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Ankylosing spondylitis (AS) is a common inflammatory spondyloarthritis

affecting the spine and sacroiliac joint that finally results in sclerosis of the

axial skeleton. Aside from human leukocyte antigen B27, transcriptomic

biomarkers in blood for AS diagnosis still remain unknown. Hence, this study

aimed to investigate credible AS-specific mRNA biomarkers from the whole

blood of AS patients by analyzing an mRNA expression profile (GSE73754)

downloaded Gene Expression Omnibus, which includes AS and healthy control

blood samples. Weighted gene co-expression network analysis was performed

and revealed three mRNA modules associated with AS. By performing gene set

enrichment analysis, the functional annotations of these modules revealed

immune biological processes that occur in AS. Several feature mRNAs were

identified by analyzing the hubs of the protein-protein interaction network,

which was based on the intersection between differentially expressed mRNAs

and mRNA modules. A machine learning-based feature selection method,

SVM-RFE, was used to further screen out 13 key feature mRNAs. After

verifying by qPCR, IL17RA, Sqstm1, Picalm, Eif4e, Srrt, Lrrfip1, Synj1 and Cxcr6

were found to be significant for AS diagnosis. Among them, Cxcr6, IL17RA and

Lrrfip1 were correlated with severity of AS symptoms. In conclusion, our

findings provide a framework for identifying the key mRNAs in whole blood

of AS that is conducive for the development of novel diagnostic markers for AS.

KEYWORDS

weighted gene co-expression network analysis (WGCBA), recursive feature
elimination (RFE), ankylosing spondylitis (AS), mRNAs biomarkers, support
vector machine
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Introduction

As a kind of chronic axial spondyloarthritis, ankylosing

spondylitis (AS) is characterized by aseptic sacroiliitis, spinal

stiffness and deformity, ultimately leading to severe disability in

patients. Due to the undefined etiology and paucity of early

effective detecting methods, the diagnosis of AS is delayed for an

average of 8 years (1–3). To date, human leukocyte antigen B27

(HLA-B27) , C-react ive prote in (CRP) and matr ix

metalloproteinase 3 (MMP-3), have been found to be

associated with AS and positive in 85–95% of patients with AS

(4, 5). However, they are also significantly positive in most

patients with other immunologic disorders (6–10), indicating

their insufficient diagnostic value for assessing AS activity and

predicting therapeutic effectiveness. Therefore, to facilitate early

diagnosis and assess AS activity, finding novel biomarkers with

satisfactory sensitivity and specificity by exploring the molecular

mechanisms of AS is crucial.

With the rise of high-throughput transcriptomic techniques

such as microarray and sequencing, multiple bioinformatic

methods have subsequently been developed and applied in the

construction of gene correlation networks on a large scale to

shed new light on screening key RNAs in terms of molecular

interactions and the exploration of candidate biomarkers for

diseases (11). Compared with other developed network

analytical methods, weighted gene co-expression network

analysis (WGCNA) is a novel systematic biological method

that describes the correlation between the expression levels of

genes with a weighted value rather than with the all-or-none

dichotomy (12). Compared with analyzing single differentially

expressed genes, WGCNA can cluster mRNAs into different

modules that are more stable and comprehensive in reflecting

the underlying pathological mechanism of transcriptomic

alterations by calculating the topological parameters of gene

correlations. Moreover, WGCNA reveals the correlation of each

mRNA module with different clinical traits of interest, which

provides more clues for identifying specific biomarkers or

therapeutic targets (13).
Abbreviations: AS, ankylosing spondylitis; HlA-B27, human leukocyte

antigen B27; GEO, Gene Expression Omnibus; GO, Gene Ontology; HC,

healthy control; WGCNA, weighted gene co-expression network analysis;

GSEA, gene set enrichment analysis; PPI, protein-protein interaction;

STRING, Search Tool for the Retrieval of Interacting Genes/Proteins;

MMP-3, matrix metalloproteinase 3; SVM; support vector machine; RFE;

recursive feature elimination, ROC, receiver operating characteristic; APCs,

antigen presenting cells; TNF, tumor necrosis factor; CXCR6, C-X-C Motif

Chemokine Receptor 6; eIF4E, eukaryotic translation initiation factor 4E;

LRRFIP1, LRR Binding FLII Interacting Protein 1; MAPK8IP3, mitogen-

activated protein kinase 8 interacting protein 3; ESR, erythrocyte

sedimentation rate; CRP, C-reactive protein; BASDAI, Bath Ankylosing

Spondylitis Disease Activity Index; VAS, visual analog scale.
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Generally, the use of traditional experimental methods to

validate the function of genes filtered by microarray and

sequencing is a long process because of the large amount of

data (14). Furthermore, the redundancy and collinearity of high-

throughput data severely disrupt the accuracy of bioinformatic

analyses. To solve this problem, many gene selection algorithms

based on machine learning have been proposed to remove

irrelevant or redundant information or features. Among these

algorithms, recursive feature elimination based on support

vector machine (SVM-RFE) is an effective tool for gene

selection (15). As a backward elimination method, SVM-RFE

can rank the different genes or features based on the squared

sum of the feature coefficients and select the top-ranked genes

that significantly influence the classification or identification of

different clinical traits (16). Hence, applying SVM-RFE in

identifying key mRNAs or biomarkers from transcriptomic

data is promising.

