
 
 

 

 

 

ABSTRACT 
 

Use of Gene Expression Profiling to Understand 
Human Inflammatory Diseases 

 
Zhaohui Xu, Ph.D. 

 
Mentor: Virginia Pascual, M.D.  

 
 

The immune system plays a critical role in protecting humans from both microbes 

and assaults from our own cells and antibodies. When immune responses become 

excessive, autoimmune and inflammatory diseases arise; and the pathogenesis of many of 

these diseases remains obscure.  

Gene expression profiling allows us to measure the expression of genes at the 

genome-wide level. We have used this approach to shed light on the mechanisms 

underlying a diverse group of immune-mediated diseases. To interpret the large amount 

of data obtained through the application of these techniques, we have developed a series 

of bioinformatics and statistical tools.  

Using these approaches and tools, we have explored the role of plasmacytoid 

dendritic cells in human Systemic Lupus Erythematosus, as well as the effect of therapy 

on the universal IFN signature that characterizes these patients. In addition, we have 

analyzed blood gene expression signatures in patients infected with M. tuberculosis, in 

monogenic and polygenic autoinflammatory diseases, as well as in sporadic diseases that 



 
 

cause cardiovascular inflammation in children. Clues into either pathogenesis and/or 

unique disease biomarkers have been obtained in each case.  

We believe that the findings resulting from these studies will enable us to develop 

specific and robust tests and/or novel therapies that will improve the lives of patients 

affected by these diseases. 
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CHAPTER ONE 
 

Introduction 
 
 

Challenges in Understanding the Pathogenesis of Human Inflammatory Diseases 
 

The immune system defends us against microbes while preventing an attack on 

our own healthy cells and tissues. Excessive immune responses lead to tissue 

inflammation in a variety of diseases ranging from allergy and transplant rejection to 

autoimmunity. Although it is accepted that both genetic and environmental factors 

contribute to the development of autoimmunity (Goris & Liston, 2012), how self-

tolerance fails remains a critical question. Our understanding of human inflammatory 

diseases has relied for decades on the development of animal models. Mouse and human 

genomes display about 85% similarity, making murine models an effective tool for 

studying human biology and disease.  

Numerous murine models of prototype autoimmune diseases have been developed. 

In diseases such as Systemic Lupus Erythematosus (SLE), for example, they have long 

been used in an effort to understand genetic, epigenetic and environmental contributions 

to disease pathogenesis. Most of these models are considered “lupus-like diseases” as a 

subset of symptoms and laboratory findings overlap with those observed in human SLE 

(Perry et al., 2011). These models are also used to test potential therapies at pre-clinical 

stages. However, while more than forty modalities of therapy have been tested in murine 

lupus models (Perry et al., 2011), only one drug has been approved by the FDA to treat 

human SLE in the past fifty years (Stohl & Hilbert, 2012).  
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Rheumatoid arthritis (RA) is a chronic, systemic inflammatory disease 

characterized by protracted inflammation in symmetrical joins. The pathogenesis of RA 

remains unclear and disease remission rates only reach 50% even for patients treated at 

an early stage with novel biological therapies (Canete & Pablos, 2013). IL-1 has been 

considered to be critical for the development of arthritis in RA (Dinarello, 2009). In fact, 

blockade of endogenous IL-1 or IL-1 signaling has been shown in many studies to 

prevent inflammation and joint damage in different animal models of RA (Choe et al., 

2003; Joosten et al., 2008; R. Y. Pan et al., 2000; Smeets et al., 2003; Van Lent et al., 

1995). However, all IL-1 targeting agents used effectively to treat arthritis in 

experimental models had only modest or even negative results in human RA clinical 

trials (Alten et al., 2008; Bresnihan et al., 1998; Drevlow et al., 1996; Genovese et al., 

2004). These examples underscore the need to develop informative approaches to study 

autoimmune and inflammatory diseases in humans and find effective therapeutic targets. 

 
Genomic Approaches to Probe the Immune System 

 
In the past decades, genetic and biological research has focused on one gene 

and/or protein at a time. With the execution of the Human Genome Project, it was 

realized that a new era in biological and medical sciences was beginning. This is often 

referred to as the “omics” revolution. New technologies to study nucleic acids, proteins 

and metabolites together with knowledge accumulated in the context of the Human 

Genome Project, including bioinformatics and statistical tools, provided novel methods to 

probe human samples.”Omics” enabled analysis of the entire genome, transcriptome, 

proteome and/or metabolome (Banchereau et al., 2013).  
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Genetic Studies 
 

Recent developments in genome sequencing technologies allow investigators to 

characterize an individual’s genetic information and identify mutations relevant for 

disease diagnosis and therapy. Many studies have shown that the genome sequence and 

structure differs from person to person (Conrad et al., 2011), and functional variation 

across human populations provides databases for investigators to study the genomic 

changes in patients (Genomes Project et al., 2010). Next-generation sequencing (NGS) 

has become even more popular in individual laboratories due to declining costs (Sarda & 

Hannenhalli, 2014). Specifically, technologies for genome-wide single nucleotide 

polymorphisms (SNP) genotyping, analysis of copy number variations (CNV) and rare-

variant association studies (RVAS) have been developed using NGS sequencing.  

 
Single nucleotide polymorphisms. Human genetic material contains about 10 

million common sequence variations, and the 1000 Genomes Project has cataloged these 

polymorphisms using whole-genome sequencing (Genomes Project et al., 2010). 

Genome-wide association studies (GWAS) are often used to analyze SNPS on a genome-

wide scale for alleles that are more common in patients, either in case control studies or 

in family-based designs. GWAS utilizes SNP microarrays to measure and analyze 

millions of SNPs that cover both coding and non-coding regions. This method considers 

each SNP as independent and uses statistical analyses to identify significantly different 

SNP frequencies between patients and controls (Bush & Moore, 2012). Normally, 

thousands of patients and controls are necessary for GWAS to satisfy statistical power 

requirements; but identified susceptibility loci could be implicated as causal factors. To 

date, GWAS have identified many common alleles associated with systemic autoimmune 
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and inflammatory diseases such as SLE, RA, Crohn’s disease, MS and inflammatory 

bowel disease (Franke et al., 2010; Gateva et al., 2009; Patsopoulos et al., 2011; Rivas et 

al., 2011; Stahl et al., 2010)  

 
Copy number variations.  GWAS have been used successfully to identify SNPs 

across the genome, and newer generations of SNP arrays with redesigned GWAS 

approaches were used to analyze CNV (McCarroll, Kuruvilla, et al., 2008). CNVs are 

insertions, deletions, or inversions of genomic segments spanning from a few hundred 

base pairs to megabases. The possible mechanisms of CNV include replication errors, 

non-allelic homologous recombination, non-homologous end-joining and 

homologous/nonhomologous repair of double-strand breaks. These genomic re-

arrangements can occur in germ cells or in somatic cells (Gu et al., 2008). Many common 

CNVs could be discovered by existing GWAS SNPs arrays (Wellcome Trust Case 

Control et al., 2010), but re-analysis of existing genome sequence data identified more 

than12,000 additional structural variants which impact up to 4867 genes (Pang et al., 

2010). One challenge of identifying CNVs in human immune diseases is the complexity 

and frequency with which they contribute to genetic risk. Attempts have been made to 

investigate the association of CNVs with autoimmune diseases, including SLE, RA, type 

I diabetes (TID) and Crohn's disease (Mamtani et al., 2008; McCarroll, Huett, et al., 2008; 

McKinney et al., 2008; Olsson et al., 2012; Wellcome Trust Case Control et al., 2010), 

but replication studies showed conflicting results (Aldhous et al., 2010; Boteva et al., 

2012; D. Carpenter et al., 2011).  
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Rare variants.  GWAS have been widely used to identify the genetic variation of 

diseases; however, in spite of many available studies, the contribution of genetic 

variations to complex traits remains unclear. For example, multiple GWAS performed on 

Crohn's disease (more than 22,000 patients) identified 71 susceptibility loci; but these 

loci only explain up to 23% of disease heritability (Franke et al., 2010; Fransen et al., 

2011). One possible explanation is that GWAS only identified common variants, and rare 

variants could be the main contributor to disease genetic risk. NGS technologies (e.g. 

SOLiD from Life Sciences, Genome Analyzer from Illumina and 454 from Roche) make 

possible a complete assessment of rare variants. NGS splits the entire genome into short 

DNA segments (about 200 nucleotides in length) and then ligates them to adapters during 

DNA synthesis to produce millions of sequences by PCR simultaneously (Metzker, 2010). 

Sequence reads are then aligned to the reference sequence. Considering the cost and time 

of sequencing and data analysis, whole genome sequencing is not widely used for 

complex diseases. Instead, it is more common to use targeted sequencing where only a 

small subset of the genome is sequenced, such as an exome, a particular chromosome, or 

loci identified from previous GWAS studies. NGS sequencing has been applied to 

patients with TID, Crohn’s disease, psoriasis, inflammatory bowel disease and RA for 

identification of rare variants. (Diogo et al., 2013; Ellinghaus et al., 2013; Jordan et al., 

2012; Nejentsev et al., 2009; Rivas et al., 2011). However, when coding exons of 25 

genes identified from previous GWAS studies were re-sequenced in more than 24,000 

patients with 6 autoimmune diseases, the majority of variants were only observed in 1 or 

2 patients, suggesting that rare variants at coding regions might not contribute to most 

autoimmune disease susceptibility (Hunt et al., 2013). 
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Transcriptomic Studies 
 

Although every cell in an organism contains the same genome, not every gene is 

actively transcribed and therefore different cells display unique patterns of gene 

expression. The total set of RNA molecules expressed in a cell at any given time is called 

the transcriptome. It is estimated that less than 5% of the genome is transcribed in 

humans (Frith et al., 2005), but this small number of genes contributes to a much larger 

number of proteins. Each gene, for example, may produce more than one variant of 

mRNA due to alternative splicing and RNA editing (Rueter et al., 1999).  

 
Protein-coding mRNA expression. Transcriptomic studies enable the generation of 

a comprehensive picture of gene expression in cells at different developmental stages or 

under different in vitro or in vivo activation conditions, including disease states. To 

measure transcription, total mRNAs, which represent the protein-encoding regions of the 

genome, are reverse transcribed into complementary DNAs (cDNA). Traditional ways of 

measuring mRNAs include non-quantitative Northern blot and quantitative real-time 

PCR, which detects expression of a limited numbers of genes at a time. High throughput 

technologies, such as microarray and RNA-sequencing, have been used to assess the 

expression of thousands of protein coding mRNA levels at the genome-wide scale. 

Microarray and RNA-seq analysis have been used extensively to study biological 

pathways and molecular mechanisms that regulate cell fate, development, and disease 

progression in patients with a wide spectrum of diseases. There are more than 19,000 

expression profiling studies in humans containing about 698,000 samples that have been 

deposited to NCBI Gene Expression Omnibus (GEO) database as of today. 

Transcriptional profiling of blood has been used widely in patients with autoimmune 
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diseases such as SLE, Systemic-onset Juvenile Idiopathic Arthritis (sJIA), Sjögren's 

syndrome, RA, Psoriasis, Multiple sclerosis (MS) and TID to identify diagnostic 

biomarkers and therapeutic targets as well as to assess diseases activity and treatment 

response, (Pascual et al., 2010). Gene expression analysis has also been applied to cancer 

research to identify cancer-specific biomarkers and to understand tumor progression 

and/or treatment response (Chibon, 2013; Majewski & Bernards, 2011). 

 
Non-coding RNA expression. Only a minority of the genome encodes RNA 

messages that will be transcribed into proteins. Non-coding RNA (ncRNA) classically 

included ribosomal RNA, transfer RNA and small nuclear RNA with generic functions 

involved in mRNA translation and RNA splicing. Recently, however, small ncRNAs 

have been described in prokaryotes that display regulatory functions involved in mRNA 

translation and stability (Ghildiyal & Zamore, 2009; Kim et al., 2009). Small ncRNAs are 

short in length (20-30 nucleotides) and bind to the Argonaute family of proteins to 

regulate gene expression (Huang et al., 2013). There are three main classes of small 

ncRNAs: 1) microRNAs (miRNA), 2) short interfering RNAs (siRNA) and 3) piwi-

interacting RNA (piRNA). All of them are believed to participate in gene silencing 

pathways (Huang et al., 2011; Lejeune & Allshire, 2011; Tang, 2010). miRNA sequences 

are highly conserved. The primary transcripts of miRNA contain hairpins that are 

processed by RNase III Drosha and exported to the cytoplasm, where miRNAs are 

generated after hairpins are cleaved by another RNase III (Dicer). Subsequently, miRNAs 

bind to complementary sites of their mRNA targets after integration within an RNA-

induced silencing complex (RISC) that contains proteins with endonuclease activity. The 
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formation of double-stranded RNA results in either translation repression or mRNA 

degradation (Filipowicz et al., 2005; Ha & Kim, 2014; Meister, 2013).  

Large-scale sequencing recently identified a different RNA species named “long 

non-coding RNAs” (lncRNA) which are more than 200 nucleotides in length and map 

both within and between protein coding regions (Bertone et al., 2004; Carninci et al., 

2005). Recently a collection of lncRNAs has been discovered and cataloged (Cabili et al., 

2011; Guttman et al., 2009; Sandelin et al., 2007). Some of these novel molecules have 

been implicated in developmental processes and diseases (G. Chen et al., 2013; Ramos et 

al., 2013). Although how lncRNAs function is not completely understood, they are 

thought to interact with DNA, RNA or proteins and act as essential regulators of 

chromatin organization or be involved in transcriptional and/or post-transcriptional 

regulation (Rinn & Chang, 2012; Ulitsky & Bartel, 2013).  

