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Serum treatment of quiescent human dermal fibroblasts induces 

proliferation coupled with a complex physiological response that is indicative of 

their normal role in wound-healing. However, it is not known to what extent such 

complex transcriptional events are specific to a given cell type and signal, and to 

what extent these changes are innate programmed responses that are activated in a 

range of related cell types in response to a variety of stimuli. We have profiled the 

global transcriptional program of human fibroblasts from two distinct tissue 

 vi



sources to four different growth stimuli and identified a striking conservation in 

their gene expression signatures. However, there were specific differences among 

different stimuli with regard to signaling pathways that mediate these 

transcriptional programs. The use of a specific PI3-kinase pathway inhibitor 

suggested that this pathway is differentially involved in mediating the responses 

of cells to serum as compared to individual peptide growth factors. By applying 

siRNA knockdown technique, we demonstrated that putative targets of two 

important immediate early transcription factors, Myc and SRF, served functions 

related to cell cycle progression/cell survival and wound healing, indicating that 

these two transcription factors may serve as master transcription controllers 

during the transition of fibroblasts from quiescence to proliferation. In addition, 

different Myc targets were identified either between different cell types (Hela vs. 

foreskin fibroblasts) or between different cell states (unsynchronized vs. 

synchronized), while SRF targets included a group of genes only induced at 

certain time points during cell cycle progression, which was not observed in the 

Myc data. MicroRNA (miRNA) expression profiling indicated that let7 and other 

miRNAs with similar expression profiles may be involved in regulating the 

transcriptional program in response to proliferative signals. Our results indicate 

that conservation of transcriptional programs and their regulation among different 

cell types may be much broader than previously appreciated. 
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Chapter 1: Introduction 

 

This chapter reviews the background needed to understand the microarray 

platform and introduces statistical methods used in microarray data analysis. In 

particular, we begin with the biological principles behind microarray technology. Several 

different microarray platforms will then be introduced and compared. Basic data analysis 

methods as well as advanced methods for time-course data analysis will also be 

introduced in this chapter.  
 

1.1 MICROARRAYS 

Microarrays have become an invaluable tool for monitoring gene expression by 

quantifying the types and amounts of mRNA transcripts present in a collection of cells or 

tissues. The number of mRNA molecules derived from transcription of a given gene is an 

accurate measurement of the expression of that gene at the mRNA level.  

1.1.1 Genes, Genomes and Gene expression 

The landscape of biological science has been profoundly altered since the 

completion of the first genome sequence of a living organism one decade ago 

(Fleischmann, Adams et al. 1995). To date, more than 300 organisms have been 

sequenced and analyzed, including the human genome (Lander, Linton et al. 2001). 

Although a genome sequence holds all the information for development, physiology, and 

evolution, it is still far from clear how gene expression is regulated at the transcriptional, 

or more complex translational level. It is critical for multicellular eukaryotes to 

orchestrate complex gene expression patterns in a spatial and temporal manner in order to 

define numerous specialized cell types. These expression patterns are regulated at the 
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level of DNA modification, chromatin structure, and transcription factor-DNA 

interactions, resulting a tightly and precisely controlled gene transcription network. 

Several different methods have been developed to measure the amount of mRNA within 

a cell. In the pre-microarray era, expressed sequence tags (EST) (Adams, Kerlavage et al. 

1993) and serial analysis of gene expression (SAGE) (Velculescu, Zhang et al. 1995) 

were developed not only to monitor gene expression pattern globally, but also to identify 

novel gene transcripts. Though the expression patterns obtained by these methods were 

easily biased if the sampling space was limited, the discovery of large numbers of novel 

genes facilitated annotation of the human genome. Based on the information collected 

from EST sequencing, microarray technology was developed and applied to measure the 

amount of mRNA within a cell in a comprehensive way. 

1.1.2 Microarray Development 

The use of DNA microarrays for global RNA expression profiling changed the 

way biologists think about gene network and interaction, from reductionist toward 

holistic thinking. The original idea of the microarray was proposed in 1989 (Friemert 

1989; Gress, Hoheisel et al. 1992), but it was not until 1994 that the first oligonucleotide 

microarray was sold by Affymetrix (CA, USA). One year later, the first cDNA 

microarray was created in the laboratory of Patrick Brown at Stanford University 

(Schena, Shalon et al. 1995). Thereafter, different technologies have been developed to 

improve both sensitivity and uniformity. Generally, the array is a solid base on which a 

grid of “spots”, or droplets of genetic material of known sequence, is arranged 

systematically and addressed so that each gene in the organism has a specific location. 

There are two distinct types of microarrays, cDNA arrays and oligonucleotide array. 
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1.1.2.1 Oligonucleotide arrays 

Oligonucleotide arrays can be created in situ by directly synthesizing oligos on 

the surface of the chip. Affymetrix (Santa Clara, CA) uses a photolithographic approach 

to generate arrays. For this kind of technique, 25-nucleotide DNA probes are defined 

based on its ability to hybridize to genes of interest, and 22 probes are routinely used for 

each expression measurement. To start, a linker molecule is attached to the surface of a 

silicon chip. This linker can bind a single base only if the blocking compound is removed 

by ultraviolet light. A photolithographic mask is designed to expose certain area of the 

chip to UV at a time. The UV shining through the mask deprotects the exposed area, 

making it available for nucleotide coupling. This allows the synthesis of a desired DNA 

sequence by repeating these steps until unique probe oligonucleotides of a defined length 

and sequence have been synthesized at each of thousands of addresses on the glass 

surface. For each gene, both perfect matched sequences (PM) and mismatched control 

probes (MM) which contain a single mismatch located directly in the middle of the PM 

are synthesized in situ.  

Affymetrix technology has its limitations. First, the length of synthesized 

nucleotides is limited to 25, which may reduce the sensitivity and discrimination for 

microarray detection. Second, the photolithographic masks are specially designed for 

each array, which is not cost-effective. To overcome these drawbacks, another maskless 

array synthesizer technology was developed by NimbleGen (Madison, WI). Instead of 

using pre-designed masks, this technology employs a solid-state array of miniature 

aluminum mirrors to pattern up to 786,000 individual pixels of light. Each addressable 

digital micromirror is controlled by the computer to build a pattern so that the UV light is 

directed and projected on the slide only at select positions. This is followed by 

deprotection and DNA synthesis. This technology allows up to 60 nucleotides to be 
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synthesized in situ for each probe. Thus, fewer probes are required per gene to achieve 

highly consistent results. 

Several other companies, such as Protogene (Menlo Park, CA) and Agilent 

Technologies (Palo Alto, CA), have developed in situ DNA array platforms through 

proprietary modifications of a standard piezoelectric (ink-jet) printing process, which is 

able to print up to 60-nucleotide presynthesized oligos onto a glass surface. Unlike the 

Affymetrix arrays, two different colors of fluorescence each representing one sample can 

be used on one array.  

1.1.2.2 cDNA arrays 

cDNA arrays are made by spotting double-stranded cDNA onto glass slides using 

a precision robot. The cloned genes are in their final forms and so represent full or partial 

sections of the coding sequences, which are much longer than the oligos used in 

oligonucleotide arrays. Therefore, they have the advantages of being less susceptible to 

hybridization changes caused by gene polymorphisms. Since these clones are normally 

derived from the IMAGE sequencing project, it is estimated that ~10% of the clones 

could be incorrectly identified due to mix-ups between sequencing and microarray 

creation. Consequently, re-sequencing of some interesting clones might be required to 

verify their identities. The cDNA is delivered onto the glass slides using either touch pins 

or inkjets. cDNA is typically attached to the slide by non-covalent charge interactions. 

Glass slides are coated with poly lysine or poly amine for electrostatic adsorption of the 

DNA probes onto the slide. Depending on the pin type and the exact printing technique 

employed, 200 to 10,000 spots ranging in size from 500 to 75 µm can be spotted in a 1-

cm2 area. 

To perform the hybridization, two target mRNAs are reverse-transcribed into 

cDNA, labeled using red (Cy5) and green (Cy3) fluorescent dyes, and then hybridized to 
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the arrayed DNA sequences or probes. Therefore, the relative abundance of these spotted 

cDNA sequence can be measured. For each gene, the data consists of two fluorescence 

intensity measurements (red and green), indicating the expression level of the gene in the 

red and green-labeled mRNA samples. 

1.1.3 Microarray Application 

Microarray technology was originally developed for identifying gene expression 

patterns by simultaneously tracking the expression levels of thousands of genes. Along 

with the completion of genome sequencing of model organisms and human, the 

application of this approach has been extended to study functional elements in the 

genome sequence. 

1.1.3.1 Gene expression 

mRNA profiling is still the most widely used application for microarray 

technology and has been applied to fields ranging from basic research to biomedical 

applications. It has been used to profile complex diseases and to discover novel disease-

related genes (DeRisi, Penland et al. 1996; Heller, Schena et al. 1997; Welford, Gregg et 

al. 1998; Kakiuchi, Iwamoto et al. 2003; Ning, Li et al. 2004). It was also used to predict 

various biochemical pathways (Spellman, Sherlock et al. 1998; Galitski, Saldanha et al. 