To identify novel biomarkers for AS from whole blood, we

utilized a microarray dataset to perform WGCNA. After

generating the modules of mRNAs specific to AS, we

performed gene set enrichment analysis (GSEA) with Gene

Ontology (GO) on the mRNAs of these modules and then

overlapped them with differentially expressed mRNAs to

screen out more specific feature mRNAs to construct a

protein-protein interaction (PPI) network. Based on this

network, we found hub mRNAs by Cytoscape calculation.

Then, we utilized SVM-RFE analysis on these hub mRNAs

and screened out 13 feature mRNAs. After verification

through qRT-PCR and correlation analysis, 8 key mRNAs

were finally identified as the key biomarkers for AS diagnosis.
Patients and methods

AS patients and control group

The Ethics Committee of Shanghai Changzheng Hospital

has approved this study. All included AS patients and control

donors provided the informed consent including details of

present study. According to the modified New York criteria

(17), 40 AS patients were included in this study. In addition, 40

healthy donors were recruited in control group. The general

information (age and gender), symptoms, erythrocyte

sedimentation rate (ESR), C-reactive protein (CRP) and Bath

Ankylosing Spondylitis Disease Activity Index (BASDAI) of

patients were recorded (Table 1).
Acquisition of microarray data
and processing

The microarray dataset GSE73754 by Eric Gracey et al (18)

was downloaded from the Gene Expression Omnibus (GEO)
frontiersin.org
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database for analysis. This dataset comprises whole blood

mRNA expression data from 72 subjects (52 AS patients and

20 healthy controls). The raw data of GSE73754 were

preprocessed using the “affy” and “limma” packages available

from Bioconductor in R. The missing values were replenished

using the k-nearest neighbor algorithm (19). The normalization

of raw data was performed using the robust multiarray average

algorithm (20). The batch effect was eliminated using the “sva”

package of R based on the COMBAT method. Due to the public

availability of relevant data, approval from a local ethics

committee was not required.
WGCNA

The “WGCNA” package of R was used for clustering

modules and constructing a co-expression network. To

eliminate noise and speed up the computation, the mRNAs

whose variance in expression was in the top 25% of all the

expression profiles were selected. The power parameter b was

determined based on the function of the scale-free topology fit

index. Based on the weighted Pearson correlation coefficients, an

adjacency matrix was constructed to reveal unsupervised co-

expression relationships between each mRNA. To simplify this

step, the function “blockwiseConsensusModules” was

performed with a minimum module size of 30 to construct a

network and detect a consensus module. The conservation of

each module was assessed using the “modulePreservation”

function, which predicts the Z-score. Module-trait correlations

were calculated using “modTraitCor” to detect the modules

correlated with AS.
GSEA

GSEA of GO is an effective computational method that

assesses an a priori-defined set of genes enriched in specific

biological states (21). GSEA was performed on the modules

selected from WGCNA with the GO gene sets database
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(c5.all.v6.2.symbols.gmt). The cutoff criterion of the P-value

was set as < 0.05.
Identification of differentially
expressed mRNAs

The screening of differentially expressed mRNAs was

performed using the “limma” package of R software (version

3.6.2), and Benjamini-Hochberg adjusted P-values < 0.01 and

|fold change| >1 were set as the cutoff criteria. The heatmap was

visualized using the “pheatmap” package of R.
PPI network construction and hub
gene identification

The online analysis tool, Search Tool for the Retrieval of

Interacting Genes/Proteins (STRING), was used to evaluate the

interactions between each of the selected mRNAs. Afterwards, a

PPI network was constructed using Cytoscape. The nodes’ scores

of each mRNA in the PPI network were obtained by the

cytoHubba plugin of Cytoscape and were defined as the

criterion for further mRNA selection.
Support vector machine based recursive
feature elimination

As a powerful machine learning model, SVM has been

widely applied in the functional prediction of biological

molecules (22). In this study, SVM modeling was performed

by using the “e1071” package of R, in which the radial basis

function was the selected kernel function.

SVM-RFE is a backward feature deletion method that loops

around SVM22. First, all of the original features are used to build

the SVM learning model to obtain the absolute coefficient |w| of

each input feature. Second, the features are ranked based on the

square of |w|, and the bottom-ranked features are discarded.
TABLE 1 General information of the AS patients and control donors.

AS group (n=40) Control group (n=40)

Age (years) 41.2±11.4 42.9±12.3

Gender(male/female) 15/6 15/5

Positive rate of HLA–B27 85.71% N/A

Duration of back pain (months) 3.52±2.51 N/A

ESR, mm/hour 49.95±25.63 N/A

CRP, mg/L 33.27±14.86 N/A

BASDAI (10-mm VAS) 5.29±1.44 N/A
ESR, erythrocyte sedimentation rate; CRP, C-reactive protein; BASDAI, Bath Ankylosing Spondylitis Disease Activity Index; VAS, visual analog scale.
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Then, the rest of the features are subject to a new loop of SVM

model building and ranking with the same procedures as before.

These procedures are repeated until all features are removed.