In the blood of patients with SLE, miRNA expression profiling has been used to 

identify miRNAs targeting genes involved in cytokine and/or cytokine receptor 

regulation as well as in T-cell development (S. Ding et al., 2012; W. Pan et al., 2010; 

Zhao et al., 2011). MiRNAs have been associated with SLE nephritis, suggesting that 

miRNAs could also be used as targets for therapeutic intervention (Carlsen et al., 2013; 

Chafin & Reilly, 2013). Studies on lncRNAs in immune responses have led to 

identification of lncRNA-Cox2 as a key regulator of inflammatory responses and the 

essential role of lncRNA-THRIL in regulating TNF- signaling (S. Carpenter et al., 2013; 

Z. Li et al., 2014)  
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Gene Expression Profiling Technologies 
 

As described above, traditional gene expression studies have typically focused on 

a small number of genes using techniques such as real-time PCR. Genome-wide 

assessment of gene transcription in health and disease were not possible until 12-15 years 

ago. The fast development and affordability of genome wide gene expression 

technologies has since enabled investigators to study disease pathogenesis and even to 

inform about new therapeutic targets (Goldberg et al., 2013; X. J. Li et al., 2014; Pascual 

et al., 2010).  

Multiplex polymerase chain reaction (PCR) was described in 1988 to detect gene 

expression and is considered a scientific revolution that afforded the Nobel Prize in 1993 

(Shampo & Kyle, 2002). It allows exponential amplification of short DNA sequences 

within a longer double stranded DNA molecule as the template. Real Time PCR (RT-

PCR), which is also called quantitative PCR (qPCR), has the advantage of detecting the 

amount of DNA amplified after each cycle with either fluorescent dyes (Karlsen et al., 

1995) or fluorescently-tagged oligonucleotide probes (Heid et al., 1996). A fluorescent 

dye such as SYBR Green binds all dsDNA and is used to detect all PCR products in each 

cycle. Probe-based RT-PCR, such as Taqman Assay from Life technologies, measures 

signals from fluorescent–labeled, target-specific probes with a higher specificity. RT-

PCR results can be obtained faster and with less variability than standard PCR because it 

is based on the detection of a sensitive fluorescent reporter and therefore post-PCR 

detection procedures are not required. The increase in fluorescent signal during 

amplification is proportional to the amount of PCR product in a reaction. By recording 

the amount of fluorescence emission at each cycle, it is possible to monitor the PCR 



10 
 

reaction during its exponential phase where the first significant increase in the amount of 

PCR product correlates to the initial amount of input (Giulietti et al., 2001).  

Although RT-PCR technology has been used for decades and is still considered the gold 

standard for the analysis of gene expression, it is not suitable for profiling the entire 

transcriptome at once. 

 
DNA Microarray 
 

DNA microarrays measure transcriptome expression on a genome-wide scale. 

Microarray technology was first developed in the early 1990s and evolved from Southern 

blotting, where DNA fragments are attached to a substrate and then probed with a known 

gene sequence (Maskos & Southern, 1992). Microarray relies on dense arrays of 

oligonucleotide probes that will capture complementary sequences present in biological 

samples at various concentrations.  

 
Spotted microarray.  The first DNA microarrays ever developed were spotted or 

printed microarrays (Schena et al., 1995). The probes were made by oligonucleotide 

chemical synthesis and spotted or printed onto the microarray surface, most commonly a 

glass microscope slide is used that remains stable throughout high temperatures and 

stringent washes. Oligonucleotides, cDNA or small fragments of PCR products 

corresponding to specific genes can be spotted onto the slide using a robotic machine 

resembling a special printer. Spotted arrays are customizable and the user can choose the 

probes to be spotted according to specific experimental needs. Spotted microarrays are 

relatively simple and inexpensive; however, production is neither efficient nor accurate as 

it is prone to introducing errors during probe synthesis (Auburn et al., 2005). 
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quality and reproducibility. A decoding strategy is used to identify the bead in which a 

gene is coded. Specifically, each bead contains a unique barcode with a 29-mer address 

sequence that is used to map the array and identify the location (Fan et al., 2006). 

Beadchip arrays are arranged in a multi-sample format, for example, 12 samples can be 

run simultaneously in one human chip. This enables higher throughput and reduction of 

sample to sample variability. Labeled cDNA samples are hybridized on the Beadchip and 

the florescent signal of each probes are detected to represent the levels of gene expression.  

 
RNA Sequencing 
 

Development of high-throughput DNA sequencing methods has provided a new 

way to measure abundance of transcripts, and this method is called RNA sequencing 

(RNA-seq). RNA-seq offers great advantages over existing approaches such as 

microarray, because it enables more precise measurements of both transcripts and their 

isoforms (Marguerat & Bahler, 2010). RNA samples are converted to a library of short 

cDNA fragments with adaptors attached to one or both ends. Subsequently, each cDNA 

is sequenced with high-throughput sequencing technologies to obtain short sequences 

from one end (single-end sequencing) or both ends (pair-end sequencing). The reads are 

typically 30-400 bp depending on the DNA-sequencing technology being used. After 

sequencing, the reads are aligned to a reference genome in order to produce a genome-

scale transcription map, which includes the transcriptional structure and level of 

expression for each gene (Z. Wang et al., 2009). RNA-seq allows identification of the 

precise location of transcription boundaries, to a single-base resolution, which can also be 

used to detect SNPs in the transcribed region (Cloonan et al., 2008; Morin et al., 2008). 

Another advantage of RNA-Seq is that it has very low background to signal ratio because 
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sequences can be mapped to unique regions of the genome. RNA-seq provides a large 

dynamic range of expression levels over which transcripts can be detected. By contrast, 

DNA microarrays lack sensitivity for genes expressed either at low or very high levels 

(smaller dynamic range) (Z. Wang et al., 2009). RNA-Seq has also been shown to be 

highly accurate for quantifying expression levels, as it is reproducible, for both technical 

and biological replicates (Z. Wang et al., 2009).  

 
Focused Arrays 
 

Both high-throughput genome wide gene expression technologies, DNA 

microarray and RNA-seq, have been used extensively and have proven their utility in 

various biological assays. However, each of them has limitations. Microarray analysis 

offer low cost transcriptome-wide assays, but is not quantitative with limited dynamic 

range of detection. RNA-seq is able to provide greater sensitivity and digital 

measurements of transcript abundance, but requires complex sequence analysis 

associated with higher cost. Many times, investigators are interested in studying subsets 

of genes or in validating biomarkers resulting from microarray profiling by using focused 

arrays, which offer quick turnaround time, cost efficiency and quantitative results. 

 
Multiplexing RT-PCR. To monitor multiple targets in a single reaction, multiplex 

RT-PCR enables the amplification of more than one gene using multiple reporters with 

distinct fluorescent spectra, and thus offers both the multiple gene profiling of microarray 

and the high quantitative performance of RT-PCR. RT² Profiler™ PCR Array developed 

by SABiosciences is able to detect the expression of a pre-defined set of 84 genes that are 

relevant to a pathway or disease state with high sensitivity and reproducibility using 
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SYBR Green-based RT-PCR (Gaj et al., 2008). The key component of PCR array is the 

primer design system. Each assay is uniquely designed for use in SYBR Green RT-PCR 

analysis and each qPCR reaction generates single, gene-specific amplicons without 

amplification of non-specific products (Schmittgen et al., 2008).  

 
Digital PCR. Conventional RT-PCR is based on the theory that amplification is 

exponential so that PCR products could be quantified by comparing the number of 

amplification cycles. In digital PCR (dPCR), a sample is partitioned into many separate 

reaction chambers and each chamber will only contain “0” or “1” copy of the target 

sequence (Sykes et al., 1992). PCR product is quantified by counting the regions with 

positive reaction (Baker, 2012). Fluidigm™ Dynamic Array uses integrated fluidic circuit 

(IFC) chips containing sophisticated microfluidics and tiny valves that partition samples. 

Currently Fluidigm Dynamic Array detects the expression of 96 genes on 96 samples 

simultaneously (Spurgeon et al., 2008). OpenArray® technology from Life Technologies 

mixes samples with reagents in reaction chambers and partitions them into individual 

nano-sized wells of plates (van Doorn et al., 2007). OpenArray® RT- PCR Plate could be 

devised with up to 224 pre-designed or custom TaqMan® Gene Expression Assays. Bio-

Rad and RainDance have been using droplet-based strategies to partition PCR mixtures 

into nano-liter or pico-liter sized droplets, respectively. PCR results are detected by 

flowing the droplets through a fluorescence detector (Baker, 2012). dPCR provides 

similar accuracy and precision as traditional RT-PCR without the requirement of 

reference housekeeping genes and can be utilized to detect low-copy number gene 

expression or single cell analysis (Baker, 2012; White et al., 2011). 
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Digital counting technology. Measurement of gene expression has been indirect in 

the past and the genes had to be amplified by PCR or labeled and hybridized to an array. 

The Nanostring nCounter is a direct digital counting method that is robust and highly 

reproducible that can be used to detect the expression of up to 800 genes in a single 

reaction with high sensitivity (Kulkarni, 2011). Investigators are able to select a range of 

predefined panels, or design their own codesets, that include genes of interest. Nanostring 

bridges the gap between genome-wide microarray and targeted RT-PCR expression 

profiling with precise digital quantification of multiple targets. The Nanostring nCounter 

assay is based on direct imaging of mRNA molecules of interest that are detected using 

target-specific, color-coded probe pairs. It requires neither the conversion of mRNA to 

cDNA via reverse transcription nor the amplification of the resulting cDNA. These 

unique features allow direct analysis of a wide variety of sample types, including purified 

total RNA, cell/tissue lysates, RNA extracted from formalin-fixed paraffin-embedded 

tissues, and blood collected without globin mitigation (Geiss et al., 2008).  
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CHAPTER TWO 
 

Widely Used Technological Approach at BIIR: Microarray 
 
 

Microarray Analysis 
 

The major area of research focus at Baylor Institute for Immunology Research 

(BIIR) is on human disease – more specifically how scientific outcomes can be translated 

into treatments. While there are a number of technologies that can be applied in this kind 

of translational research setting, BIIR has focused significant efforts on establishing a 

comprehensive microarray platform. Microarrays provide a genome-wide snapshot of 

transcriptional activity in cells and/or tissues at any given time point, for example during 

a disease flare or directly after a specific treatment. They enable precise experimental 

questions to be asked and produce large amounts of data requiring in-depth analysis that, 

in turn, can truly move discoveries from the bench to the bedside 

 
Experimental Design  
 

The success of gene expression profiling relies on careful and considerate 

experimental design. An initial question to ask is what type of array will be used: single-

color (one sample per array) or two-color array (a pair of samples on one array). It is 

more complex to design an experiment for two-color arrays because biases could be 

introduced during labeling (Slonim & Yanai, 2009). For single color array experiments, 

outlier samples have no effect on other samples and data can be easily compared between 

experiments as long as batch effects are accounted for. A comparison study of single- and 

two-color methods on the same platforms reported good overall agreement between data 
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produced by each method (Patterson et al., 2006), though currently single color array 

appears to be more widely used in microarray experimental design.  

Another important consideration when designing microarray studies is to assure 

that all variables are identified. There can be many types of variations in microarray 

experiments. Biological variation is intrinsic to all samples, and technical variation may 

be introduced during the RNA extraction, labeling and hybridization of samples. Sample 

size should also be carefully calculated to ensure reproducible and meaningful results 

(Jung & Young, 2012). Demographic variables, such as patient age, gender and ethnicity, 

as well as current treatments and treatment history should also be considered during 

experiment design of microarrays, particularly when patient samples and healthy controls 

need to be compared. 

 
Data Preparation  
 

Background subtraction and quality control.  After hybridization, arrays are 

scanned to produce images that contain information about both probe intensity and 

location. Image processing includes calculating foreground and background intensity. 

Background signals must be subtracted to correct for non-specific contributions to the 

overall signal (Jiang et al., 2008). Quality control (QC) analysis is used to identify 

samples for which the data characteristics are significantly different from others. Data 

generation, background subtraction and QC usually are carried out with standard 

protocols. For example, the Illumina GenomeStudio software package provides many 

tools to facilitate QC analysis on Beadarray data. Illumina Beadchips have internal 

control features to monitor data quality, and poor performance measured by these 

controls could indicate a general problem with hybridization, washing or staining. 
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GenomeStudio is also able to calculate and report a detection p-value which indicates the 

confidence for the expression of a given gene above background, as defined by internal 

negative control probes.  

 
Batch correction. The comparison of microarray data from different experiments 

can be challenging because it often requires the analysis of data from multiple arrays 

processed at different times and/or on different microarray platforms. As a result, 

expression data could be affected by systematic variability among different batches 

independent of the biological variations. These are commonly referred as “batch effects” 

and could mask biological differences. While ideally experiments should be run in a 

single batch, most of the time this is not feasible and therefore batch effects need to be 

identified and removed before processing (C. Chen et al., 2011). Several methods to 

remove batch effects have been developed in the past. In 2000, single value 

decomposition (SVD) and principal component analysis (PCA) were applied to subtract 

principal component representing batch effect from the data and reconstruct the 

expression data (Alter et al., 2000). Subsequently, a powerful classification method called 

Distance-weighted discrimination (DWD) was developed to provide effective batch 

adjustment for microarray data (Benito et al., 2004). Orthogonal Projections to Latent 

Structures method has also been used to filter out the latent component that represents the 

batch effect (Bylesjo et al., 2007). For smaller sample size experiments, an Empirical 

Bayes approach used location and scale model parameters from all the genes and reduced 

the batch effect estimates toward the overall mean of the batch estimates (W. E. Johnson 

et al., 2007). This algorithm is available as a free R software package (COMBAT). A 

hybrid approach known as principal variance component analysis (PVCA) has been 
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developed recently combining the strengths of two analysis methods: PCA and variance 

components analysis (VCA) (Scherer, 2009). PCA was used to reduce data dimension 

with maximal variability, and VCA estimated and partitioned variability using factors of 

interest as random effects via a mixed linear model. This method provided a quantitative 

assignment to all known sources of variability for each principal component, and the 

residual variance component accommodates all unspecified; and it could also be used to 

estimate batch effect before and after batch normalization (Lazar et al., 2013). PVCA 

algorithm is implemented in both commercial software JMP genomics from SAS and free 

software R package. 

