. The key difference between the gene expression data and
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SNP data is that in expression data analysis each gene is represented by
one value of expression level of the gene, but in GWAS each gene is
represented by a varied number of SNPs. The challenge facing us is how
to represent a gene.19,20 One promising approach is to combine P-values
for correlated SNPs into an overall significance level to represent a gene
and to combine P-values for the genes into an overall significance level to
investigate the association of a pathway with the disease.21
MATERIALS AND METHODS
Gene-based association analysis
Statistical analyses for testing the association of a gene with a disease were
conducted on the basis of the combination of P-values of the SNPs in the
gene14. We assume that the P-values Pi are independent and uniformly
distributed under their null hypotheses although the independence assumption
may be violated because of linkage disequilibrium among SNPs in the gene.
Several methods were used to combine independent P-values. A general
framework for combining independent P-values is as follows. Let Pi be the
P-value for the corresponding statistic Ti with G distribution to test the i-th
marker Mi. Let H be a continuous monotonic function. A transformation of the
P-value is defined as Zi ¼ H 1 ð1  Pi Þ

Fisher’s combination test
The full combination methods are to combine P-values of all SNPs within
the gene. The statistic for combining K independent P-values or for combining
information from K SNPs is usually given by
ZF ¼ 2

K
X

which follows a

distribution.21

Sidak’s combination test (the best SNP)
If we consider only the best SNP in the gene, then the statistic is defined as
ZB¼P(1), which is distributed as P(ZBrw)¼1(1–w)K. This statistic is often
referred to as Sidak’s correction.

Simes’ combination test
Let P-values be ordered as P(1)pP(2)pypP(k). The P-value is calculated as


kPðiÞ
PS ¼ min
i
i

The FDR method
Let p be the proportion of tests with a true null hypothesis and F(a) be the
expected proportion of tests yielding a P-value less than or equal to a, V(a) be the
expected proportion of tests giving a false positive result with significance level a.
Suppose that there are d distinct P-values among p¼{p1, y, pk}. Let
p~1 op~2 o . . . op~d . Let mj be the number of P-values among P that are equal
to p̃j.
d
P
~ ¼ 1 Iðp~j  aÞmj ,where I is an indicator function. For a
Then, FðaÞ
k
j¼1

two-sided test define p¼min(1,2p̄), and for a one-sided test (w2-test, trend
k
k
P
P
test) define p¼min(1,2ā), where p ¼ 1k pi; a ¼ 1k ai ; ai ¼ 2 minðpi ; 1  pi Þ
i¼1

i¼1
vðp Þ

Then, v(a)is estimated by v(a)¼pa. Define tðiÞ ¼ FðpðiÞ Þ and q(i)¼minjZi{t(j)},
ðiÞ

q(1)rq(2)ryrq(m) are the ordered false discovery rates. We also take
q(1)¼min{t(j)} as the false discovery rate for the gene or pathway.19

Pathway-based association analysis
Consider m genes in a pathway. Assume that the P-value for each gene is
calculated using one of the methods of combining independent P-values
mentioned in the previous section. The methods for testing the association
of a pathway with the disease are given below.
European Journal of Human Genetics

Fisher’s exact test is performed to search for an overrepresentation of significantly associated genes among all the genes in the pathway. We assume that
the total number of genes that are of interest is N. Let S be the number of genes
that are significantly associated with the disease (P-value r0.05, calculated by
Fisher’s combination test) and m be the number of genes in the pathway. Let k
be the number of significantly associated genes in the pathway. The P-value of
observing k-significant genes in the pathway is calculated by
 

S
N S
K
X
i
mi
 
P ¼1
N
i¼0
m

Sidak’s method
Both P-values for testing the association of the gene and the pathway are
calculated by Sidak’s method, which is described in the previous section.

Simes’ method
Both P-values for testing the association of the gene and the pathway are
calculated by Simes’ method that is described in the previous section.