The order of removed features represents the level of feature

importance (23). The top-ranked features that are discarded

later are deemed to be more informative than those that are

discarded earlier. In this study, the features correspond to

mRNAs. To determine how many top-ranked mRNAs should

be selected, 5-fold cross-validation was performed on the

dataset. This method randomly divides the dataset into 5

sections, of which 4 sections are selected as the training set,

with the last section as the testing set. Depending on these sets,

SVM is built with different numbers of top mRNAs for

calculating the generalized prediction error. These procedures

are repeated 5 times. Finally, the number of top-ranked mRNAs

corresponding to the minimum error is the optimal number of

selected mRNAs. Using the “pROC” package of R, receiver

operating characteristic (ROC) curve analysis was performed

to calculate the area under the curve (AUC) value for each

selected feature mRNA to evaluate its predictive capability for

the diagnosis of AS.
Validation of mRNA expression

5 ml of whole blood was drawn into an EDTA tube from AS

patients before medical interventions. Ficoll was used to separate

mononuclear cells from whole blood. The total RNA was

isolated from mononuclear cells by using TRIzol LS reagent

(Ambion). The extracted RNA was used to synthesize cDNA

with a Reverse Transcription kit (Takara). The expression of

RNAs was first ly determined by 1.5% agarose gel

electrophoresis. Electrophoresis was performed at a constant

voltage of 100 V for 30 min in TBE running buffer, and the

retardation of RNA mobility was visualized under UV light.

Quantitative real-time PCR (qRT-PCR) was performed using

SYBR Green qPCR Master Mix (Takara) in qPCR CFX 96

Thermocycler system (Bio-Rad). The primers for each selected

mRNAs were listed in Supplementary Table S1. The reactions

were run according to the following conditions: initial hold at

95°C for 10 min, followed by 40 cycles of amplification at 95°C

for 15 s, and annealing for 60s at 60°C and drawing the melting

curves by increasing from 60°C to 95°C (0.3°C per second). All

expression values were normalized to the expression of GAPDH.

Relative expression levels are obtained by calculating 2-DDCT.
Statistical analysis

The statistical analysis was performed with R software

(version 3.6.2). The continuous variables were presented with

Mean ± SD, while the categorical variables were presented with

quartile. The expression values of mRNAs were compared by
Frontiers in Immunology 04
using one-way analysis of variance (ANOVA) between AS group

and control group. Correlation between expression of mRNAs

and BASDAI was evaluated by using Pearson’s correlation

coefficient test. The P<0.05 was selected as the cut-off for

statistical significance.
Results

Generation of key modules associated
with AS by WGCNA

The initial step was to generate consensus modules of

mRNA expression by constructing a weighted gene co-

expression network. We made hclust analysis, with height 45

as cutoff. There was no outlier in included samples

(Supplementary Figure S1). The determination of the soft

thresholding power b is entailed in raising Pearson correlation

matrices to obtain the network (24). According to the criterion

of approximate scale-free topology, in which the scale-free

topology model fit index was more than 0.9 and the mean

connectivity degree was close to 0, the optimal power b was

chosen to be 14 (Figure 1A). Afterwards, the weighted co-

expression networks were constructed, and consensus modules

with similar expression trends were clustered and labeled with

different colors, as shown in a dendrogram (Figure 1B). Then,

the correlation matrices between consensus modules and clinical

traits (AS and HC) were calculated (Figure 1C). Based on the

cutoff of 0.3 to correlation, the Blue, Yellow and Gray modules

with specific relation to AS were selected for further

investigation. There were 463 mRNAs in the Blue module, 318

mRNAs in the Yellow module, and 404 mRNAs in the Gray

module, of which information about the network is presented in

Supplementary Table S2. In addition, we performed correlation

analysis of Module Membership vs. Gene Significance, and

found significant correlation coefficients were 0.28 in Blue

module, 0.44 in Grey module, and 0.38 in Yellow module,

respectively (Supplementary Figure S2).
GSEA with GO on selected modules

To further investigate the role of the selected mRNA modules

and pathological processes in white blood cells, we performed

GSEA with GO terms on mRNAs of the Blue, Yellow and Gray

modules. As shown in Figure 2, mRNAs in the Blue module were

enriched in the top 10 GO terms with the lowest normalized P-

value, including “leukocyte chemotaxis”, “leukocyte migration”,

“cell chemotaxis” and “regulation of inflammatory response”,

which implicated active inflammatory and immune responses in

AS patients’ blood. However, in contrast to the Blue module, most

GO terms enriched by the mRNAs in the Yellow and Gray

modules are unspecific to AS activity, except for “leukocyte cell
frontiersin.org
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B

C

A

FIGURE 1

WGCNA analysis. (A) Determination of an optimal soft-thresholding power b by calculating the scale-free topology mode fit and mean connectivity.
(B) The cluster dendrogram of mRNAs in GSE73754, revealing different mRNA co-expression modules marked with colors. (C) The heatmap for
module-traits relationships, in which the correlation of different modules with AS or HC, P-values are presented in each cell.
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adhesion”, suggesting that these two modules may represent

secondary pathological processes of AS. Therefore, it can be

inferred that mRNAs in the Blue module exert more imperative

effects than those in the Yellow and Gray modules and are

immune dysregulated by AS activity.
Screening of differential
expressed mRNAs

To further investigate the discrepancy in whole blood

between AS and HC, we filtered differentially expressed

mRNAs. A total of 1116 mRNAs were differentially expressed,

among which 491 mRNAs were upregulated and 625 mRNAs

were downregulated (Supplementary Table S3). Next, we

constructed a heatmap for the top 100 most differentially

expressed mRNAs to show the consistencies and discrepancies

in mRNA expression among the samples. As shown in

Supplementary Figure S3, most AS blood samples are clustered

together with similar expression tendencies, which means that

their expression patterns differ from the patterns of HC samples.
Selection of feature mRNAs
from modules and differential
expressed mRNAs

To obtain comprehensive information from the whole blood

mRNA expression of AS, finding a balance between WGCNA

modules and differentially expressed mRNAs is critical.