 
Data processing.  There are many sources of systematic variations that affect 

gene expression levels, and these could be caused by different amounts of input mRNA 

or labeling efficiency in different arrays. Normalization of the raw data is therefore 

critical to adjust technical variation between arrays (Quackenbush, 2002). This procedure 

involves choosing a gene-set in which expression levels do not change across arrays, 

similar to choosing housekeeping genes in RT-PCR experiments. One such normalization 

method is average scale, which is based on the assumption that the total quantity of RNA 

for the two samples is the same. It also assumes that the same numbers of RNA 

transcripts from different samples are hybridized to the microarray (Schmid et al., 2010). 

Percentile normalization is another commonly used method to process microarray data. 

The assumption here is that expression distributions of all the samples in the same study 

have the same number of percentile expression values. The 75th percentile is 

recommended by Agilent because not all genes are transcribed in any given, cell and a 

75th percentile represents the median of probes with reliable signals (Agilent 
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Technologies, 2009). The gene expression data often undergo logarithm base 2 

transformation (Quackenbush, 2002), which allows differential up-regulation and down-

regulation to be treated equally, and facilitates linking expression ratios to fold changes.  

 
Data Analysis 
 

Microarray experiments enable identification of biological processes or pathways 

based on differential gene expression profiles in different groups of samples. The basic 

approach is to examine each transcript individually and correlate changes in gene 

expression with particular phenotypes after applying statistical analysis and or 

determining fold changes (Allison et al., 2006). Many commercial software packages are 

available for microarray analyses, including the widely-used Genespring as well as web-

based tools and open-source software platforms. Statistical analysis software packages, 

such as R, are used to create a custom data analysis pipeline. BioConductor is a collection 

of R tools including many powerful current gene expression analysis methods written and 

tested for the microarray community (Dudoit et al., 2003). 

 
Statistical analysis. Statistical analysis is required to determine whether any 

observed differences in microarray data are significant. A variety of parametric and non-

parametric statistical tests are often used to conduct differential gene expression analyses. 

The standard test is unpaired t-test to evaluate the difference between two independent 

groups assuming equal variance. If the variances are significantly different, Welch t-test 

(unpaired and unequal variance t-test) is applied to test if the two groups have equal 

means. When analyzing microarray data from patients, it is not always appropriate to 

assume that the samples are normally distributed, and the non-parametric Mann-Whitney 
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test is preferred, as no distributional assumptions are made. With repeated measurements, 

paired T-test or paired Mann-Whitney test are used to measure differences between 

paired values in two samples by taking the variations within each sample into 

consideration. Analysis of variance (ANOVA) is used to extend t-test to three or more 

groups at the same time. Each statistical test generates a value and a cutoff (e.g. p<0.05) 

is used to determine which genes have significant differential expressed. Microarray 

analyses involve the testing of thousands of genes, and there is a high probability that 

reported differences might occur by chance and yields a high number of false positives. 

False discovery rate (FDR) is commonly used. This multiple testing correction method 

adjusts the p-values in microarray analysis to control the proportion of type I errors 

(probability of falsely rejecting a true null hypothesis) of all tests to the specified FDR 

(Gusnanto et al., 2007). 

 
Fold change. Fold change (FC) analysis identifies genes with differences between 

two groups or expression ratios that are significant considering a given cut-off or 

threshold. FC was the first method used to analyze differentially expressed genes from 

microarray data (Miller et al., 2001). However, using FC alone results in frequent type 1 

error (false positive) rates, because it does not incorporate variance and offers no 

associated level of confidence (Budhraja et al., 2003). Some reports indicate however that 

FC results in more reproducible gene lists than t-tests (Guo et al., 2006; Shi et al., 2005), 

and it is current practice to combine FC with statistical analysis to report microarray 

results. Volcano plots allow visualization of the relationship between fold-change and 

statistical significance by taking both magnitude of change and variability into 

consideration. Nevertheless, FC analysis is still a popular method for investigators 
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because of its simplicity. Most of the time it works reasonably well for ranking results, 

especially with small numbers of samples in which statistical analysis is not applicable.  

 
Clustering analysis. Once differentially expressed genes are identified by the 

methods described above, microarray data must be sorted computationally using 

clustering algorithms. Clustering similarly expressed genes enhances our understanding 

of functional pathways and gene interactions. A commonly used algorithm is hierarchical 

clustering, which reveals relationships among expression levels of genes over a series of 

conditions or among ex-vivo samples (Eisen et al., 1998). Hierarchical clustering first 

identifies pairs of genes that are most similar and merges them together to form a new 

cluster of genes that represents the average of the two merged genes, and then identifies 

the next most similar pair. This process continues until all of the genes are merged into 

one large cluster. There are many mathematical techniques to assess the similarities 

(distances) between two genes (F. D. Gibbons & Roth, 2002). One distance metric is the 

Pearson correlation, which measures similarity between directions of two expression 

points. Another distance measure is the Euclidean distance, which measures absolute 

distance between two points in space. The Euclidean distance takes into account both the 

direction and magnitude of the vectors. Another popular clustering method is k-means 

clustering, which divides genes into a predetermined number (k) of clusters (Tavazoie et 

al., 1999). First, k random clusters are chosen and each gene is assigned to the cluster 

with the closest distance. The process is continued until no more genes change cluster. K-

means clustering is more computationally efficient, but it requires to pre-defined numbers 

of clusters and does not provide hierarchical levels for different clusters. 
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Time-course data analysis.  Microarray time course experiments involve gene 

expression measurements over time under different biological conditions, such as disease 

progression and drug or vaccination administration. Time course experiments can be 

analyzed as by time point (cross-sectional) or longitudinally. To analyze cross-sectional 

data, a simple linear regression model is used to estimate the fixed effect parameters, 

such as disease state and response to treatment. However, for longitudinal data, with 

repeated measurements, linear mixed models can fit both fixed and random effects (T. I. 

Lin & Lee, 2008; Zhang & Davidian, 2001). Linear mixed models are able to investigate 

not only expression pattern changes over time, but also the effect of non-timing varying 

covariates (e.g. gender, race) between subjects and time-varying covariates (e.g. disease 

progress, responses to treatment) within subjects (R. D. Gibbons et al., 2010). Gene 

expression analysis using mixed modeling have been applied to both cross-sectional and 

longitudinal studies (Fujita et al., 2014; Karlovich et al., 2009; Knafl et al., 2009; Samios 

et al., 2014).  

 
Result interpretation. After a list of differentially expressed genes has been 

identified, functional analysis is essential for interpreting the results. Commercial systems 

for gene network analysis such as Ingenuity, GeneGo and Pathway studio are able to 

generate visual network representations of differentially expressed genes based on 

published scientific literature. Analysis of gene sets is becoming more attractive than 

focusing only on the study of individual genes. One of the advantages is an increase in 

statistical power and reduction in dimensionality of the underlying statistical problem. It 

also allows a better interpretation of potentially functional biological networks. Gene set 

enrichment analysis (GSEA) is a method that evaluates microarray data at the level of 
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gene sets that are defined based on prior biological knowledge (A. Subramanian et al., 

2005). This is based on published information about biological pathways or co-

expression patterns in previous studies. GSEA analysis ranks the members in each pre-

defined gene set by statistic test and determines if any gene set is statistically significant 

between two groups (A. Subramanian et al., 2005). GSEA has been widely used to 

analyze and interpret microarray as well RNA-Seq data because it help to identify 

pathways and processes (X. Wang & Cairns, 2013).  

 
Modular Approach 

 
Blood gene expression profiling has been widely used to investigate immune 

responses in healthy and disease states. This technology has permitted to identify 

pathogenic mechanisms, novel therapeutic targets and biomarker signatures. Here at the 

BIIR, “customized” gene sets were established based on a collection of microarray data 

from different datasets obtained from human diseases (Chaussabel & Baldwin, 2014; 

Chaussabel et al., 2008). Each gene set is called a module, and mapping changes in gene 

expression at the modular level generates disease-specific transcriptional fingerprints that 

provide a stable framework for visualization and functional interpretation of the data.  

 
Construction of modules. The modular approach was first developed in 2008 

based on Affymetrix microarray data from peripheral blood mononuclear cells (PBMC) 

(Chaussabel et al., 2008). Recently, a newer generation of modules was developed based 

on Illumina microarray data from whole blood of patients with autoimmune, infectious 

and other immune-mediated diseases (Chaussabel & Baldwin, 2014). A total of 1,000 

whole blood samples were included for module construction. Transcripts within each 
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dataset were clustered according to similarity in expression patterns across all samples in 

the dataset. The results were used to build a co-clustering network. Transcript networks 

that clustered together in all the datasets were denoted as modules for the first round of 

selection. This analysis process continued with lower stringency for each subsequent 

round to find transcript networks clustered in fewer numbers of datasets until the clusters 

only existed in one dataset. A total of 260 modules were generated containing more than 

14,000 blood transcripts. 

 
Functional interpretation of modules.  Changes in blood transcript abundance can 

be attributed to transcriptional regulation as well as to relative changes in cellular 

composition. In this regard, transcriptional profiles obtained from isolated cell 

populations can be used to facilitate data interpretation. Different approaches have been 

used to derive functional annotation for gene sets. Commercially and publically available 

tools, such as Ingenuity, GeneGo and DAVID, have been used for functional annotations 

that may be associated with each module gene list.  

 
Modular Analysis Tools 

 
As described above, the modular approach for data analysis is based on gene 

expression data from over 14,000 transcripts grouped into 260 modules originally 

detected on an Illumina platform. An expression output can be simply calculated by 

averaging the normalized expression values of all of the genes that constitute a module. 

The limitation of this method is that abnormal expression of a single gene, such as a sex-

linked gene, will influence the overall expression report. An alternative approach is to 

determine the proportion of transcripts that pass a statistical filter for a given module; 
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then the modules can be classified as over-expressed, under-expressed or un-changed 

based on percentage of increased versus decreased transcripts. This method is preferred 

because it represents the overall gene expression for a given module. Working at the 

modular level using summarized expression values also presents a distinct advantage 

when it comes to visualizing results (Figure 1). Changes in transcript abundance can be 

represented as easily interpretable “fingerprints” using a grid against which modules from 

different rounds of selection are aligned. The position on the grid denotes the order of 

module selection. The rows represent the rounds of selection for modules, for example, 

the first row (M1) corresponds to modules composed of the transcripts clustered in all 

datasets and the second row (M2) corresponds to modules composed of the transcripts 

clustered in all but one dataset. Columns represent the different modules in the selection 

within each round. Modules that show significantly increased abundance relative to a 

control group (e.g. healthy donors) are represented in red and modules with significant 

decrease in transcript abundance are represented in blue. A posteriori functional 

annotations of each module help interpreting the modular map and can be used as a 

molecular fingerprint of transcriptional perturbations.  

 
Group module map. The process of calculating modular expression levels is 

tedious and time consuming if done manually. We therefore created a visualization tool 

based on Microsoft Excel that generates module maps for a given dataset automatically. 

The algorithm used to generate the module map is represented in Figure 1 starts with 

base-line transformed or regular normalized data. Both types of data yield similar results 

because the algorithm relies on t-test and base-line transformation has no effect on p-

value. For the Microsoft Excel Visualization tool, the expression data from a test group 
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the criteria (for example, p<0.05), the direction of the expression (overexpression or 

underexpression) is determined and recorded for the module, and the program continues 

to the next probe. After all the probes have been tested, the numbers of significant 

transcripts within each module are obtained. The percentages of over-expressed and 

under-expressed transcripts are calculated to determine the overall direction of the 

module. Although most of the transcripts within a module should have similar expression 

patterns, it is also possible that they do not. If the number of significant transcripts is at 

least twice in one versus the other direction, the overall direction is set; otherwise, this 

module is marked as un-changed. A red (for overexpression) or blue (for underexpression) 

with different shade gradient based on the percentage of significant genes is used to 

represent the module activity. The flow chart of this algorithm is summarized in Figure 2. 

 
Individual module map.  The above described group modular analysis selects 

transcripts differentially expressed in the study groups of interest, such as a disease and a 

healthy control group. However, this approach does not provide potentially important 

expression signatures that show variability across samples. It is possible however to use 

the modular framework to assess the changes in transcript abundance in individual 

samples compared to a reference group. Similar to the group module map, the proportion 

of transcripts that deviate from the control group is recorded for each individual sample, 

and the percentage of significant genes is used to map modular expression data. In this 

way, the transcript abundance is mapped on the fingerprint grid for each sample instead 

of the whole study group. Figure 3 shows the module maps of individual samples 

generated using this approach (Chaussabel & Baldwin, 2014). 
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Understanding Human Immune Diseases Using Blood Transcriptional Profiling 
 

The immune system is composed of cells that circulate between central and 

peripheral lymphoid organs. These cells also migrate to and from inflamed tissues via the 

blood, which therefore represents a relevant pipeline to study immune mediated diseases. 