Simes/FDR method
The P-value for testing the association of the gene is calculated by Simes’
method and the P-value for testing the association of the pathway is calculated
by the FDR method.

log Pi

i¼1

w2(2K)

Hypergeometric test (Fisher’s exact test)

RESULTS
To investigate what should be the basic units for genome-wide
association studies and to illustrate how to perform the gene and
pathway-based genome-wide association analysis, we examine the 13
published GWAS (Supplementary Table 1), in which WTCCC represents the Wellcome Trust Case Control Consortium, NARAC, the
North American Rheumatoid Arthritis Consortium, EIRA, the Swedish Epidemiological Investigation of Rheumatoid Arthritis, DGI, the
Diabetes Genetics Initiative, AREDS, The Age-Related Eye Disease
Study, CORIELL, Coriell Institute for Medical Research, and 10
diseases: bipolar disorder (BD), coronary artery disease (CAD),
Crohn’s disease (CD), hypertension (HT), rheumatoid arthritis
(RA), type I diabetes (T1D), type II diabetes (T2D), Parkinson’s
disease (PD), age-related eye disease (AREDS) and Amyotrophic
lateral sclerosis (ALS). As only P-values for testing the association of
a single SNP (but not individual genotypes) were publically accessible,
we used the statistical methods for combining independent P-values to
perform gene and pathway-based GWAS (see Materials and methods).
The methods for combining dependent P-values require individual
genotype information and cannot be applied here. The number of
typed cases and controls, the number of typed SNPs and genes, and Pvalues for ensuring genome-wide significance using Bonferroni correction for each study are listed in Supplementary Table 1.
The procedure for gene and pathway-based GWAS consists of two
steps. The first step is to combine a set of P-values for SNPs in a gene,
which is obtained from GWAS of a single SNP, into an overall
significance level of the gene. The second step is to combine a set of
P-values for genes in a pathway into an overall P-value for the
pathway. To combine P-values, one typically assumes that the P-values
are independent and uniformly distributed under the null hypothesis.
In this report, four combination tests: Fisher’s combination test,
Sidak’s combination test, Simes’ combination test and a test based
on false discovery rate, were used (see Materials and methods). As the
SNPs within a gene may be in linkage disequilibrium, P-values of
SNPs from the same gene are often not independent and hence
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Table 1 Number of replicated or shared SNPs and genes

Study 1

Study 2

Number of replicated

Number of replicated or shared SNPs which

Number of replicated

or shared SNPs

are not located in significant genes

or shared genes

28
0

0
0

42
7

4

4

82

0
29

0
0

6
57

0

0

5

28

0

36

0
4

0
2

0
4

0

0

0

29
0

0
0

35
0

(a) Fisher’s method
RA (WTCCC)
T2D (WTCCC)

RA(NARAC and EIRA)
T2D (DGI)

PD(CORIELL)
WTCCC

PD(NCBI)

CAD+HT+T2D
RA+T1D
CD+RA+T1D
(b) FDR Method
RA (WTCCC)
T2D (WTCCC)
PA(CORIELL)
WTCCC
CAD+HT+T2D
RA+T1D
CD+RA+T1D

RA(NARAC and EIRA)
T2D (DGI)
PA(NCBI)

independent assumption of combining P-values is violated. We used
methods for combining independent P-values for the following
reasons. First, the methods for combining dependent P-values require
the data of individual genotypes. However, in many cases, individual
genotypes cannot be publically accessed. Second, errors that arise from
violation of independent assumptions are not very high. (We will
present the results of comparison of methods combining independent
P-values and those combining dependent P-values elsewhere.) Third,
Q–Q plots for the four combining tests (Supplementary Figure 1)
showed that the observed distribution of P-values of the combining
tests (except for Fisher’s combination test) matches that expected for
the majority of the data, but begins to depart from the null at 3.15
106 (gene) and 104 (pathway).
We obtained the combined P-values for each gene. Supplementary
Table 2a and 2b summarizes the total number of significant genes,
significant SNPs and significant SNPs that belong to insignificant
genes. The numbers of replicated SNPs and genes in the different
studies, or the numbers of significant SNPs and genes shared by
several diseases, are shown in Table 1. In Supplementary Tables S3–S15
we have listed all significant genes with P-values r3.15106, which
were calculated by the Fisher’s combination test or by the test based on
the false discovery rate (FDR) for 13 studies. In these tables we also
included the number of typed SNPs within each significant gene and
P-value of the most significant SNP in the gene. Supplementary Tables
S16–S18 list the significant SNPs and genes for PA, RA and T2D
diseases shared by two independent studies. Three remarkable features
emerge from these tables. First, these tables show that except for the
diseases RA and T1D, the number of significant SNPs in each study is
very small, but the number of significant genes is quite large. From
these tables we can find that the large proportion of significant genes
even contains no single significant SNP. For example, in the T2D study
(WTCCC), the P-values of the best SNPs in the genes PPARG, JAZF1,
TSPAN8 and THADA were 0.001205, 0.001681, 0.0000156 , and
0.01080, respectively, but the overall P-values of these genes were
2.87105, 8.58107, 3.171013, and 1.80105, respectively.
Although an initial single SNP analysis did not find any significant
SNPs in these genes, a recent meta-analysis22 showed that the
P-values of the best SNPs in these genes were 2.00107,
5.001014, 1.10109, and 1.10109, respectively. This shows