Accordingly, we overlapped 1185 mRNAs from the Blue

module, Yellow module and Gray module with 1116

differentially expressed mRNAs and screened out 296 feature

mRNAs for AS. The intersection of each module with
Frontiers in Immunology 06
differentially expressed mRNAs is shown in Supplementary

Table S4.
Construction of PPI network based on
feature mRNAs

Given the interaction between key genes in various

pathological processes, performing interaction network

analysis on mRNA groups is effective for identifying candidate

biomarkers. To this end, we constructed a PPI network on the

296 feature mRNAs by STRING (Supplementary Figure S4). A

total of 427 protein interactions and 280 gene nodes were

identified in this network with an enrichment P-value of

5.26e-07.

In the expression network, hub genes are a series of key

genes that have great topological connectiveness with their

neighboring genes. To distinguish the hub genes in a network,

Closeness Centrality (CC) and Betweenness Centrality (BC),

which are based on a concept of moving along the most optimal

and shortest paths throughout a network, are widely used in

network analysis (25). Because of the vague principles of the

usage of these 12 parameters, we simultaneously applied all of

them to measure the connectiveness of mRNAs in the PPI

network. After inputting the data of the PPI network into

Cytoscape and calculating each nodes’ scores through

cytoHubba, we sorted feature mRNAs by 12 nodes’ scores in

descending order and generated 12 sequences of mRNAs. Then,

we selected the top 25% mRNAs from these 12 sequences and

converted these selected mRNAs together. Finally, according to

the occurrence of mRNAs in each sequence, 63 mRNAs

appearing more than 4 times were obtained as the hub genes

(Supplementary Table S5). The interaction network of these

feature mRNAs is shown in Supplementary Figure S5.
FIGURE 2

GSEA with GO terms on Blue, Yellow and Grey modules. The size and color intensity of a circle represent the numbers of mRNAs and −log10
(P value) of enrichment for each module.
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Identification of key mRNAs by SVM-RFE

Although the 63 selected feature mRNAs can serve as

biomarkers for AS, there is still much redundant information

in them, resulting in poor feasibility in practical applications. To

solve this problem, we applied SVM-RFE according to the

feature ranking of the correlation coefficients to eliminate

relatively unspecific feature mRNAs and preserve the key

mRNAs. To determine the optimal number of feature mRNAs

with the greatest accuracy in the SVM model, 5-fold cross-

validation was introduced into the SVM classifier step, and the

error rates of different numbers of mRNAs were captured. We

plotted the change in the 5-fold cross-validation error rate at

each recursive step (Supplementary Figure S6). The error rate

fluctuated with increasing numbers of mRNAs until it reached a

minimum with 14 feature mRNAs, suggesting that

discrimination between AS and HC reached almost 90%

accuracy. ROC curve analysis was further carried out, and the

AUC values of the 14 key mRNAs were calculated to reveal their

predictive power (Figure 3). Accordingly, MAP3K11 was

discarded because of its nonsignificant predictive power in

distinguishing between AS and HC. Among the 13 remaining

selected feature mRNAs, Sqstm1, Srrt, Cxcr6, Eif4e, Ppid, H2afy,

Card11, IL17ra, Picalm, Lrrfip1, Polr2a, Mapk8ip3 and Synj1

were screened out as the key mRNAs of AS for further analysis.
Validation of key mRNAs expression

To verify the prediction of bioinformatic and SVM analysis,

we performed qRT-PCR and agarose gel electrophoresis to test the

expression levels of these 12 key mRNAs in whole blood of AS

group and control group. As shown in Figure 4, the expression of

Sqstm1, Srrt, Cxcr6, and Eif4e were significantly down-regulated

in AS patients, while the expression of IL17ra, Picalm, Lrrfip1 and

Synj1 were significantly up-regulated compared with control

group. In addition, there were no significant differences on the

expression of Ppid, H2afy, Card11, Mapk8ip3 and Polr2a between
Frontiers in Immunology 07
two groups. These results indicated the expression patterns of 8

significant key mRNAs in included patients were consistent with

bioinformatic analysis and SVM prediction.
Correlating analysis between BASDAI and
expression of key mRNAs

To further examine the predictive strength of 8 significant key

mRNAs, we analyzed the correlation between their expression

levels and BASDAI of AS patients. In a total of 40 blood samples

from AS group, a significant correlation between BASDAI and

expression level was revealed in three key mRNAs (Cxcr6, IL17ra,

Lrrfip1), while the remaining 5 mRNAs showed no significant

correlation with BASDAI (Figure 5). There, Cxcr6, IL17ra, Lrrfip1

were proposed to serve as the potential biomarkers for AS.
Discussion

While HLA-B27 has been demonstrated tomainly account for

the genetic effects of AS, the other undefined markers may be

associated with this immunologic disease (4, 26, 27). People with

positive HLA-B27 have a significantly higher risk of developing

AS than those with negative HLA-B27. However, most of the

former remain healthy, implying that in addition to HLA-B27,

other potential factors may contribute to the onset of AS (28, 29).