Transcriptomic studies using patient blood provide a snap-shot of the immune system at a 

given time point – during disease flare or in response to treatment, for example. We have 

used this approach to study pediatric diseases by probing transcriptional changes either in 

PBMCs, whole blood or purified cell subpopulations from patients and healthy controls. 

We have also probed the effects of patient sera on healthy PBMCs cultured in vitro. 

These approaches have enabled our laboratory to successfully identify that type I IFN 

plays a key role in SLE pathogenesis and that IL-1 blockade is effective to treat pediatric 

patients with sJIA (Bennett et al., 2003; Chaussabel et al., 2008; Pascual et al., 2005). 

 For the work described herein, blood and serum-induced gene expression 

profiling have been used as the main tool to understand the pathogenesis of a series of 

human autoimmune and inflammatory diseases for which little knowledge about 

pathogenesis was available. Using this approach, we have uncovered novel disease 

mechanisms, biomarkers as well as potential therapeutic targets.  
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CHAPTER THREE 
 

Genomic Studies on Diseases with Interferon Signature 
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M. Punaro, S. Bolland, V. Soumelis, J. Banchereau, R.L. Coffman, V. Pascual, 
and F.J. Barrat. 2010. TLR recognition of self nucleic acids hampers 
glucocorticoid activity in lupus. Nature 465:937-941. 

Berry, M.P., C.M. Graham, F.W. McNab, Z. Xu, S.A. Bloch, T. Oni, K.A. Wilkinson, R. 
Banchereau, J. Skinner, R.J. Wilkinson, C. Quinn, D. Blankenship, R. Dhawan, 
J.J. Cush, A. Mejias, O. Ramilo, O.M. Kon, V. Pascual, J. Banchereau, D. 
Chaussabel, and A. O'Garra. 2010. An interferon-inducible neutrophil-driven 
blood transcriptional signature in human tuberculosis. Nature 466:973-977. 

 
Systemic Lupus Erythematosus (SLE) 

 
 
Introduction 
 

SLE is a chronic autoimmune disease characterized by the breakdown of 

tolerance to nuclear antigens, especially nucleic acids, and by widespread organ damage. 

The pathogenesis of SLE is still incompletely understood. Some laboratory parameters, 

including anti double-stranded DNA (anti-dsDNA) antibody titers and complement factor 

levels, are often monitored to follow the disease course even though they have not been 

validated as biomarkers of disease activity. Our laboratory has used gene expression 

profiling to define molecular pathways involved in the pathogenesis of SLE and provide 

insights into diagnostic and disease activity-related biomarkers and therapy (Bennett et al., 

2003; Chaussabel et al., 2008).  
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Approximately 20% of SLE cases are diagnosed during childhood (Brunner et al., 

2008; Klein-Gitelman et al., 2002). Indeed, immunologic, serologic, and clinical 

abnormalities in children with SLE are more severe than in adults (Mina & Brunner, 

2010; Tucker et al., 2008). Previous work from our laboratory demonstrated that blood 

gene expression profiles of children with SLE were dominated by an interferon-inducible 

signature (Bennett et al., 2003). However, many reports indicated that only about 50% of 

adult patients display a similar blood interferon signature (Baechler et al., 2003; Crow & 

Wohlgemuth, 2003; Han et al., 2003; Kirou et al., 2004; Niewold et al., 2007). There are 

several possible explanations for these differences between pediatric and adult SLE: 1) 

SLE is a different disease in children and adults; 2) adult patients have been treated for a 

longer time since diagnosis, and molecular signatures might fade away with time; 3) 

finally, it is also possible that unique technologies and platforms used in different 

laboratories might contribute to these differences. 

Type I IFNs are thought to be central to disease pathogenesis in SLE and 

increased expression of IFN-regulated genes has been reported to correlate with 

autoantibodies and disease activity (Feng et al., 2006; Li et al., 2010). While most cells in 

the body have the ability to produce IFN, plasmacytoid dendritic cells (pDC) are a major 

source of this cytokine. Furthermore, it has been shown that immune complexes 

containing nucleic acids can be internalized by these cells into endosomal compartments 

where they induce activation of TLR7 and TLR9 leading IFN production (Barrat et al., 

2005; Obermoser & Pascual, 2010).  

Immunosuppressive drugs, including glucocorticoids (GC), are used to treat SLE. 

Patients with severe activity are treated with high dose of GC, such as intravenous 



34 
 

methylprednisolone (IVMP) pulse therapy, which is often required to control clinical 

symptoms. Oral GC have been shown to induce apoptosis of pDCs and reduce their IFN-

producing capability in healthy donors (Shodell et al., 2003), however, the remarkable 

dependence of high GC dose in SLE led us to hypothesize that pDCs might be more 

resistant to GC-induced apoptosis in SLE patients, due to persistent activation of TLR7/9 

by immune complexes. To answer this question, we collaborated with Drs. Cristiana 

Guiducci, Robert Coffman and Franck Barrat at Dynavax to study the role of pDCs in 

SLE using in vitro cell cultures, lupus mouse models and immune-monitoring of SLE 

patients. Our collaborators found that activation of TLR7/9 protected pDCs from healthy 

donors (in vitro) and WT mice (in vivo) from apoptosis induction by GC, and the 

sensitivity of pDCs to GC treatment in lupus-prone mice was enhanced by blocking 

TLR7/9 in vivo (Guiducci et al., 2010). Our contribution to this study was to monitor the 

IFN signature and numbers of blood pDCs in pediatric patients with SLE who were either 

untreated or received different regimens of therapy, including IVMP pulse treatment.  

 
Methods 

 

Sample collection. Patients and healthy donors were recruited at Baylor 

University Medical Center, Texas Scottish Rite Hospital, and Children’s Medical Center, 

Dallas TX. The studies were approved by the Institutional Review Board that governs 

each institution. Informed consents were obtained for all patients (consent from legal 

representatives of all children and assent from patients 10-17 years of age). Blood 

samples for gene expression analysis were collected in Tempus tubes and either 

immediately delivered to Baylor Institute for Immunology Research at room temperature 
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or stored at −20 °C before shipping and processing. Total RNA was isolated from whole 

blood lysates using a MagMax total RNA extraction kit (Applied Biosystems), and 

isolated total RNA was then globin-reduced using the GLOBINclear 96-well format kit 

(Applied Biosystems/Ambion) according to the manufacturer’s instructions. Total and 

globin-reduced RNA integrity was assessed using an Agilent 2100 Bioanalyzer showing 

a quality of RNA integrity number of 7–9.5 (Agilent Technologies). RNA yield was 

assessed using a NanoDrop 1000 spectrophotometer (NanoDrop Products, Thermo Fisher 

Scientific). Biotinylated, amplified antisense complementary RNA (cRNA) targets were 

subsequently prepared from 200 to 250 ng of the globin-reduced RNA using the Illumina 

CustomPrep RNA amplification kit (Applied Biosystems/Ambion). Labeled cRNA was 

hybridized overnight to Illumina Human HT-12 BeadChip arrays (Illumina), which 

contained more than 47,000 probes. The arrays were then washed, blocked, stained and 

scanned on an Illumina BeadStation following the manufacturer’s protocols. Illumina 

GenomeStudio software (Illumina) was used to generate signal intensity values from the 

scans. 

 
Microarray data analysis. Illumina GenomeStudio software was used to subtract 

background and scale average signal intensity for each sample to the global average 

signal intensity for all samples in each dataset. A gene expression analysis software 

program, GeneSpring (Agilent Technologies), was used to perform further normalization. 

All signal intensity values less than 10 were set to equal 10. Next, baseline transformation 

was applied, by dividing the signal intensity of each probe in each sample by the median 

intensity for that probe across all the control samples. These normalized data were used 

for all downstream analyses. Using Genespring, all transcripts were filtered first to select 
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detected transcripts: those called ‘present’ in at least 1 sample or 10% of all samples. 

Present calls were selected if the signal precision was less than 0.01. Transcripts meeting 

the filtering criteria were then subjected to subsequent analysis using GeneSpring.  

 
NanoString nCounter assay Details of the nCounter Analysis System (NanoString 

Technologies) were described previously (Geiss et al., 2008).The nCounter code set 

includes 240 genes of interest from 15 modules and 20 control genes. Samples were 

hybridized using 100 ng of total RNA. Expression levels of each gene were normalized to 

those of 20 control genes. 

 
Results  
 

Using the same laboratory settings described for our pediatric studies, we decided 

to investigate the gene expression profiles of adult SLE patients. Modular analysis was 

performed on blood samples from 38 adult and 34 pediatric SLE patients from our Dallas 

cohorts. Despite reports in the literature indicating that gene expression profiles of adult 

SLE patients reveal an IFN-inducible signature in less than 50% of patients (Baechler et 

al., 2003; Crow & Wohlgemuth, 2003; Han et al., 2003; Kirou et al., 2004; Niewold et al., 

2007), we found a significant overlap with pediatric signatures at the modular level 

(Figure 5). Strikingly, over 80% of adult SLE patients display a strong up-regulation of 

IFN modules. These data support the notion adult and pediatric SLE share a similar 

pathogenesis.  
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IFN signature at baseline according to several reports in the literature (McBride et al., 

2012). We investigated the molecular characteristics of adult and pediatric SLE patients 

using microarray analysis and found that, at the modular level, the transcriptional 

signatures of adult and pediatric SLE patients are very similar, as over 80% of adult SLE 

patients show elevated activity of IFN modules.  

The findings of elevated IFN signature in SLE have led to a phase I and II clinical 

trials of rontalizumab (anti-IFN-) (Kalunian et al., 2012). However, the evaluation of 

new drugs for SLE has proven difficult even for the therapies approved for other 

autoimmune diseases. GC has been used widely to treat autoimmune diseases, such as 

SLE, via promoting cell death of pDCs and inhibiting NF-κB pathways (Abe & Thomson, 

2006; De Bosscher et al., 2003). However, pDCs are protected from GC-induced cell 

death upon stimulation with TLR7 or TLR9 ligands in both human and murine SLE 

(Guiducci et al., 2010). Consequently, in lupus-prone mouse strains, blocking of TLR7/9 

signaling dramatically restored the susceptibility of pDCs to GC killing (Guiducci et al., 

2010).  

Our data support that high dose GC therapy normalizes the IFN signature by 

reducing pDC numbers. This effect, however, is only transient, as both signature and cell 

numbers returned to pre-treatment levels in about one week. Thus, pDCs seem to be 

fundamental contributors to IFN production in SLE patients. These findings are 

supported by data from two recent groups reporting that depletion of pDCs or inhibition 

of their development abolished disease manifestations, including anti-DNA antibody 

production and glomerulonephritis, in three murine models of SLE (Rowland et al., 2014; 

Sisirak et al., 2014).  
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2005; Andersen & Woodworth, 2014). TB diagnosis requires the isolation of M. 

tuberculosis by culture, and this process may take several weeks to complete (Schoch et 

al., 2007). An additional challenge is that about 90% of patients infected with M. 

tuberculosis remain asymptomatic, referred as latent TB (Zumla et al., 2013), and even 

though up to 15% of these latent TB cases will develop active TB disease in their lifetime 

(Vynnycky & Fine, 2000), no predictors of evolution into active TB are available. The 

diagnosis of latent TB is based on evidence of immune sensitization by the skin reaction 

to M. tuberculosis antigens. Activation of T cells and production of cytokines, such as 

IFN and TNF, are believed to be important for immune responses to M. tuberculosis 

(Cooper, 2009; Keane et al., 2001). However, how the transition from latent to active TB 

takes place remains unclear.  

To better understand the pathogenesis of active TB and differences between 

active and latent disease stages, we collaborated with Dr. Anne O’Garra from MRC, 

National Institute for Medical Research in the UK to analyze transcriptional profiles from 

the blood of active and latent TB patients as well as healthy controls. Our collaborators 

identified a distinct blood transcriptional signature in active TB that correlated with the 

radiological extent of disease. Transcriptional analysis also indicated that a small fraction 

of latent patients clustered with active TB, suggesting these latent patients might have 

higher burden of infection with increased risk for active TB development (Berry et al., 

2010). The transcriptional signature obtained from active TB included a strong up-

regulation of IFN-inducible genes. 

Gene expression and pathway analysis revealed that myeloid cell-related 

transcripts were more abundant in active TB, while B cell- and T cell-related transcripts 
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were downregulated. Most of the genes within the TB signature were induced by type I 

IFN and IFN- and driven by neutrophils (Berry et al., 2010). This type of transcriptional 

changes may reflect common inflammatory responses in many other diseases. Our 

contribution to this study was to identify a TB specific blood signature, which would 

distinguish this condition from other inflammatory diseases.  

 
Methods 
 
 

Analysis of significance. Microarray data of active TB, Streptococcus infection, 

Staphylococcus infection, Still’s Disease, as well as adult and pediatric SLE were 

normalized separately to the median of their respective healthy controls. Mann Whitney 

test with Benjamini–Hochberg false discovery rate correction for multiple testing was 

performed on the active TB data set to obtain transcripts which were significant in TB 

with p<0.01. These transcripts were subsequently tested using the same statistical 

analysis to identify e transcripts which were not significant in all other data sets (p>0.05). 