1999; Iyer, Eisen et al. 1999; Lazarov, Robinson et al. 2005; Tu, Kudlicki et al. 2005). 

Gene expression patterns reflect functional information indirectly. Thus, knowledge of 

highly selective gene expression, combined with sequence homology to a known gene 

family, could provide a shortcut for implicating a target in a given pathway or disease. 

Many pharmaceutical companies use this approach to identify appropriate targets for 

therapeutic intervention and monitor changes in gene expression in response to drug 
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treatment (Marton, DeRisi et al. 1998; Mandel, Weinreb et al. 2003; Lee and Macgregor 

2004). 

1.1.3.2 ChIP-chip 

Many important molecular processes, such as transcription, DNA replication, 

recombination, and DNA repair, are mediated by DNA-protein interactions. A 

comprehensive understanding of when and where proteins interact with their regulated 

genome sequence is of critical importance. Chromatin immunoprecipitation (ChIP) is a 

well-established method for studying DNA-protein interactions. When coupled with 

whole genome microarray, it provides a comprehensive way to gain insight to the full 

spectrum of in vivo DNA-protein interactions. This technique has been successfully 

applied to Saccharomyces cerevisiae to identify binding sites for individual transcription 

factors (Iyer, Horak et al. 2001; Lieb, Liu et al. 2001). Unlike S. cerevisiae, the human 

genome sequence contains very large intergenic and intron sequences, which makes it 

technically hard to build whole genome microarrays. However, the recent development of 

tiling microarrays makes it possible to detect the presence or absence of transcription on a 

genome-wide scale (Bertone, Stolc et al. 2004). The probes from tiling arrays span a 

chromosome either end-to-end with or without overlap, or at a predefined average 

distance in genomic space. This kind of high-resolution microarray provides not only a 

powerful tool for identification of DNA-protein interactions, but an independent view of 

transcription unbiased towards the positions of known and predicted genes. 

1.1.3.3 Other applications 

Comparative genomic hybridization (CGH) is a very powerful tool for detecting 

DNA copy number aberrations in tumors or other diseases. The combination of this 

technique with microarrays, especially oligonucleotide microarrays, generates an even 
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more precise and quantitative way to locate the aberrant sites in the human genome 

(Carvalho, Ouwerkerk et al. 2004). The general idea is to label test and reference DNA 

with different fluorescence and hybridize to cloned fragments, most often genomic DNA 

or cDNA, which are spotted on a glass slide. The DNA copy number aberrations are 

subsequently measured by detecting intensity differences in the hybridization patterns of 

both DNAs. The drawback to this technique is that aberrations other than the copy 

number changes, such as rearrangement, are still hard to detect.  

 

1.2 MICROARRAY DATA ANALYSIS 

Microarray experiments raise numerous statistical questions in diverse field such 

as experimental design, image processing, and discriminant analysis. Although 

considerable effort has been devoted to identifying differentially expressed genes 

between two samples or among several samples, there is no unique way to analyze all 

experiments due to the complexity of biological materials. For example, mRNA levels 

may be compared in many different contexts, such as different tumor cell lines, different 

tissues from an organism, and the identical tissues from the same or different organisms. 

Each type of experiment requires its own analysis. Here we will focus on the use of the 

two-dye cDNA microarray system to discuss current issues in microarray data analysis. 

1.2.1 Normalization 

In microarray experiments, various sources such as dye coupling efficiencies, 

photo-bleach sensitivity, and scanner settings can all introduce systematic error into the 

final results. Normalization aims to remove these errors by balancing the fluorescence 

intensities of the two labeling dyes. Several methods have been applied. The most 

commonly used total intensity normalization assumes that the starting RNA quantities are 
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equal with roughly the same number of molecules and the arrayed elements randomly 

interrogate the two RNA samples (Quackenbush 2002). Practically, the ratio of intensities 

from both channels for each spot is used. The normalization factor is calculated so that 

the mean of ratios from all or selected spots is set to 1. This method is very easy to use, 

but it neglects the fact that the dependency of ratio value on either intensity or space may 

introduce systematic bias in the data. Another locally weighted regression (LOWESS) 

method, also known as intensity-dependent normalization, was proposed to solve this 

problem (Yang, Dudoit et al. 2002). This method is biased on robust local regression of 

the log ratio M on overall spot intensity A. A LOWESS function l(A) of A is fitted to the 

scatter plot and subsequently used to normalize the log-intensity ratio M by computing 

the difference M-l(A).  

1.2.2 Ratio Change 

Ratios are used to quantify gene expression differences on a cDNA microarray 

arising from different samples (Schena, Shalon et al. 1996; Heller, Schena et al. 1997). It 

is the simplest method for identifying differentially expressed genes. A spot with a ratio 

of 1 means that the red and green intensity measurements are the same, and if this ratio is 

significantly different from 1, the gene expression differs significantly between two 

samples. There are several drawbacks to using the ratio cutoff. First, the choice of cutoff 

value is totally arbitrary which could be biased if the data are not properly normalized. 

Second, this method is unreliable because statistical variability is not taken into account. 

For example, a low intensity gene may be identified as being differentially expressed due 

to large variation in its measurement relative to high intensity genes. 



1.2.3 Error Model 

cDNA microarrays have measurement errors. The most popular model for 

microarray measurement errors is the additive-multiplicative error model, which suggests 

two types of variability, one representing the background subtraction uncertainties and 

the other representing phenomena like non-uniformity of labeling and hybridization 

efficiency, scanner gain fluctuations, and subtle differences in the biology of nominally 

identical culture samples (Rocke and Durbin 2001). The model looks like: 

y eηα µ ε= + +  

where y is the intensity measurement, µ is the expression level in arbitrary units, and α is 

the mean background.  The additive error term ε ~ N(0, εσ ), which represents the 

variance coming from the background. The multiplicative error term is η ~N(0, ησ ), 

which represents the proportional error that is noticeable mainly for highly expressed 

genes. From this model, the variance of intensity measurement y can be calculated, 
2 22 2( ) ( 1)Var y e eη ησ σ

εµ σ= − +  

where 
2 2

(S e eη ησ σ
η = 1)− is the approximate relative standard deviation (RSD) of y. 

Other error models, such as the cross-gene (global) error model and single array 

error model, are derived from this model (Hughes, Marton et al. 2000). The cross-gene 

model is also known as the two-component model or the Rocke-Lorenzato model (Rocke 

and Lorenzato 1995). The error is calculated for each measurement based on the 

distribution of raw signals and normalized fold changes. This model assumes that all 

probes behave equally, so it performs robustly if there are lots of replicates and large 

number of genes. Another model, the single array model, assumes a combination of 

additive and multiplicative error components in both channels of a two-color experiment 

and it defines a test statistic X with approximately normal distribution. Measurements 

coming from faint spots close to background will have small X values which indicates 
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large error. When combining replicate measurements, these spots will be given a lower 

weight. This allows the average measurement to be calculated with different weights 

based on the signal intensity. 

1.2.4 Cluster Analysis 

Clustering is defined as the process of separating a set of objects into several 

subsets based on their similarity. Though it is mainly used for identifying similar 

expression patterns among a group of genes, it is also employed to find differences 

between experiments.  

Hierarchical clustering is one of the most popular clustering methods (Eisen, 

Spellman et al. 1998; Spellman, Sherlock et al. 1998). It is an unsupervised procedure 

which aims to transform a distance matrix into a hierarchy of nested partitions. The 

algorithm it uses is an agglomerative procedure which starts with n clusters and 

iteratively reduces the number of clusters by merging the two most similar clusters until 

only one cluster is remaining. For each step, the algorithm finds the two minimum 

distance clusters according to the similarity distance matrix, merges them and 

recalculates the distance matrix until the number reaches one. This algorithm is 

considered computationally less expensive but the result may be misleading if there is an 

incorrect merging in an early stage. This problem becomes severe as the number of genes 

grows large. Although, it is a powerful tool for identifying groups of genes with similar 

patterns or correlated expression profiles, this method is really exploratory for finding 

differentially-expressed genes.  



1.2.5 t-test 

Under the assumption that the expression level for an individual gene is normally 

distributed within several replicates, it is fairly straightforward to use the traditional two 

sample t-test for identifying differentially expressed genes 
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This method is also known as the Welch two-sample t-test which is proper to use when 

the variances in both groups are different. Since it is more conservative as compared to 

the t-test assuming equal variance, it is recommended for use when there is no knowledge 

of the population variance between two groups. However, the fundamental problem with 

the t-test for microarray data is that the sample size n is often very small, usually less than 

5, which commonly leads to significant underestimates of the variances and low power of 

the test. 

This problem can be overcome by combining different genes in the same 

experiment, either genes with similar expression levels or all the genes. This increases the 
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degrees of freedom as well as the power of test. However, it is unclear what can be 

combined and what cannot. An alternative approach to compensate for the lack of 

replication is to add some constant to the estimate of variance for each gene or to use 

some Bayesian models.  