Hence, elucidating AS pathogenesis from the perspective of

immune regulation, especially associated with blood karyocytes,

can be regarded as a promising direction for finding diagnostic

biomarkers with reliable specificity and sensitivity beyond HLA-

B27. In present study, we explored the microarray dataset of

GSE73754 by WGCNA and PPI network construction, and then

identified 3 modules (Blue, Yellow and Gray) and 63 hub mRNAs.

Several studies have demonstrated the pivotal role of adaptive

immune responses in AS pathogenesis (30). The interaction

between CD4+ T cells and HLA-B27 triggers the cascade

reaction of various chemokines and cytokines, contributing to
FIGURE 3

The ROC curve analysis of 14 key mRNAs in diagnostic specificity for AS.
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inflammatory damage and bone erosion in AS (31). In addition to

the adaptive immune response, innate immune abnormalities also

contribute to the initiation of AS (32). In AS, Tumor necrosis

factor (TNF) mediates the destabilization of bone morphogenetic

signaling proteins in osteoblasts and inhibits the expression of

insulin-like growth factor-1, osterix and Runx2, resulting in poor

osteoblastogenesis (33–35). Consistent with the preceding

findings, the GSEA results of this study regarding GO terms in

the Blue module showed the involvement of inflammatory and

immune responses in AS, further verifying the imperative role of

immune dysregulation in AS progression. However, the results of

GO enrichment in Yellow and Gray modules revealed a negative

relationship with immune response. Although the mRNAs in the

Yellow and Gray modules seem to reflect uncorrelated effects with

immune responses, the possibility of their synergism with the

immune response cannot be ruled out and needs to be

further explored.

In analyzing thousands of gene expression data through

bioinformatic method, the “curse of dimensionality” cannot be
Frontiers in Immunology 08
denied which severely impairs the accuracy of classification and

prediction. To reduce the dimensionality, wrapper methods have

been developed to be incorporated into a machine learning

algorithm, which evaluate the values of different features

according to the pre-estimated errors (36). SVM-RFE, as a

novel established wrapper method for feature selection, can

refine the optimum feature by ranking the coefficients of

different features obtained by SVM (23). This is because the

rank of each coefficient indirectly reflects the orthogonal degree

between the feature and hyperplane generated by SVM. The

orthogonality of a feature to the hyperplane signifies that this

feature is more informative than others (23). In this study, we

used a PPI network to identify 63 hub mRNAs that are already

highly correlated with AS. However, to some extent, using these

63 mRNAs as biomarkers for further prediction is also a kind of

high-dimensional modeling, which likewise encounters

overfitting or other high-dimensional challenges. Therefore, to

address these problems, we utilized SVM-RFE and optimally

selected 13 out of the 63 feature mRNAs based on a 5-fold cross-
B

A

FIGURE 4

Differences in relative expression level of 13 key mRNAs between AS group and control group. Agarose electrophoresis (A) and qRT-PCR
quantification (B) for Sqstm1, Srrt, Cxcr6, Eif4e, Ppid, H2afy, Card11, IL17ra, Picalm, Lrrfip1, Polr2a, Synj1 and Mapk8ip3. ** means P-value < 0.01.
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validation error rate. Moreover, ROC curves were subsequently

plotted and reflected the significant specificities of these 13 key

mRNAs for recognizing AS. Then, 8 of 13 key mRNAs (Sqstm1,

Srrt, Cxcr6, Eif4e, IL17ra, Picalm, Synj1 and Lrrfip1) in AS blood

sample showed significant consistence with microarray data in

qRT-PCR validation, and 3 of them (Cxcr6, IL17ra, Lrrfip1)

were correlated with symptomatic severity of AS, indicating the

efficacy of SVM screening combined with bioinformatics.

IL-17ra is one of five well-known receptor subtypes for IL-17

ligands. When bound by IL-17, this receptor upregulates the

expression of various cytokines and chemokines to exert a

proinflammatory role in host defense. In whole blood, IL-17 and

its receptors are mainly expressed in Th17 cells and neutrophils

and were demonstrated to play a pivotal role in AS patients (37–

39). Evidence suggests that the binding of IL17 to its receptor

triggers several feedback-loop mechanisms in spondyloarthritis,

resulting in the proliferation of Th17 cells, thereby causing

increased production of IL-17 (40). This was further highlighted

by the significant remission of AS symptoms after the application

of inhibitory medication targeting IL-17 pathways (41, 42). In

addition to Il-17RA, the downregulation of Sqstm1 in whole blood

may be related to AS. As a kind of ubiquitin binding protein,

Sqstm1 is reduced when autophagy is activated, which

subsequently increases the level of IL23 in the intestinal mucosal

surfaces of AS patients (43). Intriguingly, thus far, there is no

robust proof to verify the direct involvement of the other

significant feature mRNAs (Cxcr6, eIF4E, Lrrfip1, Srrt, Synj1

and Picalm) in AS pathogenesis. Cxcr6, eIF4E, and Lrrfip1, were

found to be related to innate or adaptive immune processes. C-X-

C Motif Chemokine Receptor 6 (CXCR6), a kind of chemokine

receptor, is mainly expressed on the CD4+ T cell surface and

mediates a series of immune cellular activation and chemotaxis

events (44). Eukaryotic translation initiation factor 4E (eIF4E) is

mainly expressed in macrophages and activated following the

stimulation of LPS, leading to the upregulation of IkBa, which
Frontiers in Immunology 09
inhibits the expression of inflammatory cytokines and genes (45).