that the results of the gene-based association analysis were consistent
with the results of meta-analysis. If we conduct only the single-SNP
association analysis, these significant genes might be missed because of
the low power of small sample sizes in the initial GWAS. Second,
replication of association findings at gene level in additional independent samples is much easier than that at SNP level. We examined
association studies of three diseases: T2D, PA, and RA, each with two
independent studies. For T2D, no SNPs were replicated in two
independent studies (WTCCC and DGI) after correction for multiple
tests by the Bonferroni method. However, seven genes, including genes
TCF7L2 (transcription factor 7-like 2) and CDKAL1 (CDK5 regulatory subunit associated protein 1-like 1), were replicated (Supplementary Table S17). The gene TCF7L2, which has a marked effect on type
II diabetes, had a widely replicated association in several studies 2,23. In
single-SNP association analysis, although a strong association of
CDKAL1 was reported from WTCCC (P¼1.02106) and
WTCCC/UKT2D2,3 (P¼108), the original scan and follow-up replication samples from DGI only support nominal association
(P¼0.0024). In gene-based analysis, a strong association of CDKAL1
was observed from WTCCC (Po1020) and DGI (P¼1.84106)
(Supplementary Table S17). To explain why replication of significant
genes in independent samples is much easier than replication of
significant SNPs, we have listed all SNPs with P-values o0.05 for
the genes in Table 2. Table 2 shows that although a few single SNPs in
the genes CDKAL1, TTLL5 and BTBD16 showed significant association in the WTCCC study or DGI study, the joint effects of multiple
SNPs with very mild effects led to three genes being strongly associated
with the diseases in both studies. Third, gene-based association
analysis can more effectively identify the common genes that are
shared within a disease group than single-SNP association analysis.
Although there is considerable heterogeneity among complex diseases,
many diseases share common phenotypes, forming a group of
diseases. In the studies that we examined here, CD+RA+T1D are
autoimmune diseases, and CAD+HT+T2D have metabolic and cardiovascular phenotypes in common. GWAS offers us an opportunity
to reveal the genetic variants that confer a risk of more than one
disease. Supplementary Table 19 summarizes the shared genes within
the disease group based on the best SNP within the gene. In other
words, a gene is shared within a disease group if at least one significant
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Table 2 Overall P-values of the genes CDKAL1, TTLL5 and BTBD16 and their SNPs with P-values less than 0.05 in WTCCC and DGI studies
WTCCC
Gene
CDKAL1