Another issue of using t-test is multiple comparison correction. A typical 

microarray dataset contains thousands of genes. When we try to compare each of them, 

many hypotheses are tested, so the probability that at least one type I error is committed 

could be greatly increased. For example, if α=0.05 is set for each test, the chance of 

finding false positives will be inflated to 0.401 when 10 tests are carried out 

simultaneously. In this case, a multiple comparisons correction or a correction of the false 

discovery rate is essential. Many methods have been proposed to control for the family-

wise type I error rate (FWER). The best known method is the Bonferroni method with the 

adjusted p-value given by pj  = min (kpj, 1), where k is the number of hypothesis tests. In 
other words, the Bonferroni p-value for each test will be jp jα= , which will be very 

small when the total number of tests is large. This method is called a single-step method 

because it makes equivalent adjustments for all hypotheses. The Bonferroni method is the 

most conservative one; it controls the type I error very well but sacrifices test power. To 

compensate, a few other methods have been developed such as the Holm’s step-down 

Bonferroni adjusted p-values and the Westfall and Young step-down adjusted p-values 

(Holm 1979; Westfall and Young 1993). Unlike the single-step method, these methods 

order p-values and make different adjustments for different p-values. The Westfall-Young 

method also takes into account the dependence structure between variables, which is, in 

the case of microarrays, correlated expression levels of genes.  
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The FWER tends to control the false positive rate by controlling Pr(V>0) . 

However, for microarray data, it is probably more appropriate to control the proportion of 

Type I errors (V) among all rejected hypothesis, which is known as False Discovery Rate 

(FDR). The definition of FDR is  

 

0 ( 0VFDR E R P R
R
⎡ ⎤

= > >⎢ ⎥
⎣ ⎦

)

P

 

There are several approaches to calculate the FDR, such as the linear step-up 

procedure, the non-parametric step-down procedure, and the resampling procedure. The 
linear step-up procedure uses the ordered p-values ( ) ( )1 mP ≤ ≤L , given the corresponding 

null hypotheses is ,… , . For a desired FDR level α, the ordered p-value  is 

compared to the critical value

( )1H ( )mH ( )iP

.q i m . Let { ( ) }max : .ik i P q i= ≤ m . Then ,… ,  is 

rejected, if such k exists. 

( )1H ( )kH

The choice of FWER or FDR depends on the purpose. If high confidence is 

required in all selected genes, FWER is the first choice. But the consequence is loss of 

power, which means many truly differentially expressed genes fail to appear as 

significant. If a certain proportion of false positives is tolerable, FDR may be the best 

choice, and the number of genes to be selected can be decided based on practical 

considerations. 
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1.2.6 Time-Course Data Analysis 

Time-course experiments are a special case of a multiple-slide experiment, in 

which transcript abundance is monitored over time. These data show increase in 

dimensionality and become even more complex when combined with different treatment 

conditions. However, the statistical analysis of time-course data has received less 

attention. Current analysis methods can generally be divided into two classes based on 

whether they assume dependencies between consecutive time-points (horizontal 

dependencies). The first class does not consider any dependencies and treats every time 

point as an independent sample. Methods may include hierarchical clustering, k-mean 

clustering, ANOVA or singular value decomposition (Eisen, Spellman et al. 1998; Alter, 

Brown et al. 2000; Park, Yi et al. 2003). The second class includes model-based 

clustering such as the mixed-effects model with B-splines and the Hidden Markov Model 

(Luan and Li 2003; Schliep, Schonhuth et al. 2003).  

1.2.6.1 ANOVA 

With pure time-course data without other factors, genes that change along the 

time course can be identified using a strategy of pairwise t-test comparisons between 

consecutive time points. However, adding another factor into the experiments 

complicates things and raises many questions. Multiple tests are required for each gene as 

well as the entire list of genes, and the genes still may not be ranked according to the 

overall amount of change. Thus, a two-way ANOVA test with time and treatment as two 

factors is desired. An ANOVA approach was described by one study (Park, Yi et al. 

2003). Unlike the traditional one, they used two models to fit the time-course data, one 

with the time-treatment interaction and the other without. They calculated the F-statistics 

and the FWER or FDR corrected p-value. In case of the non-normality assumption, they 

also did the permutation test and Westfall-Young’s multiple test correction by using a 
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two-stage model: one for removing the time effect and the other for detecting 

differentially expressed genes. They found that the genes identified by the normal F-test 

are a subgroup of those from the permutation test. Given that the order of genes selected 

by both tests remains the same, it is likely that the main difference between these two 

methods is the selection of cutoff value. Another reported ANOVA method builds another 

type of two-stage model, in which the first one captures the variance caused by array and 

dye effects and the second one uses residual from the first model to find gene-specific 

effects (Cui and Churchill 2003). 

Although ANOVA is a powerful tool, it has some limitations. First, it neglects the 

correlations over time points so it may lose some power when dealing with longitudinal 

data. Second, it would be better to use a moderated F instead of ordinary F to better 

estimate the variances and covariance information. 

 

1.3 RESEARCH OUTLINE 

The focus for this research is to study global expression patterns and regulation of 

quiescent fibroblasts in response to different mitogens. A previous study has shown that 

both cell cycle and wound healing-related genes are induced in serum stimulated 

quiescent skin fibroblasts (Iyer, Eisen et al. 1999). However, it is not known whether the 

cellular responses are conserved in fibroblasts when treated with different mitogens, or in 

different fibroblast types treated with same mitogen. We hope that this study can extend 

our current understanding of cell cycle re-entry as well as fibroblast biology.  

Gene expression patterns for quiescent skin and lung fibroblasts stimulated by 

serum and different growth factors are described in Chapter 2. In the same chapter, 

statistical tools are used to identify commonly or differentially expressed genes between 

different stimuli or different cell types. Pathways differentially involved in growth 
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responses to different stimuli are also studied by applying pathway-specific inhibitors. In 

Chapter 3, two important immediate early transcription factors, Myc and SRF, are further 

studied. Their responsive genes are identified by combining siRNA technology with 

microarray profiling.  In Chapter 4, the miRNA expression profiles during the cell cycle 

re-entry are obtained in order to study the post-transcriptional regulation directed by 

miRNA. Conclusions as well as future directions are summarized in Chapter 5. 
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CHAPTER 2: GLOBAL GENE EXPRESSION SIGNATURES IN THE 
RESPONSE OF QUIESCENT HUMAN FIBROBLASTS TO DISTINCT 

PROLIFERATIVE STIMULI

2.1 INTRODUCTION 

Microarray-based gene expression profiling experiments have begun to provide 

views of the global gene expression programs of mammalian cells as they respond to 

physiological cues. These studies provide insights into the transcriptional reprogramming 

of the cellular machinery upon progression through the cell-cycle, infection by 

pathogens, and the development of disease states (Golub, Slonim et al. 1999; Ross, 

Scherf et al. 2000; Cho, Huang et al. 2001; Boldrick, Alizadeh et al. 2002; Whitfield, 

Sherlock et al. 2002) .The transition of mammalian cells from quiescence to proliferation 

and their re-entry into the cell cycle (the G0 G1 transition) underlies diverse normal 

physiological processes such as tissue regeneration, wound healing and lymphocyte 

activation; it is also one of the hallmarks of cancer (Malumbres and Barbacid 2001; 

Yusuf and Fruman 2003; White, Brestelli et al. 2005). This transition is marked by 

activation of cell-surface receptors, intracellular signal transduction pathways, and 

effector transcription factors, which in turn lead to altered programs of gene expression, 

driving cells into the proliferative state. The molecular mechanisms governing this 

transition are believed to be distinct from those of other cell cycle transitions such as the 

G1 S transition, and are less well characterized (Ren and Rollins 2004). One key 

question is to what extent the regulatory pathways and transcriptional programs of re-

entry into the proliferative state are shared by different types of cells responding to 

different mitogenic signals? What is the interplay of these proliferative responses with the 

innate cell and tissue-type characteristics of cells? 
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Fibroblasts have long been used as a simple model to study mammalian cell 

proliferation in culture. The global transcriptional program of quiescent human dermal 

fibroblasts stimulated to proliferate by serum treatment indicates that there is a complex 

physiological wound-healing response that is superimposed upon the expected 

proliferative response (Iyer, Eisen et al. 1999). Fibroblasts derived from different 

anatomical sites display characteristic expression patterns reflective of their sites of 

origin (Chang, Chi et al. 2002). Interestingly, the genes affected during the proliferative 

response of cultured fibroblasts to serum are predictive of tumor prognosis and metastasis 

in different cancers (Chang, Sneddon et al. 2004), implying that there is a conserved core 

set of regulatory mechanisms that underlies the transition to proliferation in diverse cell 

types. On the other hand, gene expression analysis of cultured human fibroblasts from 

skin, lymph node, synovium, and tonsil revealed heterogeneity in their expression 

profiles (Parsonage, Falciani et al. 2003). 