LRR Binding FLII Interacting Protein 1 (LRRFIP1) was found to

be involved in the innate defense against pathogenic organisms

and in the regulation of autoimmune disorders (46). In our study,

upregulated IL-17RA and Cxcr6 were found to be positively

correlated with BASDAI, while downregulated Lrrfip1 was

negatively correlated, implying the potential of IL-17RA, Cxcr6

and Lrrfip1 in predicting AS symptom. In addition, the biological

function of Srrt, Synj1 and Picalm has not been shown to be

specific to AS, even though they are significant differential

expressed in AS patients. But this does not mean that they are

unqualified to serve as biomarkers. Their correlations with AS

need further investigation to be elucidated in the future.

Undeniably, there was an inevitable limitation in our study.

Because of the shortage of a proper microarray dataset for the

whole blood of AS patients, there were not sufficient samples for

randomly selecting and establishing a training set and testing set

for machine learning, so we were incapable of further verifying

the efficacy of the SVM classifier made of feature mRNAs.

Further studies are expected to include more available datasets

and verify the accuracy of prediction.

In summary, this study reveals that IL17RA, Sqstm1, Picalm,

Eif4e, Srrt, Lrrfip1, Synj1, Cxcr6 can be seen as potential

predictors for AS. These mRNAs may function via

involvement in various pathways of AS, especially in immune-

related pathways. Exploration of their function in AS pathology

may be beneficial for the diagnosis of AS.
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9. Maksymowych WP, Landewé R, Conner-Spady B, Dougados M, Mielants H,
van der Tempel H, et al. Serum matrix metalloproteinase 3 is an independent
predictor of structural damage progression in patients with ankylosing spondylitis.
Arthritis Rheum (2007) 56:1846–53. doi: 10.1002/art.22589

10. Arends S, van der Veer E, Groen H, Houtman PM, Jansen TLTA, Leijsma
MK, et al. Serum MMP-3 level as a biomarker for monitoring and predicting
response to etanercept treatment in ankylosing spondylitis. J Rheum (2011)
38:1644–50. doi: 10.3899/jrheum.101128

11. Kanwal A, Fazal S. Construction and analysis of protein-protein interaction
network correlated with ankylosing spondylitis. Gene (2018) 638:41–51. doi:
10.1016/j.gene.2017.09.049
12. Langfelder P, Horvath S. WGCNA: an r package for weighted correlation
network analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

13. Chen L, Yuan L, Qian K, Qian G, Zhu Y, Wu C-L, et al. Identification of
biomarkers associated with pathological stage and prognosis of clear cell renal cell
carcinoma by Co-expression network analysis. Front Physiol (2018) 9:399. doi:
10.3389/fphys.2018.00399

14. Cebeci O, Budak H. Global expression patterns of three festuca species
exposed to different doses of glyphosate using the affymetrix GeneChip wheat
genome array. Comp Funct Genomics (2009) 2009:505701. doi: 10.1155/2009/
505701

15. Duan K-B, Rajapakse JC, Wang H, Azuaje F. Multiple SVM-RFE for gene
selection in cancer classification with expression data. IEEE Trans Nanobioscience
(2005) 4:228–34. doi: 10.1109/TNB.2005.853657

16. Zhou X, Tuck DP. MSVM-RFE: extensions of SVM-RFE for multiclass gene
selection on DNA microarray data. Bioinformatics (2007) 23:1106–14. doi:
10.1093/bioinformatics/btm036

17. van der Linden S, Valkenburg HA, Cats A. Evaluation of diagnostic criteria
for ankylosing spondylitis. a proposal for modification of the new York criteria.
Arthritis Rheum (1984) 27:361–8. doi: 10.1002/art.1780270401

18. Gracey E, Yao Y, Green B, Qaiyum Z, Baglaenko Y, Lin A, et al. Sexual
dimorphism in the Th17 signature of ankylosing spondylitis. Arthritis Rheum
(2016) 68:679–89. doi: 10.1002/art.39464

19. Lakshminarayan K, Harp SA, Samad T. Imputation of missing data in
industrial databases. Appl Intell (1999) 11:259–75. doi: 10.1023/A:1008334909089

20. Gautier L, Cope L, Bolstad BM, Irizarry RA. Affy–analysis of affymetrix
GeneChip data at the probe level. Bioinformatics (2004) 20:307–15. doi: 10.1093/
bioinformatics/btg405

21. Yang Y, Lu Q, Shao X, Mo B, Nie X, Liu W, et al. Development of a three-
gene prognostic signature for hepatitis b virus associated hepatocellular carcinoma
based on integrated transcriptomic analysis. J Cancer (2018) 9:1989–2002. doi:
10.7150/jca.23762