DGI

P-value

Gene

P-value

Gene

P-value

Gene

P-value

o1.0E-20

TTLL5

3.0E-15

CDKAL1

2.0E-6

BTBD16

1.0E-6

126

No of SNPs

25

No of SNPs

114

No of SNPs

30

P-value

SNP

P-value

SNP

P-value

SNP

P-value

No of SNPs
SNP
rs714831

0.0022

rs760233

0.0093

rs714830

0.0135

rs1885512

0.0183

rs2294809
rs2328529

0.037
0.0011

rs1158282
rs2302592

0.0206
0.0465

rs736425
rs1548145

0.0208
0.0117

rs2273796
rs7078328

0.0086
0.0165

rs2328549
rs2328573

0.0001
0.0183

rs2303345
rs2359866

0.0458
0.0267

rs2305955
rs2820001

0.0394
0.0188

rs7098436
rs10510107

0.0098
0.0165

rs2819999
rs4236002

0.0246
0.0054

rs2359983
rs4903350

0.0177
0.0273

rs6905567
rs6926388

0.0354
0.0237

rs10788281
rs11200528

0.0167
0.0132

rs4291090
rs4413596

0.0163
0.032

rs4903359
rs6574258

0.0089
0.0092

rs6927356
rs6938184

0.0478
0.0183

rs11200537

0.0351

rs4527692

0.0254

rs7156551

0.0356

rs7747752

0.0468

rs6456368
rs6908425

2.0E-05
0.0074

rs8015242
rs8020986

0.0441
0.0396

rs7754840
rs7767391

0.0075
0.0365

rs7739578
rs7739596

0.0064
0.0076

rs9323619
rs10131117

0.0178
0.0053

rs9460546
rs9465871

0.0057
0.0445

rs7741604
rs7747752

0.0198
0.0018

rs10143790
rs11621464

0.0353
0.0394

rs10484632
rs10946398

0.0122
0.0059

rs7752602
rs7754840

0.0351
4.5E–05

rs11621718
rs12887886

0.0129
0.0427

rs11970425
rs16884481

0.0375
0.0073

rs7763304
rs7766346

0.0067
0.0271

Gene
BTBD16

P-value
5.0E-08

Gene
TTLL5

P-value
4.0E-07

rs7767391
rs9348440

5.5E–06
8.5E–05

No of SNPs
SNP

31
P-value

No of SNPs
SNP

21
P-value

rs9350257
rs9358395

0.0427
0.0071

rs1022782
rs4237539

0.0017
0.0021

rs760233
rs4903359

0.0316
0.0268

rs9366357
rs9368283

0.0057
0.0157

rs4317918
rs7078328

0.0027
0.004

rs6574258
rs8018962

0.0129
0.0272

rs9460546
rs9465871

3.7E–05
1.0E–06

rs10510107
rs10887121

0.0025
0.0053

rs8020986
rs10131117

0.0382
0.0128

rs10946398
rs16883996

2.5E–05
0.0469

rs10887122
rs11200528

0.001
0.002

rs11621464
rs17183738

0.0231
0.0454

rs11200537

0.0053

Table 3 The number of pathways showing a significant association
Number of pathways
Sources

Disease

WTCCC

BD
CAD

15
22

3.23%
4.73%

22
28

4.73%
6.02%

CD
HT

26
23

5.59%
4.95%

77
21

16.56%
4.52%

RA
T1D

36
24

7.74%
5.16%

67
136

14.41%
29.25%

T2D
T2D

33
53

7.10%
11.40%

28
24

6.02%
5.16%

DGI

Exact

Simes/FDR

NARAC & EIRA

RA

40

8.60%

103

22.15%

CORIELL
NCBI

PD
PD

24
15

5.16%
3.23%

47
31

10.11%
6.67%

CORIELL
NCBI

ALS
AREDS

35
26

7.53%
5.59%

29
104

6.24%
22.37%
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Table 4 Number of replicated or shared pathways
Study 1

Study 2

RA (WTCCC)

RA(NARAC & EIRA)

T2D (WTCCC)
PD(CORIELL)

T2D (DGI)
PD(NCBI)

Exact

Simes/FDR

7

45

5
10

10
30

WTCCC
Number of shared pathways
Exact
CAD+HT+T2D

1

RA+T1D
CD+RA+T1D

6
1

Simes/FDR
0
49
7

SNP in the gene is common within the disease group. As shown in
Supplementary Table 19, based on the most significant SNPs in the
gene shared within a disease group, we can only find the shared genes
in the RA+T1D disease group. However, if we perform gene-based
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GNAS
0.0097

GNRHR
0.85

ADCY1 0.93
ADCY2 0.0002
ADCY3 0.999
ADCY4 0.023
ADCY5 0.50
ADCY7 0.25
ADCY8 0.08
ADCY9 0.98

WTCCC GnRH Pathway
PRKACB 4.48E-6

MAP3K1 0.989
MAP3K2 0.235
MAP3K3 0.932
MAP3K4 0.940

PLCB1 0.848
PLCB2 0.883
PLCB3 0.064
PLCB4 0.292

MAP2K3 0.287
MAP2K6 0.910

PRKCA 0.609
PRKCB1 0.048
PRKCD 0.781

MAPK13 0.228
MAPK14 0.173

PLA2G12A 0.64
PLA2G1B 0.097
PLA2G2A 0.0129
PLA2G2D 0.136
PLA2G2E 0.237
PLA2G2F 0.323
PLA2G3 0.150
PLA2G4A 0.047
PLA2G5 0.958
PLA2G6 0.817