Despite these studies, little is known about the differences between the response 

of fibroblasts to serum and to other individual growth factors (GFs), both in terms of 

global transcriptional programs and the signal transduction pathways that are affected by 

each stimulus. It is unclear, therefore, if the complex mixture of components present in 

serum is required to trigger the wound healing response observed in skin fibroblasts. It is 

also unknown whether other types of fibroblasts that lack an obvious role in surface 

wound healing and are not typically exposed to serum in the body are nevertheless 

capable of carrying out a similar program of gene expression. The connection between 

the G0 G1 proliferative response and the physiological wound healing response is also 

not clear. For example, AP-1 is involved in cell cycle progression, but it also targets 

genes in fibroblasts important for wound healing (Florin, Hummerich et al. 2004). 
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We address some of these questions in this study by analyzing the genome-wide 

transcriptional reprogramming of fibroblasts derived from skin as well as lung when they 

are stimulated to proliferate either by serum or by purified growth factors. We also 

dissect the contribution of specific signaling pathways to these global responses using an 

inhibitor of the PI3-kinase pathway. Finally, we compare genes showing differential 

response between fibroblasts from skin and lung. 

 

2.2 RESULTS 

2.2.1 Experimental strategy 

We profiled the response of two normal human diploid fibroblast cell lines to 

either serum or three different peptide growth factors (GFs). One of the cell lines was 

foreskin-derived dermal fibroblasts and the other was a fetal lung-derived pulmonary 

fibroblast line (WI-38) (Hayflick and Moorhead 1961). Cells were first deprived of 

growth factors by growing them in medium containing 0.1% FBS (Fetal Bovine Serum) 

for 48 hours, then treated with medium containing either 10% FBS, EGF (Epidermal 

Growth Factor), FGF (Fibroblast Growth Factor), or PDGF (Platelet Derived Growth 

Factor). Cells were harvested at 6 different time points (0 hr, 0.5 hr, 1 hr, 2 hr, 4 hr, 8 hr), 

followed by total RNA isolation and RNA amplification (Figure 2.1A). The temporal 

global transcriptional profiles were measured using cDNA microarrays containing 46,455 

clones, corresponding to approximately 31,158 unique Unigene clusters (Boguski and 

Schuler 1995; Wheeler, Church et al. 2004). RNA from each sample of cells was reverse 

transcribed to cDNA and labeled with Cy5, then hybridized to cDNA microarrays 

together with a universal human reference sample labeled with Cy3. 
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In order to identify consistent expression changes caused by each stimulus, we 

performed three independent biological replicates of each treatment for each cell line 

(Figure 2.1A). In most cases, we isolated at least two independent time-zero samples for 

each treatment time course and normalized all expression changes relative to the average 

of the time zero values to minimize error arising from time zero measurements. All data 

were uploaded to a relational database (Killion, Sherlock et al. 2003) and filtered by basic 

data quality measures before further analysis. A small subset of the expression changes 

we observed was not reproducible across all three repeats for each treatment. To ensure 

that we analyzed only data that was biologically reproducible, the results and discussion 

presented here pertain to only those changes that were consistent across the three 

biological replicate time-courses of a given combination of cell line and treatment. 

2.2.2 The expression of wound healing genes is affected by all treatments and is not 
specific to serum 

We used hierarchical cluster analysis to obtain a bird's-eye view of the global 

expression patterns (Figure 2.1B). Strikingly, there were no prominent sets of genes that 

were consistently and uniquely regulated by a given treatment. However, genes showing 

statistically significant differences in expression between serum treatment and the three 

other GF treatments could be identified by t-test. These treatment-specific responses are 

described in a later section, as are the genes that show differences in response between 

the two different fibroblast types. In general, however, the genes that were strongly and 

consistently regulated by a given treatment were also similarly regulated in the other 

treatments. Hierarchical cluster analysis of the data revealed a group of 237 genes, 

represented by 278 cDNA probes, that were concordantly induced by serum and each of 

the three different growth factors (Figure 2.1C). In order to identify genes consistently 

repressed in response to all four treatments, we selected genes whose expression was  
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Figure 2.1. Experimental set up and overall expression profiles (A) The time course of 
gene expression was determined during the response of two different fibroblast types; 
2091 derived from foreskin and WI-38 derived from fetal lung. Each was treated with 
either the indicated growth factors or fetal bovine serum (Serum), and 3 replicate time 
courses were run for each treatment. The layout of the samples in the other panels as well 
as in Figures 2.2, 2.6, 2.7, 2.8 is as shown here. (B) Hierarchical cluster of 1304 genes 
with a minimum expression change of 2 fold in at least 15 array experiments and with 
data present in at least 80% of all array samples. cDNAs with no known Unigene 
annotation or mapping to multiple Unigene clusters were removed. Black bars on the 
right indicate consistently induced genes. (C) Sub-cluster branches containing the 
consistently induced genes were selected and re-clustered. This set included 237 genes 
represented by 278 cDNA probes. (D) Consistently repressed genes were selected 
directly from expression data as described in Materials and Methods and clustered. This 
set included 237 genes represented by 250 cDNA probes. 
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reduced relative to the time-zero samples in at least 85% of arrays. This identified a set of 

237 genes represented by 250 cDNA probes (Figure 2.1D). Together, this set of genes 

that generally showed similar responses in both cell types to all four treatments are 

referred to as Class I. 

Class I genes included known immediate-early genes such as JUNB, Myc, PTGS2 

and others. It has been previously noted that in response to serum, fibroblasts show 

altered expression of genes involved in cell proliferation, blood coagulation, cytoskeletal 

reorganization, angiogenesis, and inflammation – all functions that are closely related to 

the physiology of wound healing (Iyer, Eisen et al. 1999; Chang, Sneddon et al. 2004). 

Surprisingly, our results indicate that not only serum, but several other growth factors in 

isolation affect the expression of a similar coherent set of genes relevant to wound 

healing. We observed the altered expression of several genes involved in cytoskeletal 

reorganization, tissue remodelling, angiogenesis, blood coagulation, and inflammation, as 

well as signal transduction pathways that mediate the above processes (Figure 2.2). 

Moreover, the response of lung fibroblasts with regard to the expression of these genes 

could not be distinguished from the response of the skin fibroblasts, indicating that the 

wound-healing expression signature is not specific to the response of dermal fibroblasts 

to serum. 

2.2.3 The core conserved response of fibroblasts during the transition from 
quiescence to proliferation 

The molecular pathways underlying the transition from quiescence to 

proliferation triggered by each of the four treatments in both fibroblast types appeared to 

be strongly conserved, as suggested by the altered expression of cyclin/cdk related genes 

such as CCNL1, CKS2, CDCA1, CDKN1B and CDC25C, and genes involved in DNA 

replication such as TOP2A, PCNA, and POLE3 across all treatments (Figure 2.2). Entry 
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into G1 from G0 requires cyclin D-cdk4/6 activity. Cdk6 transcripts were strongly 

induced by serum treatment but not by the GFs (data not shown), which implied a higher 

mitotic induction potential of serum. Interestingly, a group of genes related to cell cycle 

checkpoints such as BRCA1, RAD1, and RAD21 were repressed (Figure 2.2), likely 

reflecting the requirement for the down-regulation or deactivation of these checkpoint 

proteins for either cell cycle entry or progression. Genes with anti-apoptotic functions, 

such as BAG3 and TNFRSF10D, were upregulated while others promoting apoptosis 

were inhibited in all the treatments (Figure 2.1C). GADD45B, another induced gene, is 

believed to hinder apoptosis by downregulating JNK signaling (De Smaele, Zazzeroni et 

al. 2001). All these observations suggest that reentry into the cell cycle by serum starved 

G0 cells requires the upregulation of cell cycle-related genes as well as inhibition of 

apoptotic signaling pathways. 

Cell cycle progression from G0 to G1 is highly dependent on the activation of 

intracellular signaling pathways. Growth factors are required at two critical points during 

the G0 to G1 transition to stimulate the MAP kinase (ERK) pathway, Myc, and the PI3K 

pathway (Jones and Kazlauskas 2001). We observed altered expression of regulatory 

factors in the RAS-MAPK pathway and the PI3K pathway, such as YWHAG (14-3-3- 

gamma), SPRY2, DUSP5, DUSP6, and PITPNC1 (Figure 2.2). This observation suggests 

that both signaling pathways are involved in the response of fibroblasts, but interestingly, 

only the MAPK pathway activation and Myc induction are believed to be indispensable 

during the early 0-8 hr period of fibroblast response (Jones and Kazlauskas 2001). Our 

results also corroborate previous studies showing that different growth factors may 

activate cell proliferation by largely overlapping mechanisms which includes the 

activation of these two signaling pathways (Fambrough, McClure et al. 1999). The 

potential involvement of the JAK/STAT pathway was indicated by the upregulation of  



 
 
 

 
 
 
Figure 2.2. Functional groupings in consistently expressed genes. Genes with consistent 
expression patterns across all treatments (Class I genes) were manually grouped into 
several functional categories as indicated, based on annotations from Unigene and Gene 
Ontology (GO). 
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downstream effectors of the JAK/STAT pathway such as PIM1 (Tullai, Schaffer et al. 

2004), as well as the upregulation of several SOCS genes, which are targets and negative 

feedback regulators of this pathway (Ebong, Yu et al. 2004). Figure 2.3 shows the altered 

expression of these genes overlaid on a schematic representation of the 3 signaling 

pathways whose activity is suggested by this expression profiling data. 