 
Class prediction. Genespring 7.3 was used for class prediction. This prediction 

model used the k-nearest neighbor’s algorithm with 10 neighbors and a P value ratio 

cutoff of 0.5. All transcripts identified from analysis of significance were used for 

prediction. The prediction model was used to predict classification of samples in two 

independent TB sets, Streptococcus infection, Staphylococcus infection, Still’s disease, as 

well as adult and pediatric SLE. P values were determined using two-sided Fisher’s exact 

test. 
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Modular analysis. Transcriptional modular analysis was performed as described 

previously (Chaussabel et al., 2008). The modular framework was derived using 

Affymetrix HG U133A&B GeneChips, and probes comprising the modules were 

translated into their equivalents on the Illumina platform. RefSeq identities were used to 

match probes between Affymetrix HG U133 and Illumina HT-12 platforms. 

Unambiguous matches were found for 2,071 out of the 5,348 Affymetrix probe sets, and 

these were used in the modular analysis. Matching probes were preserved in their original 

modules. To present global transcriptional changes graphically, for the disease group as a 

whole versus the healthy control group as a whole, spots are aligned on a grid, with each 

position corresponding to a different module based on their original definition. Spot 

intensity indicates the percentage of differentially expressed transcripts changing in the 

direction shown, from the total number of transcripts detected for that module. Spot color 

indicates polarity of the change (red, overrepresented; blue, underrepresented). 

 
Results 
 

To identify a TB-specific transcriptional signature, we compared the microarray 

TB data generated by our collaborators with those of other inflammatory diseases from 

our database. Our first goal was to perform an analysis of significance (Chaussabel et al., 

2005) in active TB and in a variety of infectious and inflammatory diseases. Our 

laboratory had successfully applied this approach to identify a diagnostic blood signature 

in sJIA (Allantaz et al., 2007). Whole blood transcriptional changes were evaluated 

through statistical group comparison performed for active TB, group A Streptococcus 

infection, Staphylococcus infection, Still’s disease, and pediatric and adult SLE against 

their respective healthy controls. In each dataset, data from each group were normalized 
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M2.6) and interferon (M3.1) modules. As expected, the IFN module (M3.1) was 

upregulated in patients with SLE, but not in patients with infections by group A 

Streptococcus or Staphylococcus, or in Still’s disease patients. In turn, Still’s disease 

showed over-representation of the neutrophil-related module (M2.2).  

 
Discussion 
 

Blood gene expression profiling of active and latent TB compared to healthy 

controls identified a TB blood transcriptional signature dominated by IFN inducible 

genes that correlated with pulmonary involvement. Type I IFNs were first described to 

protect the host from viral infections (Isaacs & Lindenmann, 1957); but it has become 

increasingly evident that this family of cytokines may favor growth of intracellular 

bacterial pathogens (Decker et al., 2005; Malireddi & Kanneganti, 2013; Rayamajhi et al., 

2010). Our study showed that M. tuberculosis induced strong type I INF responses that 

could be detected in the patient’s blood. This response which correlated with the extent of 

pulmonary involvement , supports that type I IFNs play an important role in TB 

pathogenesis (Antonelli et al., 2010). In mice, knocking out of the IL-1 receptor (Il1r1-/-) 

increases susceptibility to M. tuberculosis infection (Mayer-Barber et al., 2010) and IL-1 

has a direct effect on M. tuberculosis death in both humans and mice (Jayaraman et al., 

2013). Most recently, type I IFN and IL-1 have been suggested to counter-regulate each 

other to control M. tuberculosis infection (Mayer-Barber et al., 2014; Reboldi et al., 2014) 

Transcriptional profiles of about 10 to 25% of latent TB patients were found to be 

similar to those of active TB (Berry et al., 2010). This represents the expected percentage 

of latent TB patients who progress to active TB (Barry et al., 2009). These data suggest 

that blood transcriptional analysis could be applied to monitor disease activity and 
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efficacy of treatment and to predict risk of progression from latent to active TB, therefore 

allowing the initiation of early treatment. 
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Genomic Studies on Auto-Inflammatory Diseases 
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HOIL-1 Deficiency 
 
 
Introduction 
 

Auto-inflammatory diseases cause systemic inflammation due to activation of the 

innate immune system in the absence of auto-antibodies and self-reactive T cells. Genetic 

dissection of a growing group of auto-inflammatory diseases has revealed an important 

role of proinflammatory cytokines, such as IL-1β and TNF- as both mediators of 

pathogenesis and therapeutic targets. Examples of these diseases include TNF receptor-

associated periodic fever (TRAPS), which is caused by mutations in TNFRSF1A and 
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results in the enhanced activation of mitogen-activated protein kinases (MAPKs) and the 

secretion of pro-inflammatory cytokines. Cryopyrin-Associated Periodic Syndromes 

(CAPS) are caused by mutation in NLRP3 (or CIAS1), which controls the production of 

cryopyrin, a protein that regulates cleavage of pro-IL1 into the active form of this 

cytokine. Three subtypes of CAPS have been described: Familial Cold Autoinflammatory 

Syndrome (FCAS), Muckle-Wells Syndrome (MWS) and Neonatal-Onset Multisystem 

Inflammatory Disease (NOMID) (also called Chronic Infantile Neurologic Cutaneous 

Articular, or CINCA, Syndrome). Other auto-inflammatory diseases include Familial 

Mediterranean fever (FMF, mutation in MEFV), Mevalonate kinase deficiency (MVK, 

mutation in MVK), deficiency of IL-1 receptor antagonist (DIRA, mutation in IL1RN), 

and PAPA syndrome (mutation in CD2BP1/PSTPIP1). All patients with auto-

inflammatory diseases share recurrent episodes of fever, skin rash and organ 

inflammation (Yao & Furst, 2008). 

A collaborative study led by Drs. Capucine Picard and Jean-Laurent Casanova 

reported a new human inherited disorder characterized by a combination of auto-

inflammatory symptoms and pyogenic bacterial infections due to mutations in HOIL1 

(also known as RBCK1). Loss of function in HOIL gene resulted in impaired NF-κB 

activation in fibroblasts and B cells (Boisson et al., 2012). To understand the dichotomy 

of autoinflammation and immunodeficiency in the same individual, we performed 

transcriptional profiling of fibroblasts and blood cells from a patient with HOIL-1 

deficiency compared with healthy controls and patients with other well-defined auto-

inflammatory diseases.  
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Methods 
 
 

Sample collection. Healthy donors were recruited at Baylor University Medical 

Center, Texas Scottish Rite Hospital, and Children’s Medical Center, Dallas TX. Patients 

were recruited at Necker-Enfants Malades Hospital, Paris, France. The studies were 

approved by the Institutional Review Board that governs each institution. Informed 

consents were obtained from all patients (consent from legal representatives of all 

children and assent from patients 10-17 years of age). Blood samples for gene expression 

analysis were collected in Tempus tubes and either immediately delivered to Baylor 

Institute for Immunology Research at room temperature or stored at −20 °C before 

shipping and processing. RNA was isolated from whole blood lysates using a MagMax 

total RNA extraction kit (Applied Biosystems) and isolated total RNA was then globin-

reduced using the GLOBINclear 96-well format kit (Applied Biosystems/Ambion) 

according to the manufacturer’s instructions. Total and globin-reduced RNA integrity 

was assessed using an Agilent 2100 Bioanalyzer showing a quality of RNA integrity 

number of 7–9.5 (Agilent Technologies). RNA yield was assessed using a NanoDrop 

1000 spectrophotometer (NanoDrop Products, Thermo Fisher Scientific). Biotinylated, 

amplified antisense complementary RNA (cRNA) targets were then prepared from 200 to 

250 ng of the globin-reduced RNA using the Illumina CustomPrep RNA amplification kit 

(Applied Biosystems/Ambion). Labeled cRNA was hybridized overnight to Illumina 

Human HT-12 BeadChip arrays (Illumina), which contained more than 47,000 probes. 

The arrays were then washed, blocked, stained and scanned on an Illumina BeadStation 

following the manufacturer’s protocols. Illumina GenomeStudio software (Illumina) was 

used to generate signal intensity values from the scans. 
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Microarray analysis. Illumina GenomeStudio software was used to subtract 

background and scale average signal intensity for each sample to the global average 

signal intensity for all samples in each dataset. A gene expression analysis software 

program, GeneSpring (Agilent Technologies), was used to perform further normalization. 

All signal intensity values less than 10 were set to equal 10. Next, baseline transformation 

was applied, by dividing the signal intensity of each probe in each sample by the median 

intensity for that probe across all the control samples. Normalized data were used for all 

downstream analyses. Using Genespring, all transcripts were filtered first to select 

detected transcripts: those called ‘present’ in at least 1 sample. Present calls were selected 

if the signal precision was less than 0.01. Transcripts meeting the filtering criteria were 

then subjected to subsequent analysis using GeneSpring. Fold change (>2) analysis was 

used to identify transcripts that were dysregulated in the HOIL-1 deficient patient. 

 
Modular analysis. Transcriptional modular analysis was performed as described 

previously (Banchereau et al., 2012; Chaussabel & Baldwin, 2014). The modular 

framework was derived using Illumina platform. For HOIL-1 patients, single sample T-

test was used to generate module map. Spots are aligned on a grid, in which each position 

corresponds to a different module based on their original definition. Spot intensity 

indicates percentage of differentially expressed transcripts changing in the direction 

shown, from the total number of transcripts detected for that module. Spot color indicates 

polarity of the change (red, overrepresented; blue, underrepresented). 
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Results 
 

The transcriptional signature of one patient with HOIL-1 deficiency was 

compared with those from patients with various genetically determined auto-

inflammatory disorders, including CAPS disorders (CINCA/NOMID) (2 patients), MWS 

(5 patients) and MVK deficiency (2 patients). In the HOIL-1 deficient patient we 

observed a total of 2,900 transcripts at least two-fold upregulated or downregulated 

compared to healthy controls (Figure 13A). Modular analysis demonstrated distinct up-

regulation of erythroid lineage-related and ubiquitination-related transcripts that 

differentiated the pattern of gene expression in blood cells from this patient from those of 

patients with NLRP3 and MVK mutations (Figure 13B). Transcripts encoding pro-

inflammatory cytokines IL-6, IL-6R and IL-6ST were also upregulated in the patient's 

blood ex vivo (Figure 13C). 

 
Discussion 
 

HOIL-1 deficiency is identified as the cause of a new clinical entity combining 

invasive pyogenic bacterial infections, systemic auto-inflammation and amylopectin-like 

deposits in muscles (Boisson et al., 2012). HOIL-1 is one of the components of LUBAC, 

an E3 ligase complex that has been shown to add head-to-tail linear polyubiquitin chains 

to substrate proteins (Iwai & Tokunaga, 2009; Tokunaga et al., 2009). HOIL-1-deficient 

human fibroblasts display impaired NF-B activation resulting in lower levels of NF-B-

driven gene transcription and cytokine production in response to TNF- and IL-

1suggesting human HOIL-1 is required for TNF-- and IL-1-induced NF-B 

responses, at least in fibroblasts (Boisson et al., 2012). However, analysis of whole blood 

microarray data from one HOIL-1 deficient patient suggested overexpression of 
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Blau Syndrome 
 
 
Introduction 
 

Blau syndrome (Blau) is an inflammatory disease that affects the skin, joints, and 

eyes. It is characterized clinically by the triad of granulomatous dermatitis, symmetric 

arthritis and recurrent uveitis, and histologically by the presence of noncaseating 

epithelioid granulomas in the affected sites (Janssen et al., 2012). Genetic studies have 

shown that the disease results from mutations in the nucleotide-binding domain of the 

NOD-2 (CARD15) gene which plays a role in immune responses to intracellular bacterial 

lipopolysaccharides (LPS) by activating the NF-κB genes. Pathogenesis of Blau 

syndrome is not well known but is believed to belong to a spectrum of auto-inflammatory 

disorders, for which IL-1 inhibition is now an effective treatment option.  

We collaborated with Dr. Rolando Cimaz from Azienda Ospedaliero-

Universitaria Meyer, (Florence, Italy), to monitor transcriptional changes of a Blau 

patient before and after treatment with an IL-1 inhibitor. The patient was diagnosed as 

Blau syndrome based on manifestation of typical clinical features, histologic evidence of 

noncaseating granulomas, and a heterozygous NOD2 mutation (Simonini et al., 2013).  

 
Methods 
 

Healthy donors were recruited at Baylor University Medical Center, Texas 

Scottish Rite Hospital, and Children’s Medical Center, Dallas TX. Blau patient was 

recruited at Azienda Ospedaliero Universitaria Meyer, Florence, Italy. The studies were 

approved by the institutional review board of all the institutions. Informed consents were 

obtained from all patients (legal representatives and patients over 10 years of age). 
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Sample collection, microarray analysis and modular analysis were performed as before. 

Network analysis was performed with Ingenuity pathway analysis (IPA). 

 
Results 
 

Gene expression profiling of the blood of an untreated Blau sample compared 

with 4 healthy controls revealed the differential expression of 1,993 transcripts, of which 

496 were upregulated and 1,497 were downregulated (Figure 14A). Modular analysis 

revealed that inflammation and interferon-inducible modules were upregulated, and 

adaptive immunity–related modules were highly suppressed. Interestingly, IL-1 blockade 

led to the normalization of most of these transcriptional changes except for those related 

to neutrophils, for which up-regulation was maintained throughout the follow-up period 

(Figure 14B). Among the upregulated transcripts, pathway analysis confirmed that the 

predominant network consisted of innate immunity–related transcripts (Figure 15). 

Transcripts encoding inflammasome-related molecules (e.g., AIM2, NLRC4, NAIP, 

NLRP1, CASP4, and CASP5) were upregulated together with IL-1, Toll-like receptor 2, 

and neutrophil-related transcripts.  