MAPK7 0.13
CACNA1C 0.138
CACNA1D 0.184
CACNA1S 0.492

CAMK2A 0.78
CAMK2B 0.18
CAMK2D 1.6E-9
CAMK2G 0.691

CALM1 0.024
CALM2 0.717
CALM3 0.961

ITPR1 0.911
ITPR2 0.987
ITPR3 <1E-20

GNA11 0.85
GNAQ 0.99

GNRH1 0.9960
GNRH2 0.9999

PLD1 0.669
PLD2 0.394

Gonadotropins
gene expression
& secretion
LHB
0.784

CGA
0.393

FSHB
0.024

PTK2B 0.704

MMP2
0.22

MAP3K1 0.989
MAP3K2 0.235
MAP3K3 0.932
MAP3K4 0.940

CDC42
0.878

SRC 0.88

MMP14
0.021

EGFR
0.012

HBEGF
0.73

GRB2
0.999

GNAS
0.695

GNRHR
0.81

SOS1 0.97
SOS2 0.45

KRAS 0.99
NRAS 0.38

ADCY1 0.376
ADCY2 0.328
ADCY3 0.96
ADCY4 0.00004
ADCY5 0.024
ADCY6 0.0895
ADCY7 0.869
ADCY8 0.589
ADCY9 0.372

PRKCA 0.66
PRKCB1 0.0017
PRKCD 0.126

HBEGF
0.148

SRC 0.507

MAPK1
0.907

MAP3K1 0.221
MAP3K2 0.067
MAP3K3 0.853
MAP3K4 8.5E-4

MAP2K3 0.623
MAP2K6 0.313
PLA2G12A 0.944
PLA2G12B 0.285
PLA2G1B 0.259
PLA2G2A 0.236
PLA2G2D 0.125
PLA2G2E 0.845
PLA2G2F 0.020
PLA2G3 0.630
PLA2G4A 0.474
PLA2G5 0.858
PLA2G6 0.136

PLD1 0.706
PLD2 0.083

CDC42
0.020

CAMK2A 0.817
CAMK2B 0.071
CAMK2D 5.8E-5
CAMK2G 0.988

CALM1 0.017
CALM2 0.030
CALM3 0.198

PTK2B 0.60

MMP14
0.534

MAP2K1
0.999

NARAC&EIRA GnRH Pathway

PLCB1 0.566
PLCB2 0.760
PLCB3 0.051
PLCB4 0.014

CACNA1C 0.246
CACNA1D 0.958
CACNA1F 0.627
CACNA1S 0.006

RAF1
0.0079

PRKCA 0.10
PRKACB 0.646
PRKX 0.274

ITPR1 0.622
ITPR2 0.289
ITPR3 <1E-20

GNA11 0.302
GNAQ 0.892

GNRH1
0.601

MMP2
0.726

MAPK8 0.975
MAPK9 0.767
MAPK10 0.091

MAP2K4
0.038

MAPK11 0.094
MAPK12 0.0022
MAPK13 0.724
MAPK14 0.0015
Gonadotropins
gene expression
& secretion