We noted subtle differences among the induction patterns of Class I genes even 

though they were consistently induced by all four treatments. Although serum treatment 

generally resulted in higher peak induction levels than the growth factor treatments, the 

majority of the induced genes peaked 8 hours after serum addition as compared to 2-4 

hours after growth factors treatment (Figure 2.4). This could partially be due to 

differences in concentrations of the growth factors that were employed. Indeed, we found 

that increasing concentrations of FGF ranging from 5 ng/mL to 135 ng/mL caused 

increasingly stronger induction of these genes at two hours (Figure 2.5). However, the 

fact that serum generally caused stronger induction of genes but with delayed kinetics 

suggests that there are differences in the response of fibroblasts to serum and the GFs 

such as those described below, or that other differences exist that are not reflected in their 

mRNA expression profiles. 

2.2.4 Distinctions between the serum response and the response to individual growth 
factors 

Since hierarchical clustering did not directly reveal genes with expression 

differences specific to each treatment, we used a supervised approach to identify genes 

whose average expression levels were significantly different after treatment among the 

different groups. Based on the fact that peak expression levels were most different 

between serum treatment and all the growth factor treatments (Figure 2.4), we used a t-

test to identify genes that showed significant differential expression between these two  



 
 
 

Figure 2.3. Signaling pathways activated by serum and GF treatments. Major 
components from three pathways, the PI3 Kinase pathway, the JAK/STAT pathway and 
the MAP kinase pathway are indicated. Class I genes with consistent expression profiles 
across all treatments in our experiments are indicated by red (upregulated) or green 
(downregulated) at their appropriate position in each of the pathways. 
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Figure 2.4. Histogram of expression peak timing. The graph shows the number of genes 
with peak expression levels at each of the indicated times after stimulation of quiescent 
cells, for each of the 4 treatments. We calculated the peak time for each Class I gene 
(genes induced by all treatments) for each time course. Data for skin and lung fibroblasts 
were considered in combination. Since we had two cell lines and three biological repeats 
of each time course, for each growth factor treatment, we considered the median time 
point at which a gene showed its peak expression level. If the median was not an integer, 
it was considered to be the next time point. We then calculated the percentage of genes 
peaking at each time point for each treatment. EGF, FGF and PDGF show tend to induce 
their peak expression levels between 2 and 4 hours, but expression peaks in response to 
serum at delayed up to 8 hours. 
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Figure 2.5. Dose response of skin fibroblasts to FGF. Skin fibroblasts were treated with 
the indicated concentrations of FGF for 2 hours. Higher concentrations resulted in higher 
expression levels of induced genes, comparable to the expression levels seen after 
treatment of the same cells with serum. However, although serum treatment resulted in 
overall higher expression levels, their peaks of expression were generally delayed as 
compared to GF treatment. 
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groups. This analysis identified 701 cDNAs, representing 619 genes, that tended to be 

induced following serum treatment but repressed or remained unchanged after GF 

treatment, and 613 cDNAs representing 566 genes that generally showed higher 

expression levels in response to growth factors (Figures 2.6 and 2.8). These genes are 

termed Class II genes and are described below. 

Many Class II genes are involved in signal transduction, suggestive of differences 

in signaling events between the serum and GF responses. The EGF receptor gene EGFR 

was induced by serum, while its negative regulator CBL – an E3-ubiquitin ligase which 

targets EGFR and FGFR for degradation (Wong, Lim et al. 2001) – was upregulated in 

the GF treatments, suggesting a negative regulatory circuit (Figure 2.6). We observed a 

modest increase in EGFR protein levels in response to serum compared to the GF 

treatments (Figure 2.7A). However, EGF treatment, but not PDGF or FGF, caused a 

marked downregulation of EGFR protein levels, even though at the transcriptional level 

the response of EGFR to the three different growth factors was consistently similar. This 

is likely due to a slightly stronger induction of CBL by EGF compared to the other GF 

treatments (Figure 2.7B), suggesting that the negative regulatory circuit involving CBL 

and EGFR is involved in mediating the response to growth signals in these cells. 

Several other components of signaling transduction pathways, such as SHC1 and 

SHOC2, showed expression differences between two groups (Figure 2.6). Although we 

could validate the expression levels and potential regulation of EGFR at the protein level, 

there were cases where protein levels did not reflect the changes in mRNA expression 

levels. For example, H-RAS transcript levels were slightly induced in GF treatments 

compared to serum. However, we failed to detect any change in H-RAS protein 

expression levels (Figure 2.7A, B). 



 
 

 
Figure 2.6. Class II genes showing differential expression responses to serum versus 
GFs. Genes in this category were identified through the use of a t-test with FDR less than 
1%. Genes involved in signal transduction, cholesterol biosynthesis, 
glutathione/peroxisome synthesis and transporters are indicated. 
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Figure 2.7. A putative regulatory circuit involving EGFR. (A) Protein expression levels 
in skin fibroblasts 2 hours after treatment with serum or individual growth factors. Total 
protein extracts from treated cells were loaded equally on a gel followed by western blot 
analysis using EGFR, HRAS and ERBB2 antibodies. (B) mRNA expression patterns for 
CBL, ERBB2, HRAS, SPRY2 and EGFR across all growth stimulations in foreskin 
fibroblasts. EGFR mRNA is more strongly induced by serum as compared to the GFs, but 
the induction of EGFR protein is only modest in response to serum. Its negative 
regulator, CBL, is more strongly induced at the RNA level in response to EGF, 
concordant with the strong downregulation of EGFR protein in EGF treated cells. 
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Figure 2.8. Role of the PI3K pathway in mediating differences between serum and GF 
response. A cluster view of the 1379 Class II clones showing differential expression 
between serum and other GF treatment groups is shown. The right hand side shows the 
expression profiles of these Class II genes in foreskin fibroblasts when quiescent cells 
were first treated with LY294002 – a PI3K inhibitor – for 30 minutes before growth 
stimulation. The expression profiles of Class II genes after serum treatment were similar 
to those after GF treatment when the PI3K pathway was inhibited. 
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Several PI3K (phosphatidylinositol 3-kinase) pathway genes showed expression 

differences between the serum-treated and GF-treated groups, although the PI3K pathway 

is believed to be involved during late G1 during the transition from quiescence to 

proliferation (Jones and Kazlauskas 2001). Some downstream components of DMPK 

signaling were included in the set of genes that were induced by GF treatments, while 

members of the ribosomal protein S6 kinase family were included among the genes that 

were repressed by GF treatment (Figure 2.6). In addition to the activation of these main 

signaling pathways, extracellular stimuli elicit cellular responses through generation of 

intracellular second messengers. Diacylglycerol (DAG) produced by the activation of the 

phosphoinositide pathway is the physiological activator of protein kinase C (PKC), which 

in turn activates RAS and RAF. Diacylglycerol kinases (DGK), which are negatively 

regulated by PKC (Luo, Prescott et al. 2003), terminate DAG signaling by converting 

DAG to phosphatidic acid (PA). DGKs such as DGKA, D, and Z were among the serum-

repressed genes, and PKC (PRKD3) was in the serum-upregulated set, suggesting that the 

PI3K signaling pathway may have a more prominent role in the response to serum 

(Figure 2.6). 

Class II genes included many involved in metabolism, likely reflecting 

compositional differences between serum and growth factors. Genes in the 

glutathione/peroxisome-related pathway were in the serum-repressed group. Glutathione 

aids in removing reactive oxygen species (ROS), and GSH depletion may facilitate ROS 

accumulation (Liu, Liu et al. 2004). The presence of glutathione synthetase in the serum- 

repressed group is suggestive of lower GSH levels after serum stimulation. Glutathione 

peroxidase 1,4 and glutathione S-transferase theta 1 were also among the downregulated 

genes, promoting the accumulation of endogenous ROS, which is normally generated by 

mitogenic growth factors via a RAS/PI3K-dependent mechanism (Bae, Sung et al. 2000; 
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Thannickal, Day et al. 2000). EGF and PDGF can induce the rapid production of 

superoxide anion and/or hydrogen peroxide and use them to mediate their signals 

(Thannickal, Day et al. 2000). The downregulation of glutathione synthesis genes after 

serum treatment could possibly reflect the fact that after serum treatment, these ROS 

products are sustained for a longer time to activate downstream signaling molecules, 

which could explain the higher growth induction potential of serum. 

Class II genes also include a subset of genes related to cholesterol biosynthesis, 

which are among the serum-repressed group but whose expression remains unchanged 

after GF treatment (Figure 2.6). This expression pattern is likely due to the fact that 

serum, but not purified growth factors, provides low density lipoprotein (LDL), which 

could provide cholesterol for cells without needing to upregulate the cholesterol 

biosynthetic pathway (Iyer, Eisen et al. 1999; Chang, Chi et al. 2002; Demoulin, Ericsson 

et al. 2004). These results suggest that the cholesterol biosynthesis pathway in fibroblasts 

is repressed in response to serum since cells are able to take up exogenous sterol provided 

by serum. 