We next compared the transcriptional profile of the patient's blood at baseline 

(before treatment) with profiles of blood samples from 21 patients with IL-1 mediated 

sJIA, which is known to respond to treatment with IL-1 blockade (Quartier et al., 2011). 

The transcriptional signature of the patient mostly overlapped with that of sJIA patients 

(Figure 16A). Among transcripts that were upregulated in the patient with Blau syndrome 

but not in patients with sJIA, we identified a network centered around acyl-coenzyme A 

oxidase 1, leptin receptor, and retinoic acid receptor (RXRG), that normalized upon 

initiation of IL-1 blockade (Figure 16B). 
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found in myeloid cells including monocytes, mDCs and neutrophils (Forsbach et al., 

2008; Janke et al., 2009). TLR8 has been reported to play a role in autoimmune diseases, 

such as rheumatoid arthritis (Sacre et al., 2008) and multiple sclerosis (T. P. Johnson et 

al., 2013). However, it has been difficult to study TLR8 in mouse models because murine 

TLR8 does not respond to the same kind of ligand stimulation (Gorden et al., 2006; 

Hemmi et al., 2002).  

To study the function of human TLR8 (huTLR8), we collaborated with Drs. 

Cristiana Guiducci, Robert Coffman and Franck Barrat at Dynavax. Our collaborators 

generated transgenic mice expressing the huTLR8 gene under the huTLR8 promoter 

(Guiducci et al., 2013). It was found that expression of huTLR8 in mice promotes 

development of multi-organ inflammation through activation of DCs, up-regulation of 

co-stimulatory molecules and Th1 skewing responses. Mice with high expression levels 

of huTLR8 spontaneously developed pancreatitis and eventually arthritis, while those 

with low level huTLR8 expression were more susceptible to collagen-induced arthritis. 

Indeed, huTLR8 was required for progression of arthritis (Guiducci et al., 2013; Masters 

et al., 2009).  

sJIA is a chronic rheumatic disease characterized by initial systemic symptoms, 

mainly fever and rash, which eventually evolves into an arthritic phase. Pathogenesis of 

sJIA remains unknown. Our laboratory has previously shown that innate immunity 

cytokines, especially IL-1, play an important role in the pathogenesis of sJIA, which is 

often classified as an autoinflammatory disease (Ciccarelli et al., 2013; Masters et al., 

2009). Based on findings that huTLR8 could exacerbate arthritis in a murine model, we 
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examined blood gene expression levels of TLR8 in patients with sJIA and its adult 

counterpart – Still’s Disease. 

 
Methods 
 

Healthy donors and patients were recruited at Baylor University Medical Center, 

Texas Scottish Rite Hospital, and Children’s Medical Center, Dallas TX. The studies 

were approved by the institutional review board of all the institutions. Informed consents 

were obtained from all patients (legal representatives and patients over 10 years of age). 

Sample collection, microarray analysis were performed as before. 

 
Results 
 

Microarray data of sJIA and Still’s disease were used to extract TLR8 gene 

expression levels. These levels were increased significantly in patients with sJIA (before 

treatment) (Figure 17A) and its adult equivalent - Still’s disease (Figure 17B).  

Our laboratory has shown previously that sera from sJIA patients induced an 

increased expression of IL1-related genes in healthy blood cells, and that blockade of IL-

1 could be used to treat sJIA patients successfully (Pascual et al., 2005; Quartier et al., 

2011). We observed that treatment with Anakinra (IL-1 receptor antagonist), normalized 

TLR8 mRNA expression levels. We also found that expression levels of TLR8 correlated 

positively with those of IL-1β in both pediatric and adult patients (Figure 18A). This was 

not the case, however, for other transcripts such as TLR7 or TLR9 (Figure 18B).  
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Discussion 
 

Human TLR8 recognizes ssRNA viruses and triggers potent anti-viral and 

antitumor immune responses upon ligation with synthetic ligands (Cervantes et al., 2012; 

Heil et al., 2004). It has been difficult, however, to study the role of TLR8 in depth 

because murine TLR8 does not respond to ligand stimulation due to lack of a five-

amino-acid motif that is conserved in non-rodent species (Liu et al, 2010). The role of 

TLR8 in inflammation is mainly inferred from data on TLR7, which also detects ssRNA 

in the endosome. However, TLR8 is highly expressed in human monocytes, mDCs and 

neutrophils, while TLR7 is co-expressed with TLR9 in B cells and pDCs (Guiducci et al., 

2013). The observation that mice with high expression levels of human TLR8 

spontaneously developed arthritis led us to investigate TLR8 expression levels in patients 

with arthritis, such as sJIA. TLR8 polymorphisms has been shown to associate with 

rheumatoid arthritis (Y. H. Lee et al., 2013). Here, we demonstrated that TLR8 mRNA 

expression was elevated in the blood of sJIA and Still's patients, and TLR8 expression 

levels correlated with increased expression of IL-1β, which is an important mediator of 

arthritis in these patients. Together with data from our collaborators in the mouse, these 

studies identified TLR8 as a potential key player in autoinflammation. Furthermore, our 

transcriptional analysis suggests a link between TLR8 and disease activity in patients 

with IL1-mediated arthritis. These findings may help expand the spectrum of potential 

therapeutic targets in these diseases. 
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CHAPTER FIVE 
 

Genomic Studies on Kawasaki Disease 
 
 

Introduction 
 
 
Background 
 

Kawasaki disease (KD) is a rare condition that causes inflammation of the blood 

vessels in children. In the United States, KD is one of the leading causes of acquired heart 

disease in the pediatric age group. The pathogenesis of KD is poorly understood and its 

trigger(s) has not been determined. Clinically, the disease affects the mucous membranes, 

lymph nodes, walls of small/medium size blood vessels, and the heart muscle. Among 

blood vessels, KD especially affects the coronary arteries in the form of coronary artery 

aneurysms (CAA), which may lead to myocardial infarction. No tests are currently 

available to diagnose KD. Instead, the diagnosis requires the fulfillment of a set of 

clinical criteria. High dose intravenous gamma globulin (IVIG) is the standard treatment, 

but >10 d delay in initiation of this non-specific form of therapy might lead to permanent 

damage to the coronary arteries in the majority of patients. Because symptoms are non-

specific and shared by any pediatric febrile illnesses, there is an important need to 

develop robust biomarkers for early diagnosis of KD. 

 
Clinical Manifestation and Diagnosis of KD 
 

KD evolves through four stages: acute febrile, subacute, convalescent, and 

chronic(Jamieson & Singh-Grewal, 2013). The acute febrile phase is characterized by 

permanent fever, usually higher than 102 oF. During this phase, which lasts 1-2 weeks 
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without treatment, the main clinical features of Kawasaki disease, which are used as 

clinical diagnostic criteria, are observed. These include diffuse mucosal inflammation 

(especially involving lips and tongue), bilateral nonpurulent conjunctivitis, dysmorphic 

skin rashes, indurative angioedema over the hands and feet, and cervical 

lymphadenopathy. In addition to the diagnostic criteria, there is a broad range of 

nonspecific clinical features, including irritability, uveitis, aseptic meningitis, cough, 

vomiting, diarrhea, abdominal pain, gallbladder hydrops, urethritis, arthralgia, arthritis, 

hypoalbuminemia, liver function impairment, and heart failure. The American Heart 

Association (AHA) criteria for KD diagnosis are listed in Table 2. 

 
Table 2 Diagnostic criteria of KD 

Epidemiological case definition 

Fever >5 days and at least 4 of the following 5 

Bilateral nonsuppurative conjunctivitis 

One or more changes to the mucous membranes including pharyngeal injection, dry 
fissured lips, injected lips, and strawberry tongue 

Indurative angioedema of the hands and feet including peripheral erythema, peripheral 
edema, periungual desquamation, and generalized desquamation 

Dysmorphous skin rashes 

Acute nonpurulent cervical lymphadenopathy >1.5 cm in diameter 

 
 

When fever and other clinical signs start to disappear, the subacute phase begins. 

During this phase, the child is at greatest risk for sudden death because of coronary 

vasculitis in combination with a markedly elevated platelet count and hypercoagulable 

state. The convalescent phase begins at around weeks 4 to 6 when all signs of illness have 

disappeared, and it continues until acute phase reactants have returned to normal. The 
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chronic phase encompasses the long-term management of children in whom coronary 

artery abnormalities develop.  

However, some patients do not fulfill the clinical criteria outlined in Table 2 and 

might be diagnosed with “incomplete” or “atypical” KD in the absence of infections 

and/or other febrile disease causes. This diagnosis is usually based on echocardiographic 

identification of CAA. In general, up to 15 -20% of KD patients are classified as atypical. 

The incidence of CAA in patients with 4/5 clinical criteria of KD is slightly higher than 

in patients with >4 of them. These patients require the same treatment as patients with 

complete KD. Common supplementary criteria for the diagnosis of incomplete KD were 

introduced by the AHA in 2004 (Table 3). Incomplete KD is more common in infants 

than in older children, and although non-diagnostic, the laboratory results of incomplete 

KD cases are similar to those of complete KD (Figure 19). Echocardiography is often 

used in evaluating these children and in making treatment decisions. If patients develop 

coronary artery abnormalities, KD can be diagnosed even in the absence of full criteria. 

 
Table 3 Supplementary criteria for incomplete KD 

Epidemiological case definition 

Fever of >5 d associated with 2 or 3 clinical criteria 

C-reactive protein >3.0 mg/dL and/or erythrocytee sedimentation rate >40 mm/h with 
the following criteria 

(1) albumin <3.0 g/dL 

(2) anemia for age 

(3) elevation of alanine aminotransferase 

(4) platelets after 7 d > 450,000/mm3 

(5) white blood cell count > 15,000/mm3 

(6) urine > 10 white blood cells/high-power field 
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or long-term management depends on the presence and extent of coronary artery changes 

and focuses on the prevention of myocardial ischemia and infarction.  

 
Intravenous immunoglobulin (IVIG).  All KD patients should be treated with 

high-dose intravenous immunoglobulin (IVIG) within the first 10 days of illness. IVIG 

are sterile and purified pooled immunoglobulin G (IgG) from plasma of thousands of 

healthy donors. IVIG typically contains more than 95% unmodified IgG, which has intact 

Fc-dependent effector functions, and only trace amounts of immunoglobulin A (IgA) or 

immunoglobulin M (IgM) (Rutter & Luger, 2001). It was first used for the treatment of 

primary immunodeficiency and secondary immunodeficiency syndromes (Buckley & 

Schiff, 1991). Besides replenishing serum immunoglobulin levels and providing life-

saving protection from infection (Schwab & Nimmerjahn, 2013), IVIG is commonly used 

for the treatment of patients with various chronic and acute autoimmune and 

inflammatory diseases (Ballow, 2011) because at high doses this form of therapy shows 

strong anti-inflammatory effects. Several mechanisms of action have been proposed to 

explain these effects (Schwab & Nimmerjahn, 2013), including inhibition of complement 

deposition (Basta et al., 1989), induction of anti-idiotypic antibodies in IVIG (Malik et al., 

1996), enhancement of inhibitory FcγRIIb signaling on regulatory macrophages 

(Samuelsson et al., 2001), saturation of neonatal FcR to enhance autoantibody clearance 

(Hansen & Balthasar, 2002), increased regulatory T cell involvement (Ephrem et al., 

2008), and FcR blockade (Ballow, 2011). Modulation of cytokines, chemokines, 

adhesion and pro-apoptotic molecules might also play a role. In 2011, a study described a 

novel mechanism of action for IVIG based on studies in an animal model of arthritis 

(Anthony et al., 2011). Thus, the presence of α 2,6-linked terminal sialic acid residues in 
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the Fc region of IgG was proposed to engage the C-type lectin receptor SIGN-R1 (or DC-

SIGN in humans) on myeloid regulatory cells, which induces the secretion of Interleukin 

33 (IL-33). IL-33 enhances the expansion of basophils, which express interleukin 4 (IL-4) 

resulting in the increased expression of the inhibitory Fc receptor FcγRIIb on regulatory 

macrophages and the suppression of the inflammatory response. A most recent study also 

supported that the anti-inflammatory effect of IVIG was dependent on IgG Fc but not 

F(ab’)2 fragments. However, removal of sialic acid residues by neuraminidase had no 

impact on the anti-inflammatory activity of IVIG or Fc fragments. After depleting 

basophils, suppression of arthritis in an animal model by IVIG remained the same 

suggesting that basophils were not required for the action of IVIG (Campbell et al., 2014).  

In the acute phase of KD, it is known that IVIG administration is very effective at 

reducing the incidence of coronary artery abnormalities (Newburger et al., 1991). In 

general, KD patients are treated with a single dose of IVIG (Newburger et al., 2004) 

preferably within 10 days of fever onset to avoid CAA. Late treatment with IVIG (> 5 d 

since fever onset) may be associated with an increased need for IVIG re-treatment (Fong 

et al., 2004). If patients are left untreated after 10 days of illness, the risk of CAA 

increases. If after 10 days of illness patients have either persistent fever without 

explanation or aneurysms and ongoing systemic inflammation (manifested by elevated 

ESR or CRP), IVIG should be administered to these delayed diagnosis/incomplete KD 

cases (Anderson et al., 2005; Minich et al., 2007). Even after IVIG treatment within 10 

days since disease onset, up to 20% of patients will show persistent or recurrent fever for 

36 hours or more. In these patients with incomplete response, a second dose of IVIG is 

recommended.  
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Aspirin. Aspirin has been used in the treatment of KD for many years, even before 

the advent of IVIG (Akagi et al., 1990). Aspirin is often used together with IVIG and has 

long been a standard part of therapy for Kawasaki disease (Newburger et al., 2004). It is 

known that high dose aspirin shortens the duration of fever. However, comparison of 

anti-inflammatory low-dose of aspirin (30–50 mg/kg/day) with high-dose (80–120 

mg/kg/day) combined with IVIG found no significant difference in the incidence of CAA 

between the groups (Terai & Shulman, 1997). Absence of aspirin therapy in the acute 

phase has no influence on the response to IVIG, resolution of inflammation, or the 

development of CAA (G. Lee et al., 2013). So the efficacy of high-dose aspirin in the 

treatment of acute phase of KD remains controversial. 