CGA 0.137

JUN
0.004
MAP3K1 0.221
MAP3K2 0.067
MAP3K3 0.853
MAP3K4 8.5E-4

MAP2K3 0.49
MAP2K6 0.63
MAPK8 0.303
MAPK9 0.940
MAPK10 0.592

EGFR
0.278
GRB2
1.27E-5

SOS1 0.77
SOS2 0.98

KRAS 7.8E-6
NRAS 0.444

RAF1
0.986

MAP2K1 0.005
MAP2K2 0.035

MAPK1
0.76

ELK
0.835

Figure 1 P-values of genes in GnRH pathway for RA. (a) P-values of genes in GnRH pathway for RA in WTCCC studies. Blocks containing significant genes
are in red color, blocks containing mild significant genes are in light red color and blocks containing no significant genes are in green color. (b) P-values of
genes in GnRH pathway for RA in NARAC and EIRA studies. Blocks containing significant genes are in red color, blocks containing mild significant genes are
in light red color and blocks containing no significant genes are in green color.
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association analysis, as shown in Supplementary Table 20, we can find
a number of shared genes within CD+RA+T1D, CAD+HT+T2D and
RA + T1D disease groups. Numerous genome-wide gene expression
analyses have shown that single-gene analysis can find little similarity
between two independent studies, but pathway-based analysis may
find a number of pathways in common.24 A pathway analysis is done
to identify pathways that are significantly associated with the disease.
In other words, we attempt to test whether the pathway is overrepresented by the genes that are significantly associated with the
disease. We assembled 465 pathways from KEGG25 and Biocarta
(http://www.biocarta.com). Table 3 summarizes the number of significant pathways and Table 4 summarizes the number of replicated
pathways associated with the diseases RA, T2D, and PA in two
independent studies, or the number of pathways shared within the
diseases CAD+HT+T2D, RA+T1D, and CD+RA+T1D in the WTCCC
studies. These significant pathways were identified by an overrepresentation test and the Simes/FDR method. Supplementary Tables 21–
33 summarize all significant pathways with P-values r0.01, which
were calculated by Fisher’s exact test and by the Simes/FDR method
for 13 studies. Supplementary Tables 34–36 list all significant pathways
associated with the diseases RA, T2D and PA, which were replicated in
two independent studies, and Supplementary Tables 37–39 list the
significant pathways shared by the disease groups CAD+HT+T2D,
RA+T1D, and CD+RA+T1D. These tables show several remarkable
features that should be used to extract biological insight from GWAS.
First, As shown in Table 3, a much larger proportion of pathways was
significantly associated with the disease than that of genes, let alone
SNPs. This implies that pathways have essential roles in causing
disease. We note that many identified pathways showing significant
association form the core of the pathway definition of complex
diseases. For example, the MAPK pathway, JNK pathway, the ubiquitin–proteasome pathway, O-Glycan biosynthesis and Axon guidance,
which showed significant association with PD in two studies (CORIELL and NCBI), have been reported as a set of major pathways
implicated in PD.26,27 Pathway-based association analysis identified
NF-kB, p38 MAPK, Angiotensin II-mediated activation of the JNK
pathway, activation of PKC through G-protein-coupled receptor pathway, Wnt-signaling pathway, adherens junction, melanogenesis, ECMreceptor interaction and vitamin C in the brain pathway, which form
the major pathways defining T2D28 (Supplementary Table 40). Second, the results of pathway-based GWAS can be verified by functional
pathway enrichment analysis of gene expressions. For example, RA is
an autoimmune disease. Its major feature is a chronic inflammation of
the joints. Our pathway-based association analysis identified cytokine–
cytokine receptor interaction, IFN a signaling, Jak-STAT signaling,
complement and coagulation cascades, and fatty acid biosynthesis
pathways that were confirmed by pathway enrichment analysis of gene
expression profiling of the peripheral blood cells of RA29. Third, a
replication of the association of pathways in independent samples is
much easier than a replication of genes or SNPs. Replications can be
performed at the level of the SNP, the gene or the pathway. As shown
in Table 1, no significant SNPs (using the Bonferroni method for
correction of multiple tests) can be replicated in GWAS of T2D, and
only seven significant genes can be replicated in the WTCCC and DGI
studies. However, 10 (Simes/FDR) or 5 (Fisher’s exact test) pathways
can be replicated (Table 4). Risk genes may be different for different
individuals, but may be in the same pathway. Identification of the
pathways associated with a disease allows to easily discover the
pathogenesis of the disease. Figures 1a and b plot the GnRH-signaling
pathway that was associated with RA in the WTCCC studies with Pvalue p1.481014 (Fisher’s combination test), p0.025 (Fisher’s
European Journal of Human Genetics