Changes in ion flux across cell membranes and in intracellular Ca2+ may mediate 

cellular responses to EGF. The PI3K pathway is thought to be required for the activation 

of the epithelial Na+ channel and for Na+/H+ exchange in response to EGF (Lui, Panchal 

et al. 2002; Tong, Gamper et al. 2004). Our data indicate that not only EGF, but also FGF 

and PDGF may be able to induce ion flux by activating a group of solute carrier family 

genes. We noted that several solute carrier family members were included among the 

Class II genes that were activated by the GFs but not by serum (Figure 2.6). 

In order to test the hypothesis that the PI3K pathway is responsible for some of 

the differences in expression profiles of Class II genes and therefore the differences in the 

response of fibroblasts to serum versus individual GFs, we treated cells with the PI3K 



 36

pathway inhibitor LY294002 and determined expression profiles after growth 

stimulation. When the PI3K pathway was inhibited, the response of Class II genes in the 

serum treatment group switched to a pattern similar to that of the GF groups, consistent 

with the notion that the PI3K signaling pathway may have a more prominent role in the 

response to serum (Figure 2.8). In contrast to previous observations, the expression of the 

solute carrier family genes did not appear to be dependent on the PI3K pathway in our 

experiments, because the response of this set of genes to EGF, FGF, and PDGF was 

largely unaltered in cells treated with the PI3K pathway inhibitor (Figure 2.8). 

2.2.5 Identification of genes differentially expressed between cell lines 

Fibroblasts are mesenchymal cells with roles in development, extracellular matrix 

synthesis, and wound healing. Fibroblasts from different anatomic sites tend to have 

characteristic expression patterns related to their specific physiological functions despite 

sharing similar morphology (Chang, Chi et al. 2002). The two fibroblast cell lines we 

used originate from different tissue sources – skin and lung – and are thus expected to 

have distinct transcriptional programs. During quiescence, namely, at the 0 hour time 

point and in the absence of growth signals, lung-specific genes were expressed in the WI-

38 cell line derived from fetal lung, and skin-specific genes were expressed in the 2091 

cell line derived from newborn foreskin (Figure 2.9). In order to identify differences 

between the responses of the two cell types to growth stimulation, we compared the 

relative expression ratios after stimulation from all the experiments on the two cell lines 

using the same method as described above. A set of 385 cDNA probes representing 358 

genes was found to be differentially expressed between these two cell lines at an FDR of 

1% (Figure 2.10). This set of genes is denoted as Class III. 

Hierarchical clustering of the 385 Class III genes revealed two broad patterns of 

differential expression between the two cell types. 341 genes were generally more  



 
 
 
 
 

Figure 2.9. Tissue-specific gene expression in skin and lung fibroblasts. Relative 
gene expression levels of quiescent skin fibroblasts and lung fibroblasts are shown 
such that red indicates high expression in skin fibroblasts and green indicates high 
expression in lung fibroblasts. The right hand portion of the cluster shows data from 
this study. Since a common universal reference sample was used in all experiments, 
we divided the ratio of skin versus reference by the ratio of lung versus reference to 
obtain skin versus lung data sets from a number of independent experiments. The 
left hand side shows comparative data from an earlier study. 
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Figure 2.10. Class III genes differentially expressed between skin and lung fibroblasts 
during their transition from quiescence to proliferation. (A) A cluster of 385 genes 
differentially expressed between skin and lung fibroblasts, identified by using a t-test and 
setting the FDR to 1%. (B) Average profiles of genes that were either highly expressed 
(black line) or repressed (grey line) in skin fibroblasts relative to lung fibroblasts. The 
majority of Class III genes are in the former category and many of them reflect the higher 
proliferation rate of the skin fibroblasts. 
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strongly induced in the skin fibroblasts whereas only 44 genes were expressed at higher 

levels in the lung fibroblasts (Figure 2.10). This bias is possibly due to the higher 

proliferative potential of the foreskin cells. A number of genes related to cell proliferation 

such as CDC2, CDK2AP1, CDKN3 and MCM6 tended to be more strongly induced in 

the skin cells. Several genes encoding cellular receptors such as erythropoietin receptor, 

GABA A receptor, receptor tyrosine kinase-like orphan receptor 2, chemokine orphan 

receptor 1, EGF and the ERBB2 receptor were included among the genes more strongly 

induced in the skin fibroblasts relative to the lung fibroblasts (Figure 2.10). Only a few 

previously characterized skin-specific genes were included among the genes more 

strongly induced in the skin cells. One example of such a gene is TBX2, which remained 

unchanged or showed slightly reduced expression in most treatments of the lung cells. 

Interestingly, we noted a few lung signature genes such as TBX2 and SOX4 among the 

genes induced to a greater extent in the foreskin cell line (Figure 2.10). Since these genes 

are expressed at much higher levels in lung than in foreskin, it is possible that their 

induction is more easily detectable in the skin cells. Most lung- and skin-specific genes 

did not show significant expression changes during the transition from quiescence to 

proliferation, and it is likely that their expression levels remain constant during the cell 

cycle. 

 

2.3 DISCUSSION 

2.3.1 The wound healing and cell proliferation response of human fibroblasts 

The characteristic wound-healing and proliferative response of dermal fibroblasts 

after serum treatment originally suggested that this response reflected the obligatory in 

vivo physiological response of dermal fibroblasts to serum factors released upon 
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wounding. However, our observation that not only dermal fibroblasts but also lung 

fibroblasts carry out a large conserved program of gene expression reminiscent of wound 

healing, in response not only to serum but also to individual purified growth factors, 

suggests that the wound-healing response is more broadly conserved across distinct 

fibroblast cell types from different tissue sources and can be elicited by a variety of 

triggers. Conceivably, the wound-healing response originated initially in a dermal-like 

fibroblast and persisted in other fibroblast types in other specialized tissues. Although it 

is possible to speculate on the evolutionary reasons and advantages of such a conserved 

gene expression program, the mechanisms of how the program is initiated and regulated 

are unclear. One possibility is that in fibroblasts, the wound healing and cell signaling 

programs are coupled to a large extend to cell proliferation. In all the experiments in this 

study and in several previous studies, the signals that trigger the wound healing gene 

expression program also caused concomitant cell proliferation. Red light can also activate 

genes involved in wound healing and proliferation (Zhang, Song et al. 2003). However, 

another agent, phenytoin, can induced wound healing genes including those involved in 

tissue remodeling, inflammatory response, coagulation, and hemostasis in dermal 

fibroblasts, without inducing cell proliferation, suggesting that the wound healing 

response does not necessarily require cell proliferation (Swamy, Tan et al. 2004). 

Mechanical strain in human scleral fibroblasts (Cui, Bryant et al. 2004) can also induce 

similar functional groups of genes that are indicative of wound healing, although there 

were few individual genes commonly induced in both studies. The effect of different 

stresses such as heat shock, ER stress, oxidative stress, and crowding stress on lung 

fibroblasts have been examined, and it was observed that the response to ER stress 

caused by DTT was to some extent the opposite of the serum response (Murray, 

Whitfield et al. 2004). Indeed, we noted that some cell cycle control genes showed 
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differences between our experiments and DTT treatments. For example, p27 Kip1 

(CDKN1B) was repressed in our experiments in response to serum and GFs, but induced 

by DTT treatment, while CKS2 and GSPT1 were regulated in the opposite way. At the 

same time however, ER stress induced several common IEGs (immediate early genes) 

such as JUNB, IER3, SNAIL, TNFAIP3, GADD45B, and SPRY2 in the same manner as 

did serum and GFs in the experiments reported here, suggesting that the expression of the 

IEGs are not strictly correlated with the transition from quiescence to proliferation. These 

results are consistent with the existence of a group of genes which are serum responsive 

and cell-cycle independent termed the core serum response (CSR) genes (Chang, 

Sneddon et al. 2004; Chang, Nuyten et al. 2005).  

An in vivo wound-healing response study in mice tried to dissect the 

transcriptional response according to their temporal profiles. A group of similarly 

expressed IEGs was identified in both wild-type and PU.1 null (inflammatory response 

defect) mice. Also, the fact that clusters of tissue repair effectors and 'contact inhibition'  

players are expressed in both types of mice while inflammatory response genes are only 

presented in wild-type mouse indicates that wound-healing response is independent of the 

inflammatory response (Cooper, Johnson et al. 2005). Our expression data are highly 

correlated with those discovered during the wound-healing process in mouse, suggesting 

an ideal model for wound-healing studies using serum or GFs treated fibroblasts. 