 
Corticosteroids. Corticosteroids are effective in controlling inflammation in many 

chronic inflammatory diseases. It is therefore natural to consider them for KD treatment. 

However, the usefulness of steroids in the initial treatment of KD is not well established 

(Newburger et al., 2004). Single-pulsed dose of intravenous methylprednisolone (IVMP) 

as primary treatment does not improve the outcome, compared to conventional IVIG 

therapy of KD (Newburger et al., 2007). However, when applied to KD patients 

refractory to initial IVIG treatment, IVMP therapy seems to be beneficial in reducing 

fever duration (Furukawa et al., 2008; Miura et al., 2008). Therefore, IVMP or a second 

dose of IVIG should be prescribed to KD patients with fever and marked inflammation 

persisting 48 hours after initial IVIG treatment (Newburger et al., 2007).  

 
Anti-tumor necrosis factor-α.  Serum TNF-α is elevated in KD patients, and 

higher levels correlate with the development of CAA, suggesting a role for TNF-α 
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receptor blocking in the treatment of KD, especially for those patients/cases refractory to 

IVIG (Matsubara et al., 1990; Maury et al., 1989). The most commonly used agent is 

infliximab, a chimeric murine/human IgG1 monoclonal antibody specifically binding 

TNF-α. The early administration of TNF-α receptor antagonist in KD may provide 

effective adjunctive therapy. Infliximab has been evaluated in several studies and shows a 

significant effect in KD patients with IVIG resistance (Burns et al., 2008; Oishi et al., 

2008). A phase 3 clinical trial suggested that treatment with Infliximab was safe and well 

tolerated and it reduced the size of the left coronary artery, duration of fever and 

laboratory markers of inflammation, however, the addition of infliximab to primary IVIG 

treatment in acute Kawasaki disease did not reduce treatment resistance (Tremoulet et al., 

2014). Thus, there is a need for more specific targeted therapies to prevent and treat 

resistant KD patients. 

 
Animal Models of KD 
 

One of the main challenges in understanding the pathogenesis of KD is the 

difficulty in acquiring relevant tissues such as CA, as most KD cases are not fatal. To 

help understanding KD pathogenesis, animal models were developed more than 30 years 

ago. To date, two major KD animal models recapitulate the changes observed in humans.  

 
Injection of extracts from Candida albicans. In 1979, it was first reported that 

intraperitoneal injection of Candida albicans-derived substance (CADS) induced 

coronary arteritis in mice (Murata, 1979). Subsequent studies suggested that the water-

soluble polysaccharide fraction (CAWS) of Candida albicans extract could induce similar 

or even stronger vasculitis (Kurihara et al., 2003; Nagi-Miura et al., 2006). The model 
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mimics the histopathology and the main immunological features of children with KD, but 

CAWS induces inflammation only in certain murine stains, such as C57BL/6 and DBA/2 

(Hirata et al., 2012; Takahashi et al., 2004). CAWS induce the production of many 

cytokines such as IL-6, TNF-α, and IFN-γ in mice (Nagi-Miura et al., 2006). Furthermore, 

as observed in KD patients, the induced vasculitis responds to IVIG therapy (Takahashi 

et al., 2010). Recently, different immunosuppressing drugs were tested in the CAWS-

induced model. These studies demonstrated that the TNF inhibitor etanercept had a 

stronger effect in reducing vasculitis than IVIG, methylprednisolone and cyclosporine, 

suggesting that TNF-α plays a pivotal role in CAWS-induced KD mouse model (Ohashi 

et al., 2013).  

 
Injection of extracts from Lactobacillus casei. Another widely used mouse model 

of KD was developed by injection of Lactobacillus casei cell wall extract (LCWE), 

which resulted in coronary arteritis (Lehman et al., 1985). Similar to both the CAWS 

mouse model and KD patients, LCWE-induced coronary arteritis is also responsive to 

treatment with intravenous immunoglobulin (IVIG) (Lau, Duong, Ito, & Yeung, 2009; 

Newburger et al., 2004). T-cell activation, over-production of TNF and upregulation of 

MMP-9 have been shown to lead to arteritis in the LCWE induced mouse model (Duong 

et al., 2003; Lehman et al., 1985; Lehman et al., 1988). Subsequent studies demonstrated 

that blockade of TNF- and MMP9 was beneficial to suppress LCWE-induced arteritis 

(Burns et al., 2008; Lau, Duong, Ito, Wilson, et al., 2009; Portman et al., 2011). A recent 

study using LCWE mouse model demonstrated that bone marrow derived macrophages 

secreted high level of IL-1 and TNF-, and the mice with impaired IL-1 pathway failed 

to develop arteritis lesions, and blockade of either IL-1 or TNF- successfully inhibited 
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LCWE-induced vasculitis. Interestingly, reduction of myocarditis was only observed with 

blockade of IL-1, but not blockade of TNF- (Lee et al., 2012).Thus, IL-1 seems to 

play a critical role in coronary arteritis and myocarditis development in the LCWE mouse 

model.  

 
Genetic Factors 
 

KD is more common in children from Asia, particularly Japan, China and Korea 

compared to western countries (Holman et al., 2010). Incidence rates of KD in Japanese 

children are approximately ten-fold higher than those in Caucasian children, and this 

higher incidence remains the same for Japanese immigrants living in the USA. These 

findings strongly support a genetic predisposition for KD (Nakamura et al., 2012). Indeed, 

GWAS studies have provided potential candidate loci, either as predisposing to KD or 

increasing CAA risk. In 2008, a genetic study identified a polymorphism in ITPKC, a 

negative regulator of T-cell activation, as associated with both KD susceptibility and 

increased risk of coronary artery lesions in both Japanese and American children 

(Onouchi et al., 2008). Because activated CD8 T-cells are present in affected tissues, it 

has been suggested that blocking these cells using calcineurin inhibitors might help 

controlling inflammation in KD (Tremoulet et al., 2012). The TGF-β signaling pathway 

has also been found to be associated with KD. Thus, SNPs in TGF-β2, TGF-βR2, and 

Mothers against decapentaplegic homolog 3 (SMAD3) contribute to risk of CAA 

formation (Shimizu et al., 2011). SMAD3 mediates signals from TGF-β superfamily 

ligands that regulate cell proliferation, differentiation and death (Moustakas et al., 2001). 

Mutations in SMAD3 lead to increased aortic expression of key players in the TGF-β 

pathway and are associated with a syndromic form of aortic aneurysm (van de Laar et al., 
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2011). A GWAS performed with Japanese children identified genetic variations in the 

gene encoding Caspase 3 (CASP3), a multifunctional protein that, together with TGF-β, 

modulates T-cell differentiation and activation (Onouchi et al., 2010). The TGF-β 

signaling pathway points towards the relevance of in myofibroblasts in KD vessel wall 

damage (aneurysm formation). GWAS also recently identified a nonsynonymous SNP in 

FCGR2A as influencing disease susceptibility in KD subjects of European and Asian 

descent (Khor et al., 2011; Shrestha et al., 2012). The involvement of FCGR2A in 

susceptibility to KD supports the importance of IgG receptors in disease pathogenesis and 

might provide a biological basis for the use of IVIG to treat KD. Next generation 

sequencing (NGS), including whole exome/genome sequencing, might permit the 

identification of many more KD predisposing genetic factors.  

 
KD Pathogenesis 
 
 

Inflammatory cell infiltrate. While in KD blood neutrophils are the predominant 

inflammatory cell type, few of these cells are found within the inflammatory infiltrate in 

KD tissues (Amano et al., 1980). Most infiltrating cells are in turn large mononuclear 

cells, lymphocytes, macrophages and plasma cells (Brown et al., 2001). More CD8+ T 

cells are found compared to CD4+ T cells in the inflamed arterial wall (Yilmaz et al., 

2007), and this may indicate an immune response to an intracellular pathogen. Activated 

myeloid dendritic cells are also present and co-localize with CD3 T lymphocytes (Yilmaz 

et al., 2007). Interestingly, while both IgG and IgM plasma cells are found in the arterial 

wall, IgA plasma cells predominate (Rowley et al., 2000). IgA is mainly produced in 

response to mucosal antigens and IgA plasma cells are not usually found in arterial tissue. 
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al., 2004). In addition, increased expression of vascular endothelial growth factor 

(VEGF), transforming growth factor-β (TGF-β), matrix metalloproteinases (MMPs), 

platelet-derived growth factor (PDGF), and endothelin has been reported in KD (Ebata et 

al., 2011; Gavin et al., 2003; Morise et al., 1993; Senzaki, 2008; Suzuki et al., 2000; H. 

Wang et al., 1998; Yasukawa et al., 2002). Figure 20 shows representative 

echocardiogram and histopathological changes from a KD patient displaying evidence of 

expression of VEGF and TGF-β within the arterial walls (Senzaki, 2008).  

 
Platelet derived growth factors . In 1998, it was first reported that KD serum 

induced expressions of PDGF proteins in vascular endothelial cells and endothelial 

conditioned media promoted mRNA expression of PDGF receptors (H. Wang et al., 

1998). VEGF and PDGF belong to the same superfamily of signaling molecules (Vitt et 

al., 2001) and both of them have been suggested to get involved in the pathogenesis of 

KD (Harada et al., 2008). Migration and proliferation of vascular smooth muscle cells 

(VSMC) have been suggested to link to various vascular diseases (Holvoet & Sinnaeve, 

2008; Schwartz, 1997; Willis et al., 2004). PDGF plays an important role in mitogenesis 

and differentiation of VSMC (Blank & Owens, 1990; Risinger et al., 2010; Yamaguchi et 

al., 2001). Inhibition of PDGF signaling pathway was able to inhibit arterial stenosis and 

neointima formation following carotid artery injury (Yamasaki et al., 2001; Yu et al., 

2001), and knockout of PDGFR-β in VSMC showed similar results (Buetow et al., 2003).  

The PDGF are a family of dimeric disulfide-bound growth factors with 4 

members (PDGF-A, B, C and D). The PDGF dimers activate 2 structurally related 

tyrosine kinase receptors the PDGF-R and PDGF-R receptors. These 4 members are 

able to homo-dimerize and chains A and B can hetero-dimerize to form 5 different 
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In addition to cytokines and chemokines, secreted enzymes such as MMPs can 

destroy collagen and elastin fibers and weaken the structural support of the arterial wall. 

Growth factors induce the migration and proliferation of intimal smooth muscle cells and 

are also involved in increasing vascular permeability and causing coronary artery dilation. 

A proposed mechanistic model of CAA formation in KD is illustrated in Figure 22 

(Rowley et al., 2008).  

 
KD agent. The search for an environmental “agent” causing KD has going on for 

decades. Although the findings described above suggest that an infectious agent, such as 

a virus, results in an activated immune responses and a cascade of inflammation that 

involves the blood vessels, the ultimate etiology of KD remains unclear. Many possible 

causative agents have been suggested, but none has been confirmed. Among them, it has 

been hypothesized that a bacterial toxin causes KD (Lloyd et al., 2001) because of the 

clinical overlap between KD and staphylococcal or streptococcal toxin-mediated illnesses. 

Furthermore, at the molecular level, many common cytokines are upregulated in the 

serum of patients with acute KD and bacterial infectious diseases. Another piece of 

evidence supporting an infectious agent in KD pathogenesis comes from a study linking 

seasonal variations in wind patterns with fluctuations in KD case numbers across the 

Pacific ocean from Japan to the United States (Rodo et al., 2011). These hypotheses 

remain unproved in part due to the inherent difficulty as accessing the most important 

target tissue of the disease, the coronary artery. A simplified pathogenesis model of KD 

(Rowley et al., 2008) was proposed in 2008 (Figure 23)  

 
 





82 
 

Blood Sample Collection 
 

Blood samples for gene expression analysis were collected in Tempus tubes or 

Paxgen tubes and delivered to Baylor Institute for Immunology Research, Dallas, TX and 

stored at -20 oC before processing. For fresh peripheral blood mononuclear cells (PBMC) 

extraction, the blood was obtained in ACD tubes (BD Vaccutainer). 

 
PBMC Culture and RNA Extraction 
 

Fresh PBMCs were isolated via Ficoll gradient. Cells were lysed in RLT lysis 

buffer containing 1% β-mercaptoethanol (QIAGEN). Healthy PBMCs were cultured in 

RPMI 1640 with 20% autologous or patient sera with or without PDGFC (10ng/ml), 

Anakinra (1ug/ml) or anti-PDGFC (3ug/ml) for 6 hours and RNA was extracted. pDCs, 

mDCs and monocytes were purified from a healthy donor's buffy coats. Ficoll-enriched 

PBMCs were labeled with CD11c, CD1C, BDCA3, CD14 and CD16 and sorted for RNA 

extraction. Total RNA was isolated with Tempus Spin RNA Isolation Kit (Applied 

biosystems) for both PBMC and whole blood. Unwanted globin mRNA from total RNA 

(whole blood) was removed with GLOBINclear Whole Blood Globin Reduction Kit 

(Applied biosystems). Agilent 2100 Bioanalyzer (Agilent, Palo Alto, CA) was used to 

measure RNA quality. RNA was further amplified and labeled with Illumina TotalPrep 

RNA Amplification Kit (Applied biosystems). cRNA was hybridized Human HT12 

BeadChip array (IIlumina, San Diego, CA) and scanned on an Illumina BeadStation 500. 