22. Yang Y, Zheng H, Wang C, Xiao W, Liu T. Predicting apoptosis protein
subcellular locations based on the protein overlapping property matrix and tri-
gram encoding. Int J Mol Sci (2019) 20(9):2344. doi: 10.3390/ijms20092344
frontiersin.org

https://www.frontiersin.org/articles/10.3389/fimmu.2022.956027/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2022.956027/full#supplementary-material
https://doi.org/10.1002/art.20990
https://doi.org/10.3390/cells8020108
https://doi.org/10.3390/cells8020108
https://doi.org/10.1111/1756-185X.14080
https://doi.org/10.1111/1756-185X.14080
https://doi.org/10.1111/1756-185X.12779
https://doi.org/10.1038/nrrheum.2012.41
https://doi.org/10.1136/ard.58.12.737
https://doi.org/10.1136/ard.2011.155044
https://doi.org/10.1136/ard.2007.071605
https://doi.org/10.1002/art.22589
https://doi.org/10.3899/jrheum.101128
https://doi.org/10.1016/j.gene.2017.09.049
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.3389/fphys.2018.00399
https://doi.org/10.1155/2009/505701
https://doi.org/10.1155/2009/505701
https://doi.org/10.1109/TNB.2005.853657
https://doi.org/10.1093/bioinformatics/btm036
https://doi.org/10.1002/art.1780270401
https://doi.org/10.1002/art.39464
https://doi.org/10.1023/A:1008334909089
https://doi.org/10.1093/bioinformatics/btg405
https://doi.org/10.1093/bioinformatics/btg405
https://doi.org/10.7150/jca.23762
https://doi.org/10.3390/ijms20092344
https://doi.org/10.3389/fimmu.2022.956027
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org


Han et al. 10.3389/fimmu.2022.956027
23. Guyon I, Weston J, Barnhill S, Vapnik V. Gene selection for cancer classification
using support vector machines. Machine Learning (2002) 46(1–3):389–422.

24. Zhang B, Horvath S. A general framework for weighted gene co-expression
network analysis. Stat Appl Genet Mol Biol (2005) 4(1). doi: 10.2202/1544-6115.1128

25. Zhao B, Wang J, Li M, Wu F-X, Pan Y. Prediction of essential proteins based
on overlapping essential modules. IEEE Trans Nanobioscience (2014) 13:415–24.
doi: 10.1109/TNB.2014.2337912

26. Brown MA, Kennedy LG, MacGregor AJ, Darke C, Duncan E, Shatford JL,
et al. Susceptibility to ankylosing spondylitis in twins: the role of genes. HLA
Environ. Arthritis Rheum (1997) 40:1823–8. doi: 10.1002/art.1780401015

27. Huang C-H, Wei JC-C, Chang W-C, Chiou S-Y, Chou C-H, Lin Y-J, et al.
Higher expression of whole blood microRNA-21 in patients with ankylosing
spondylitis associated with programmed cell death 4 mRNA expression and
collagen cross-linked c-telopeptide concentration. J Rheum (2014) 41:1104–11.
doi: 10.3899/jrheum.130515

28. McVeigh CM, Cairns AP. Diagnosis and management of ankylosing
spondylitis. BMJ (2006) 333:581–5. doi: 10.1136/bmj.38954.689583.DE

29. Wei JC-C, Leong P-Y, Liu G-Y. Chaperone/scaffolding/adaptor protein 14-
3-3h (eta): A diagnostic marker of rheumatoid arthritis. Int J Rheum Dis (2020)
23:1439–42. doi: 10.1111/1756-185X.14004

30. Mauro D, Thomas R, Guggino G, Lories R, BrownMA, Ciccia F. Ankylosing
spondylitis: an autoimmune or autoinflammatory disease? Nat Rev Rheum (2021)
17:387–404. doi: 10.1038/s41584-021-00625-y

31. Lata M, Hettinghouse AS, Liu C-J. Targeting tumor necrosis factor receptors in
ankylosing spondylitis. Ann N Y Acad Sci (2019) 1442(1):5–16. doi: 10.1111/nyas.13933

32. Vanaki N, Aslani S, Jamshidi A, Mahmoudi M. Role of innate immune
system in the pathogenesis of ankylosing spondylitis. BioMed Pharmacother (2018)
105:130–43. doi: 10.1016/j.biopha.2018.05.097

33. Gilbert L, He X, Farmer P, Rubin J, Drissi H, van Wijnen AJ, et al.
Expression of the osteoblast differentiation factor RUNX2 (Cbfa1/AML3/
Pebp2alpha a) is inhibited by tumor necrosis factor-alpha. J Biol Chem (2002)
277:2695–701. doi: 10.1074/jbc.M106339200

34. Gilbert LC, Rubin J, Nanes MS. The p55 TNF receptor mediates TNF
inhibition of osteoblast differentiation independently of apoptosis. Am J Physiol
Endocrinol Metab (2005) 288:E1011–8. doi: 10.1152/ajpendo.00534.2004

35. Abbas S, Zhang Y-H, Clohisy JC, Abu-Amer Y. Tumor necrosis factor-alpha
inhibits pre-osteoblast differentiation through its type-1 receptor. Cytokine (2003)
22:33–41. doi: 10.1016/S1043-4666(03)00106-6

36. Inza I, Sierra B, Blanco R, Larrañaga P. Gene selection by sequential search
wrapper approaches in microarray cancer class prediction. J Intell Fuzzy Syst Appl
Eng Technol (2002) 12:25–33.
Frontiers in Immunology 11
37. Miossec P, Kolls JK. Targeting IL-17 and TH17 cells in chronic
inflammation. Nat Rev Drug Discovery (2012) 11:763–76. doi: 10.1038/
nrd3794

38. McGonagle DG, McInnes IB, Kirkham BW, Sherlock J, Moots R. The role of
IL-17A in axial spondyloarthritis and psoriatic arthritis: recent advances and
controversies. Ann Rheum Dis (2019) 78:1167–78. doi: 10.1136/annrheumdis-
2019-215356