exact test) and p0.017 (Simes/FDR), and in the NARAC and EIRA
studies with P-value p1.001017 (Fisher’s combination test),
p0.0055(Fisher’s exact test) and p1.391016 (Simes/FDR).
Although the GnRH pathway was significantly associated with RA
in both studies, the genes that showed significant association in the
two studies were different. Two paths: Gs - AC - PKA Gonadotropins gene expression and secretion and MAPK pathway
(GRB2 - Sos –4 Ras - Raf1 - MEK1/2 - ERK1/2 Gonadotropins gene expression and secretion) are involved in the
GnRH pathway. In the WTCCC studies, genes, such as GNAS (Gs, Pvalue o0.0097), ADCY2 (AC, P-value o0.000191) and PRKACB
(PKA, P-value o4.48106) in the first path showed a strong or
mild association, but did not show any association in the NARAC and
EIRA studies. The genes in the second path (MAPK pathway): GRB2
(P-value o1.27105), KRAS (Ras, P-value o7.77106) and
MAP2K1 (ERK, P-value o0.005), were associated with RA in the
NARAC and EIRA studies, but not in the WTCCC studies. It is well
known that the endocrine system may have an important role in the
pathogenesis of RA. Gonadotropins are hormones secreted by gonadotrope cells of the pituitary gland. The two major gonadotropins are
luteinizing hormone and follicle-stimulating hormone. Gonadotropins have marked immunomodulatory properties and may have
important roles in the pathogenesis of various immune-regulatory
diseases. Sex hormone levels, including estrogen and/or progesterone
in women and testosterone in men, are reported as relatively low in
most RA patients.30 These observations are consistent with the disease
mechanisms associated with gonadotropin. It is interesting to note
that the P-values of the best SNP in genes PRKACB, GRB2 and KRAS
were 0.013, 0.006 and 0.0012, respectively. This example shows that
each SNP may confer a small contribution, but their joint actions may
affect the functioning of the pathway, which in turn will cause the
disease.
DISCUSSION
Despite the rapid progress of GWAS, the most widely used approach
in GWAS is individual SNP association analysis. In other words, it
evaluates the significance of individual SNPs. However, GWAS at only
SNP level has serious limitations. It offers only a limited understanding of complex diseases as an integrated whole. What should be
the future developments for GWAS? To address this issue, we
proposed to take a system biology approach, which considers not
only SNP but also gene and pathway as basic units of GWAS, to
decipher a complex path from genotype to phenotype. The proposed
paradigm for GWAS consists of three components: SNP-, gene- and
pathway-based association analyses. We performed comprehensive
gene and pathway-based GWAS for 11 diseases, assuming that the
results of single-SNP association analysis are available. Our results
showed that the proposed new paradigm for GWAS not only identified the genes that include significant SNPs found by single-SNP
analysis, but also detected new genes in which each single SNP
conferred a small disease risk; however, their joint actions were
implicated in the development of diseases. We analysed the new
genes that were identified by the new paradigm for GWAS from
two aspects. First, these new findings were replicated in two independent samples. Second, the SNPs that are located in the newly identified
genes were not significant in any of their original studies, but showed
strong association in the recently published meta-analysis of genomewide association data and large-scale replication. Our results also
strongly showed that the replication of an association finding at the
gene or pathway level is much easier than replication at the individual
SNP level. One of the major advantages offered by the new paradigm
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for GWAS is that the pathway-based analysis can add structure to
genomic data and allows us to gain insight into a deeper understanding of cellular processes as intricate networks of functionally
related genes. We further showed that the new paradigm can also offer
opportunities for finding the pathways that are common within
disease groups. We used RA as an example to show that the pathways
identified by the new paradigm for GWAS can be confirmed by a
gene-set-rich analysis using gene expression data. This implies that the
new paradigm for GWAS will open a new avenue to integrate GWAS
with other functional analyses and hence will facilitate to uncover the
mechanism of complex diseases.
As the current GWAS only report the P-value for a single SNP, and
the individual genotype data are not publically available, our methods
for a gene and pathway-based GWAS are designed for the P-value data.
The major tool for gene and pathway-based analyses is to combine
independent P-values of single SNPs in the gene into an overall Pvalue for the gene and independent P-values of a single gene in the
pathway into an overall P-value for the pathway. As the SNPs in a gene
are often dependent, we need methods for combining dependent Pvalues, which in turn require individual genotype information. The
limitation of the proposed gene and pathway-based association
analysis is that it is based on combining independent P-values and
is not appropriate to be applied to dependent data. Therefore, the Pvalues for the gene or pathway, which are calculated by Fisher’s
method of combining independent P-values of SNPs, will be inflated
if there exist large correlations among SNPs in the gene. A gene and
pathway-based analysis that uses methods to combine dependent Pvalues will be needed. Gene and pathway-based GWAS that take
correlations among the SNP and genes into account will be carried
out in the near future.
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