Fluorescent hybridization signals were assessed with Beadstudio software (Illumina). 

Background subtracted Microarray data was average-scaled normalized and analyzed 

using Genespring software.  
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RT-PCR 
 

RNA samples were DNase treated with TURBO DNA-free kit (Ambion), and 

total RNA for RT-PCR analysis was further amplified due to low yields of total RNA. 50 

ng of each RNA sample was converted to cDNA using the High Capacity cDNA Archive 

kit (Applied Biosystems) in the PerkinElmer GeneAmp PCR System 9600. Quantitative 

PCR was performed on PDGFC using pre-developed primers and probe TaqMan Gene 

Expression Assays (Applied Biosystems) on the ABI Prism 7700 Sequence Detection 

System. Expression results were calculated as the difference in cycle threshold relative to 

the median of healthy donors. 

 
Results 

 
 
KD Serum Upregulates the Transcription of IL1-Related Genes in Healthy PBMCs 
 

Many pro-inflammatory factors, including cytokines, chemokines and some 

soluble receptors, are produced at sites of inflammation and released into the blood. 

Previously, we have shown that culturing healthy blood cells with serum from patients 

with inflammatory diseases induces informative changes related to potential underlying 

mechanisms of disease. Serum from Systemic onset Juvenile Idiopathic arthritis (sJIA) 

patients, for example, induces the transcription of innate immunity genes, including 

interleukin 1 (IL1), when cultured with healthy peripheral blood mononuclear cells 

(PBMCs) (Pascual et al., 2005). Using the same approach, healthy PBMCs were exposed 

to serum from 4 acute and untreated KD patients for 6 h in vitro. RNA was purified and 

hybridized to Human V4 HT-12 Illumina chips. The resulting transcriptional changes 

were normalized to those of PBMCs cultured with autologous serum. Expression levels 
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Discussion 
 

KD is a rare but potentially fatal disease. Since its description more than forty 

years ago, advancements have been made in understanding some basic aspects of its 

pathogenesis, developing animal models and, more importantly, finding that IVIG 

controls disease symptoms in up to 80% of patients. A major remaining challenge is the 

lack of specific and objective diagnostic biomarkers, which leads to delayed initiation of 

IVIG therapy and unnecessary morbidity and mortality in a number of patients. In 

addition, it is unclear how to treat patients who fail IVIG therapy. There is therefore a 

need to better understand KD pathogenesis in order to develop better diagnostic strategies 

and more specific therapies. 

Using a simple approach that in the past led us to identify the universal presence 

of IFN activity in SLE and IL1 in sJIA, we have now found that factors present in KD 

sera induce a profound transcriptional dysregulation when added to healthy PBMC. Some 

of these transcriptional alterations are reminiscent of those induced by IL17-signaling 

according to IPA analysis. Increased frequencies of both Th17 cells and IL17 protein 

have been reported in the blood of KD patients (Jia et al., 2010; Rasouli et al., 2014). The 

Th17 axis plays an important role in inflammatory cascades observed in many 

inflammatory diseases, including rheumatoid arthritis, multiple sclerosis, psoriasis, 

inflammatory bowel disease , allergy and asthma (Maddur et al., 2012; Miossec et al., 

2009; Wilke et al., 2011). Blocking differentiation of Th17 cells or inhibiting cytokines 

produced by Th17 cells are in fact successful strategies to treat patients with some of 

these diseases (Bayry et al., 2007; Hueber et al., 2010; van den Berg & Miossec, 2009). 

Expression of IL17-related cytokines and receptors is not changed, however, upon 
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culturing healthy PBMC with KD sera. Instead, several members of the IL1 family, 

including IL-1A, IL-1B and IL-1R1, are strongly induced, under these conditions. 

Additional genes encoding relevant innate immunity players such as IL-6, IL-8, CXCL10, 

TNF and NLRP3 are also upregulated. In fact, IL1b is an important cytokine in 

promoting IL-17 responses, including pathogenic ones as shown in Experimental 

Autoimmune Encephalomyelitis models (Mills et al., 2013; Sutton et al., 2006). IL-1 

signaling promotes skewing of Th17 cells by suppressing T regulatory cell markers, such 

as Foxp3, and inducing Th17 cell-specific transcription factors (Ikeda et al., 2014). 

Blocking IL17 with addition of anti-IL17 A/F antibody to KD serum has no effect, 

however, on transcriptional changes induced by these sera (unpublished data). Because 

overexpression of IL-1 related genes could be due to IL1 itself, we cultured healthy 

PBMC with recombinant IL1β in vitro. These experiments showed that most IL1b-

induced transcriptional changes (59/81) overlap with those induced by KD serum in vitro. 

Thus, KD sera seem to induce IL1-signaling, which might represent a therapeutic target. 

To complement these in vitro data, we chose next to analyze whole blood 

transcriptional profiles of children with acute KD prior to therapy. Whole blood modular 

analysis revealed upregulation of modules involved in innate immunity, such as those 

related to neutrophils (LTF, DEFA, BPI, and MMP8), inflammation (IL1R2, IL18R1, 

IL18RAP, TLR5, SOCS3, MMP9 and S100A2) and myeloid lineages (IL-1B, IL1RN, 

KCNJ15, MYD88, IL17RA, CXCR1, TNFRSF1A and IL-8RB). Persistent neutrophil 

activation has been demonstrated in acute KD (Biezeveld et al., 2005), and some 

neutrophil-derived enzymes such as MMPs are believed to play important roles in 

vascular remodeling/damage and angiogenesis, as well as in aneurysm formation. Indeed, 
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we observed that expression profiling of KD whole blood strongly overlaps with two 

bona fide IL-1 mediated diseases – sJIA and NOMID- both at the modular and gene 

expression levels. Expression of IL1-related genes is even stronger in KD compared to 

sJIA and NOMID.  

The role of IL1b signaling has been demonstrated in a murine model of KD. 

Specifically, injection of lactobacillus casei cell wall extract (LCWE) induces 

macrophage maturation and secretion of IL1β through NLRP3 inflammasome activation; 

and IL1 blockade protects these mice from developing coronary lesions (Lee et al., 2012). 

A case report of a KD patient who failed standard IVIG treatment and was successfully 

treated with Anakinra (IL-1R antagonist) was recently published (Cohen et al., 2012). In 

our hands, both reverse proteomic and whole blood gene expression profiling support that 

IL-1 plays an important role in the inflammatory cascade that underlies KD, and that IL1 

might represent a therapeutic target in this disease.  

As described above, we have used gene expression profiling to study sporadic 

(sJIA) and monogenic (NOMID) diseases caused by IL1 dysregulation that share many 

clinical symptoms with KD. We surmised that this database should provide us with a 

unique opportunity to identify not only “shared” inflammatory pathways (i.e. IL1), but 

especially those that would be unique to KD and therefore might explain the development 

of CAA that is absent in both sJIA and NOMID.  

Of the many innate immunity-related genes induced by KD sera in healthy PBMC, 

most were also upregulated by TLR ligands or sJIA sera and only a small fraction were 

KD specific. IPA network analysis recognized these transcripts as “connected” with 

VEGF and PDGF signaling pathways (data not shown). Similarly, analysis of 
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significance using KD, sJIA and NOMID patient whole blood gene expression profiles 

revealed that only 1% (N=66) of the transcripts dysregulated in KD blood were not 

shared with the other diseases. This small set of transcripts could have been identified by 

chance. We ruled out this possibility upon discovering that they were highly 

interconnected within networks centered around TGF- and VEGF, two cytokines found 

over-expressed in CA sections from KD patients (Senzaki, 2008). 

We further confirmed that PDGFC is specifically over-expressed in KD, but not 

other febrile conditions, including autoimmune, infectious and autoinflammatory diseases. 

In 1998, it was first reported that KD serum induced expression of PDGF proteins in 

vascular endothelial cells and endothelial conditioned media promoted mRNA expression 

of PDGF receptors (H. Wang et al., 1998). KD coronary smooth muscle cells strongly 

express PDGF both intracellularly and extracellularly together with TGF-, suggesting 

that TGF- promotes smooth muscle proliferation by PDGF (Suzuki et al., 2000). 

PDGFC is one of the most recently discovered PDGF family members. PDGFC, 

originally identified in platelets and in serum as a mitogen for fibroblasts, smooth muscle 

cells, and glia cells, has been linked to a number of human diseases, including 

atherosclerosis, tissue fibrosis, and cancer (Betsholtz et al., 2001). PDGFC, which is 

produced as a latent protein and secreted after proteolytic processing, is believed to play 

critical roles in many biological processes. PDGFC deficient mice on a 129 background 

die postnatally due to developmental defects, indicating that it is required for embryonic 

development (H. Ding et al., 2004). This molecule increases blood-brain barrier 

permeability during ischemic stroke (Su et al., 2008). In rats, PDGFC induced the up-

regulation of TGF-β1 mRNA expression and enhanced fibrosis and arteriosclerosis in 
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cardiac allografts (Tuuminen et al., 2009). Furthermore, overexpression of PDGFC led to 

progressive fibrosis and hypertrophy in the hearts of mice (Ponten et al., 2003). Activated 

PDGFC core domain has been suggested to be responsible for pathological changes 

induced by this molecule, as mice over expressing the CUB domain of PDGFC were 

indistinguishable from wild type (Ponten et al., 2003). PDGFC is expressed in kidney, 

liver and other tissues (Eitner et al., 2003), but it was not previously reported to be 

expressed in healthy blood mononuclear cells. Our own RNA-seq data from fractionated 

blood cell subpopulations indicates that, while present at low levels in pDCs and to a 

lesser extent in mDCs, monocytes - especially the CD16+ fraction - are the main source 

of this gene.  

We describe that addition of PDGF-CC to healthy PBMC induces up-regulation 

of >100 transcripts by more than 3- fold. Among them, Lamin A has been described to 

cause mitotic failure of vascular smooth muscle cells. Cytokine array analysis identified 

several senescence-associated secretory cytokines released by prelamin A-positive 

VSMCs, including calcification regulators bone morphogenetic protein 2, osteoprotegerin, 

and interleukin 6 (Y. Liu et al., 2013). Upon culturing healthy PBMC with KD sera pre-

incubated with anti-PDGFC monoclonal antibody, we observed a significant 

downregulation of IL6 expression, suggesting that PDGFC might in fact be an important 

mediator of the inflammatory changes that occur in KD, including those involved in 

impaired CA remodeling and aneurysm formation.  

Thus, our studies have identified PDGFC mRNA overexpression as a diagnostic 

biomarker for KD. This molecule is also likely to play an important role in coronary 

aneurysm formation and as such, might represent a novel therapeutic target.  
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Our data also suggest that IL-1 is a critical component of the KD inflammatory 

cascade. What triggers the combination of IL1 and PDGFC overexpression in KD 

remains to be addressed. While a sporadic disease, genetic studies including exome 

sequencing and RNA-seq are underway to rule out a genetic component. An infectious 

etiology has long been proposed and cannot be ruled out at this point as the upstream 

event leading to KD. In the meantime, trials to block IL1 in KD patients are being 

planned and, based on our own studies, therapies aimed at blocking PDGFC and/or its 

receptor might hold promise. In the end, some of these therapies might already be 

approved by the FDA and available to treat other conditions (i.e. the tyrosine kinase 

inhibitor Sunitinib). Results from these studies and from upcoming clinical trials might 

bring hope to a larger number of diseases affecting a much wider age range and a more 

diverse spectrum of vascular inflammatory pathologies. 
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CHAPTER SIX 
 

Conclusions 
 
 

Genome-wide studies of human blood provide a comprehensive picture of the 

state of the immune system. Microarray technologies have been extensively used during 

the last decade; and development of bioinformatics tools, including modular analysis, has 

enabled investigators to extract useful information from large amounts of data.  

Alterations in transcript abundance can be detected on a genome-wide scale in 

blood from patients with a wide range of human immune diseases. This approach enabled 

us to find disease-specific networks and follow transcriptional changes longitudinally 

even during disease flares and after treatment initiation. In SLE, we identified pDCs as 

fundamental contributors to IFN production. In tuberculosis (TB), transcriptional 

signatures of active disease can be detected and used as biomarkers of disease activity, 

and a TB-specific signature allows class prediction of active TB against other 

autoimmune and infectious diseases. In HOIL-1 deficient patients, fibroblasts suffer 

impairment in NF-kb gene expression upon stimulation with TNF and IL-1b, while 

leukocytes display a hyper-inflammatory response to the same stimuli. Transcriptional 

analysis following IL-1 blockade in a Blau patient showed us that most of the genes 

dysregulated before treatment normalize after administering this therapy. Overexpression 

of human TLR8 leads to spontaneous arthritis in mice and we find that patients with sJIA 

and Still’s Disease upregulate expression of this gene in their blood. Finally and more 

importantly, we identified IL-1 as a mediator of inflammation in KD and PDGFC as a 

potential biomarker and novel therapeutic target. 



105 
 

Successful identification of pathogenic pathways and therapeutic targets in human 

immune-mediated diseases through the use of gene expression profiling technology 

supports that this approach could also be applied to other types of diseases. Furthermore, 

we anticipate that blood transcriptome studies will facilitate the development of 

diagnostic biomarkers and personalized treatment options, thus leading to more efficient 

and cost effective therapies at every age and through a wide range of inflammatory 

conditions.  
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