39. Gu J, Wei Y-L, Wei JCC, Huang F, Jan M-S, Centola M, et al. Identification
of RGS1 as a candidate biomarker for undifferentiated spondylarthritis by genome-
wide expression profiling and real-time polymerase chain reaction. Arthritis Rheum
(2009) 60:3269–79. doi: 10.1002/art.24968

40. Benedetti G, Miossec P. Interleukin 17 contributes to the chronicity of
inflammatory diseases such as rheumatoid arthritis. Eur J Immunol (2014) 44:339–
47. doi: 10.1002/eji.201344184

41. van der Heijde D, Cheng-Chung Wei J, Dougados M, Mease P, Deodhar A,
Maksymowych WP, et al. Ixekizumab, an interleukin-17A antagonist in the
treatment of ankylosing spondylitis or radiographic axial spondyloarthritis in
patients previously untreated with biological disease-modifying anti-rheumatic
drugs (COAST-v): 16 week results of a phase 3 randomised, double-blind, active-
controlled and placebo-controlled trial. Lancet (2018) 392:2441–51. doi: 10.1016/
S0140-6736(18)31946-9

42. Deodhar A, Poddubnyy D, Pacheco-Tena C, Salvarani C, Lespessailles E,
Rahman P, et al. Efficacy and safety of ixekizumab in the treatment of radiographic
axial spondyloarthritis: Sixteen-week results from a phase III randomized, double-
blind, placebo-controlled trial in patients with prior inadequate response to or
intolerance of tumor necrosis factor inhibitors. Arthritis Rheum (2019) 71:599–611.
doi: 10.1002/art.40753

43. Ciccia F, Accardo-Palumbo A, Rizzo A, Guggino G, Raimondo S, Giardina
A, et al. Evidence that autophagy, but not the unfolded protein response, regulates
the expression of IL-23 in the gut of patients with ankylosing spondylitis and
subclinical gut inflammation. Ann Rheum Dis (2014) 73:1566. doi: 10.1136/
annrheumdis-2012-202925

44. Heesch K, Raczkowski F, Schumacher V, Hünemörder S, Panzer U,
Mittrücker H-W. The function of the chemokine receptor CXCR6 in the T cell
response of mice against listeria monocytogenes. PloS One (2014) 9:e97701. doi:
10.1371/journal.pone.0097701

45. Bao Y, Wu X, Chen J, Hu X, Zeng F, Cheng J, et al. Brd4 modulates the
innate immune response through Mnk2-eIF4E pathway-dependent translational
control of IkBa. Proc Natl Acad Sci USA (2017) 114:E3993–4001. doi: 10.1073/
pnas.1700109114

46. Takimoto M. Multidisciplinary roles of LRRFIP1/GCF2 in human biological
systems and diseases. Cells (2019) 8(2):108. doi: 10.3390/cells8020108
frontiersin.org

https://doi.org/10.2202/1544-6115.1128
https://doi.org/10.1109/TNB.2014.2337912
https://doi.org/10.1002/art.1780401015
https://doi.org/10.3899/jrheum.130515
https://doi.org/10.1136/bmj.38954.689583.DE
https://doi.org/10.1111/1756-185X.14004
https://doi.org/10.1038/s41584-021-00625-y
https://doi.org/10.1111/nyas.13933
https://doi.org/10.1016/j.biopha.2018.05.097
https://doi.org/10.1074/jbc.M106339200
https://doi.org/10.1152/ajpendo.00534.2004
https://doi.org/10.1016/S1043-4666(03)00106-6
https://doi.org/10.1038/nrd3794
https://doi.org/10.1038/nrd3794
https://doi.org/10.1136/annrheumdis-2019-215356
https://doi.org/10.1136/annrheumdis-2019-215356
https://doi.org/10.1002/art.24968
https://doi.org/10.1002/eji.201344184
https://doi.org/10.1016/S0140-6736(18)31946-9
https://doi.org/10.1016/S0140-6736(18)31946-9
https://doi.org/10.1002/art.40753
https://doi.org/10.1136/annrheumdis-2012-202925
https://doi.org/10.1136/annrheumdis-2012-202925
https://doi.org/10.1371/journal.pone.0097701
https://doi.org/10.1073/pnas.1700109114
https://doi.org/10.1073/pnas.1700109114
https://doi.org/10.3390/cells8020108
https://doi.org/10.3389/fimmu.2022.956027
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Identification of diagnostic mRNA biomarkers in whole blood for ankylosing spondylitis using WGCNA and machine learning feature selection
	Introduction
	Patients and methods
	AS patients and control group
	Acquisition of microarray data and processing
	WGCNA
	GSEA
	Identification of differentially expressed mRNAs
	PPI network construction and hub gene identification
	Support vector machine based recursive feature elimination
	Validation of mRNA expression
	Statistical analysis

	Results
	Generation of key modules associated with AS by WGCNA
	GSEA with GO on selected modules
	Screening of differential expressed mRNAs
	Selection of feature mRNAs from modules and differential expressed mRNAs
	Construction of PPI network based on feature mRNAs
	Identification of key mRNAs by SVM-RFE
	Validation of key mRNAs expression
	Correlating analysis between BASDAI and expression of key mRNAs

	Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