Comparing with other wound-healing-stimulating treatments, we were able to see the 

same genes induced by different stimuli in a cell proliferation independent manner, which 

are probably innate responses that fibroblasts are primed to respond to, no matter the 

wound-healing stimulus. The sharing of some of the IEGs with other stress stimuli may 

imply that similar signaling pathways are activated by different stress conditions. 
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The transcriptional program of senescence in human mammary fibroblasts has 

also been recently examined (Hardy, Mansfield et al. 2005). Although cellular senescence 

may be thought of as being more like quiescence as opposed to proliferation, we noted 

curious similarities between gene expression profiles in our experiments and in the 

senescence data. DUSP1 (MAP Kinase Phosphatase-1), PHLDA1, RGS3, and NR4A3 

were upregulated in senescent cells, but PHLDA1, RGS4, and NR3C1 were consistently 

upregulated in our dataset during the transition from quiescence to proliferation. DUSP1 

has been observed to be induced after serum treatment in previous studies. On the other 

hand, some genes such as HMGB2 and CDC25C, which are putative targets of the 

transcriptional activator E2F (Hardy, Mansfield et al. 2005) were downregulated in both 

datasets. Other genes like PPP1R15A and CDKN1A were upregulated, and FOXM1, 

HNRPA1 and UBE2C were downregulated in senescent cells, while our data showed 

PPP1R15B, FOXF1, and HNRPAB to be induced and CDKN1B and UBE2H to be 

repressed in all treatments. The similarity in expression profiles of many genes in two 

seemingly opposite biological responses seems paradoxical, but in many of the examples 

mentioned above, it is the different paralogous members of a given gene family that show 

this similarity, suggestive of specialization of function of these paralogs in each of the 

responses. Another possible reason for some of the differences is that immortalized 

fibroblasts were used in the senescence study, and the normal regulation of the exit from 

the cell-cycle is altered in those cells relative to the normal diploid fibroblasts we 

examined. We also examined similar gene expression datasets from the response of 

human fibroblast to irradiation with red light (Zhang, Song et al. 2003), treatment of 

human fibroblasts with arsenite (Yih, Peck et al. 2002), and the response of lung 

fibroblasts and HeLa cells to diverse stresses (Murray, Whitfield et al. 2004). We did not 

see significant similarities between those datasets and our study, suggesting that distinct 
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pathways are activated by different stimuli which result in specialized gene expression 

programs. 

2.3.2 Signaling pathways mediating transcriptional programs in fibroblasts 

The concordant up- or down-regulation of a large set of genes by distinct GF 

treatments as well as serum (Figure 2.1C and D) is likely due to the fact that many 

different growth factor receptors share a conserved intracellular receptor tyrosine kinase 

(RTK) domain which triggers similar downstream events upon ligand (growth factor) 

binding. Global expression profiling studies with chimeric receptor derivatives in mouse 

fibroblasts indicate that the different intracellular signaling domains of a growth factor 

receptor, although they may activate distinct signal transduction pathways, induce largely 

overlapping sets of genes (Fambrough, McClure et al. 1999). 

Despite the largely overlapping transcriptional response of the different mitogenic 

treatments, we could identify hundreds of genes that were differentially regulated when 

we compared serum treatment with the other growth factors (Class II genes, Figure 2.6). 

Since serum is a better cell proliferation stimulus than the other growth factors 

(Gospodarowicz and Moran 1975; Ross and Vogel 1978; Chattopadhyay, Vecchi et al. 

1999), we expected to see differences in the expression of cell cycle related genes. 

Indeed, cyclin C and CDK6, which are believed to be especially important in the G0 to 

G1 transition of cells (Ren and Rollins 2004), are among the set of genes more strongly 

upregulated by serum (Figure 2.8). However, the actual expression differences of these 

two genes among the two groups are minor and it is not clear how significant they are. 

One would also expect to see differences in signaling pathways because serum would be 

expected to activate not only growth factor related RTKs, but also other cytokine RTKs 

or hormone-related G-protein coupled receptors. Indeed, we observed differences in the 

expression of many genes involved in mediating the MAP kinase, PI3 kinase, 
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diacylglycerol, and G-coupled receptor pathways. Interestingly, treatment with a PI3K 

pathway inhibitor reduced or eliminated most of the differences, suggesting that the 

differential activation of the other signaling pathways are indirect effects of activation of 

the PI3K pathway in fibroblasts in response to serum. 

We also checked some of the differentially expressed genes at the protein level to 

see the consistency between transcriptional and translational regulation. For EGFR 

expression, we saw a stronger induction in serum treatment, but it was not consistent in 

all the repeats, but we did see a consistent repression in EGF treatment. It was previously 

reported that upon ligand binding, EGFRs are subject to desensitization which includes 

receptor endocytosis, degradation, and recycling. The degradation process is catalyzed 

via a cascade of ubiquitination enzymes that culminates in the E3 ubiquitin ligase activity 

of the CBL adaptor proteins (Wu, Tu et al. 2003), whose expression seems to be 

unregulated in EGF treatment in our data. This suggests that for an individual gene, the 

transcription level may not indeed reflect the actual protein level, but we are still able to 

obtain clues as long as we know its regulatory network. Actually, a significant 

relationship (Spearman rank correlation coefficient rs = 0.57) was observed between 

mRNA and protein level in yeast (Ghaemmaghami, Huh et al. 2003), while some other 

studies proposed Pearson correlation coefficients ranging from 0.46 to 0.76 (Ivanova, 

Dimos et al. 2002). However, for genes located in complicated signaling transduction 

networks, it is more likely that the regulation will be at post-transcriptional levels rather 

than transcriptional levels to fine tune the network; it is therefore not surprising to see 

inconsistency between transcriptional and translational levels for this group of genes. 

2.3.3 Conserved and specialized gene expression programs  

The fibroblasts we used originated from different tissue sources (skin and lung) 

and their slightly different transcriptional profiles in response to mitogenic stimulation 
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may partly reflect their specialized physiological function in their tissue of origin. 

Anatomic origin-specific gene expression patterns for these cells have been described 

before (Chang, Chi et al. 2002), but the expression of most of those genes did not vary 

during the proliferative response in our study. Out of the 358 genes that were 

differentially expressed between the two cell types, around one quarter of the annotated 

genes were related to cell cycle and signaling processes. The former group of genes 

reflects the fact that the proliferation rate of the WI-38 lung fibroblasts was considerably 

slower than that of the 2091 skin fibroblasts. 

Our data support the existence of a conserved cell cycle gene progression program 

and surprisingly, a conserved wound-healing expression program among fibroblasts of 

distinct origins in response to distinct proliferative stimuli. Although tissue-specific 

differences exist between these two types of cells, these specialized genes are in general 

not strongly responsive to growth stimuli. It will be interesting to study commonalities 

and distinctions between growth-related expression programs among cells of more 

diverse origins and to dissect the contributions of individual regulatory proteins to such 

global expression programs. 

 

2.4 MATERIAL AND METHODS 

2.4.1 Cell culture and growth factor/Inhibitor treatments  

Normal human diploid foreskin fibroblast cell line 2091 and lung fibroblasts WI-

38 (ATCC, VA) at passage number 5–10 were used. Cells were cultured in Dulbecco’s 

Modified Eagle Medium (DMEM) supplemented with 10% fetal bovine serum (FBS) and 

100 units of penicillin-streptomycin. Unsynchronized cells were normally grown to 80% 

to 90% confluence. For serum starvation, cells were grown to about 60% confluence in 
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10-cm petri dishes and washed 3 times with DMEM without serum. Low serum (0.1% 

FBS) DMEM was then added to the dishes followed by a 48 hour incubation. The 

medium was then replaced by fresh DMEM with 10% FBS or by DMEM with 0.1% FBS 

plus different growth factors (GF). Growth factors (Upstate, NY) were prepared 

according to supplier's instructions and added to the medium to a final concentration of 

50 ng/mL (EGF), 100 ng/mL (FGF), and 40 ng/mL (PDGF). For LY294002 treatment, 

serum starved 2091 cells were treated with 30 ng/mL LY294002 (Promega, MI) for 30 

minutes prior to growth factor or serum treatment. Cells were collected right before 

serum/GF stimulation (0 hr) and at 5 subsequent intervals (0.5, 1, 2, 4 and 8 hours). 

 

2.4.2 RNA isolation and amplification 

Total RNA was isolated with Trizol reagent (Invitrogen, CA) according to the 

manufacturer’s instructions. Total RNA quantity and quality was determined by a high-

resolution electrophoresis system (Agilent Technologies, CA). Universal Human 

Reference RNA (Stratagene, CA) was used for the reference channel in all 

hybridizations. RNA amplification was based on the methodology developed at Stanford 

University (http://www.microarrays.org/pdfs/ModifiedEberwine.pdf). 1 µg total RNA 

was co-denatured with 0.5 µg T7-oligo dT primer (GCATTAGCGGCCGCGAAATTAA-

TACGACTCACTATAGGGAGA-(dT)21V) at 70°C for 5 min and then chilled on ice. 

Reverse transcription was carried out in a 20 µL reaction, containing 1 µL of SuperScript 

II (200 U/µL, Invitrogen, CA), 1 µl RNase inhibitor (40 U/µL, Promega, WI), 4 µL of 5x 

1st strand buffer, 2 µL of 0.1 M dithiothreitol (DTT), 1 µL DEPC-treated water, and 1 µL 

of 10 mM dNTP mix (PE Applied Biosystems, CA). After 2 hours incubation, 2nd strand 

cDNA synthesis was carried out by adding 2.5 µL E. coli DNA polymerase I (10 U/µL, 

NEB, Beverly, MA), 1.5 µL E. coli DNA ligase (10 U/µL, NEB, MA), 1 µL RNase H (10 
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U/µL, Ambion, TX), 3 µL of 10 mM dNTP mix, 10 µL of 10x 2nd strand synthesis buffer, 

and 62 µL DEPC-treated water. The reaction was incubated at 16°C for 2 hours, followed 

by DNA purification. 1 mg linear acrylamide (Ambion, TX) and 100 µL 

Phenol:Chloroform:Isoamyl Alcohol (25:24:1, Invitrogen, CA) were added to the 

reaction. The aqueous phase was then isolated using phase lock gel (Eppendorf, 

Germany) followed by the addition of 50 µL of 7.5 M ammonium acetate, and 375 µL of 

100% ethanol. The cDNA was precipitated immediately by centrifugation and washed 

twice with 70% ethanol. The cDNA pellet was resuspended in 8 µL water and subject to 

in vitro transcription using the T7 MegaScript kit (Ambion, TX) followed by purification 

using the RNeasy Mini kit (QIAGEN, CA) according to manufacturer's instructions. 

 

2.4.3 cDNA microarrays  

We printed cDNA microarrays on poly L-lysine coated microscope slides using a 

custom-built robotic arrayer. Each slide was printed with about 47,000 sequence-verified 

IMAGE clones (Research Genetics/Invitrogen). Labeled cDNA from 3 µg of amplified 

Universal Human Reference total RNA (Stratagene, CA) and amplified total RNA 

extracted from cells were used as the two channels for each hybridization. The amino-

allyl labeling and hybridization protocols are described online 

(http://chipmunk.icmb.utexas.edu/ilcrc/protocols). Cy3- and Cy5-labeled cDNAs were 

mixed with 10 µg human Cot-1 DNA, 5 µg polyA RNA, and 5 µg yeast tRNA 

(Invitrogen, CA). Hybridizations were performed in humidity chambers (Corning, NY) at 

65°C for 16 hours. Slides were then washed, dried, and scanned using an Axon GenePix 

4000 scanner (Axon, CA).  
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2.4.4 Analysis of Microarray data 

Microarray images were quantitated using GenePix 4.0 software (Axon, CA). 

Data was uploaded to the Longhorn Array Database as well as the Acuity 4.0 database 

(Axon, CA). Array normalization and spot filtering were done using Acuity. We 

excluded spots with sum of median intensity less than 150 or spots that had been flagged 

during visual gridding. For subsequent analysis, we used the log2 of the background-

subtracted, normalized median spot intensities of ratios from the two channels 

(Cy5/Cy3). Data was normalized in Acuity such that the mean of the median of ratios of 

all good features equaled one. Data for each time course were then transformed to show 

expression changes for each gene relative to the zero time point, by dividing the median 

of ratios in the time-zero replicates from the corresponding data measured in each time 

point. Three replicate time-courses were done for each treatment and only genes with at 

least 80% of expression measurements present were considered technically adequate and 

were included in the subsequent analysis. To identify consistently induced genes, we 

selected those with more than 2 fold change (median of ratios) in at least 15 array 

experiments which yielded 1552 cDNA probes. After removing cDNAs with no known 

Unigene annotation or those that matched multiple Unigene clusters, we were left with 

1304 cDNAs which were subjected to hierarchical clustering. By using average linkage 

clustering, two main clusters of genes showing consistent induction (after removing two 

small clusters of inconsistently varying genes) were picked for further analysis which 

contains 237 genes represented by 278 cDNA probes. Consistently repressed genes 

whose expression was reduced relative to the time-zero samples in at least 85% of the 

arrays were selected directly from the expression data. This set with 237 genes 

represented by 250 cDNA probes was then hierarchically clustered. In order to identify 

genes differentially expressed between different treatments groups (Class II and Class III 
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genes), a Student's t test was performed and the false discovery rate (FDR) was calculated 

using the Benjamini-Hochberg method in Acuity. Genes with FDR ≤ 0.01 were 

considered differentially expressed between two groups. Hierarchical clustering was also 

done in Acuity or by using Cluster and TreeView. Clones were queried in the SOURCE 

database (http://source.stanford.edu). Unigene ID, gene symbol, GO annotation were thus 

obtained and used for functional classification. 

  

2.4.5 Western blot analysis 

Quiescent 2091 and WI-38 cells were treated for 2 hours with medium containing 

10% FBS or 50 ng/mL EGF, 100 ng/mL FGF and 40 ng/mL PDGF. Cell lysates (50 mg 

of protein) were run on a 4%-15% polyacrylamide gel (BioRad, CA) and transferred to a 

PVDF membrane (Millipore, MA). The membrane was then blotted with the indicated 

antibody and processed using chemiluminescence (Santa Cruz, CA). Antibodies used in 

this experiment were anti-EGFR (sc-03, Santa Cruz, CA), anti-H-Ras (sc-520, Santa 

Cruz, CA) and anti-ERBB2 (sc-7301, Santa Cruz, CA). All western blot experiments 

were performed at least three times. 
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 Chapter 3: Study of MYC and SRF targets by siRNA technology 

3.1 INTRODUCTION 

Post-transcriptional gene silencing (PTGS), in which an endogenous gene is 

silenced by introducing a homologous double-stranded RNA, was first identified in plants 

(Napoli, Lemieux et al. 1990; van der Krol, Mur et al. 1990). Thereafter, similar RNA-

based silencing mechanisms were extended to species of different kingdoms (Cogoni and 

Macino 2000). The phenomenon of gene shutdown by injecting dsRNA into cells was 

termed “RNA interference” (RNAi) and it was first attempted in the nematode 

Caenorhabditis elegans (Fire, Xu et al. 1998). The conservation of RNAi in eukaryotes 

but not prokaryotes suggests this innovative response is important to higher organisms. 

The dsRNA, either formed intracellularly or delivered exogenously, is cleaved into 21 to 

23-nucleotide short interfering RNA (siRNA) by a ribonuclease (RNase) III enzyme 

called Dicer. These siRNAs are double-stranded, and a 2-nt 3’ overhang is present in 

each strand due to the cleavage characteristics of Dicer (Hutvagner and Zamore 2002). 

These siRNAs subsequently determine the targets by directing cleavage of homologous 

mRNA via an RNA-induced silencing complex (RISC).  

The use of RNAi for inhibiting gene expression provides a very powerful tool for 

exploring gene function. Although it was observed that long double-stranded RNAs 

invoke an interferon response, the specificity of siRNA which resembles the products 

produced by Dicer has been confirmed in different mammalian cell lines (Gupta, Schoer 

et al. 2004). Some off-target genes were found to be regulated at the protein level in a 

study, indicating that a microRNA-like inhibition of translation might occur due to partial 

complementary of sequences (Scacheri, Rozenblatt-Rosen et al. 2004). It has also been 

shown that the RNAi effect could be abolished by even single nucleotide mismatches 
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(Elbashir, Harborth et al. 2001). All these data suggest that the specificity could almost 

be guaranteed if the siRNA is properly designed though some comprehensive study may 

be required to confirm the specificity. 

siRNA has become a very powerful and widely-used tool for gene function 

analysis. However, several factors should be considered regarding the effectiveness of 

protein attenuation by siRNA such as the efficiency of cellular uptake of siRNA, the half-

life of siRNA inside the cell, and the half-life of the protein to be knocked down. 

Currently, a few tools have been used to generate siRNA either in vivo such as the siRNA 

expression vector or in vitro such as the chemically synthesized siRNA. The latter is 

considered short-lived and less stable, but direct transfection of mature siRNA could 

minimize side effects due to vector expression. Thus in our study, we used in vitro 

generated siRNA instead of expression construct. 

Myc and SRF are two well-known transcription factors involved in cell cycle 

progression from quiescence to proliferation of fibroblasts. Their functions under normal 

physiology have been intensely studied. Myc is an oncogene which is overexpressed in 

many cancer types. It forms heterodimers with another protein, MAX, and binds to 

sequences containing CACGTG, known as E-box. MYC-MAX heterodimers further 

recruit cofactor complexes such as chromatin remodeling complexes to E-boxes and 

subsequently activate target gene transcription. At certain promoters, the heterodimers 

could also interact with MIZ1 to repress transcription (Schneider, Peukert et al. 1997). 

The biological processes Myc regulates are very important, including transformation, 

apoptosis, and cell-cycle progression. However, unlike other transcription factors related 

to tumorigenesis where only a limited number of targets were identified with functions 

clearly related to cell-cycle progression or apoptosis, Myc binding targets seem to be 

much greater in number and less implicated in cancer. By combining targets identified by 
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different empirical methods, a curated and well-anotated database was established which 

covers up to 15% of all human genes with functions largely related to metabolism and 

ribosomal biogenesis (Zeller, Jegga et al. 2003; Patel, Loboda et al. 2004). A more 

general function of Myc in transcription was evident from the co-occupancy of Myc with 

TFIID in ChIP-chip data and direct interaction of MYC with TBP, thought it may be true 

that MYC binds many genes without regulating their transcription (Maheswaran, Lee et 

al. 1994; Li, Van Calcar et al. 2003). Combination of data from both DNA binding sites 

and transcriptional regulation changes due to loss of function may advance our 

understanding of the real targets of this enigmatic oncoprotein. 

Serum response factor (SRF) is a 67 kDa protein that regulates the expression of a 

number of immediate early genes, cytoskeletal, and muscle-specific genes by binding to 

CArG box in the regulatory region (Norman, Runswick et al. 1988; Treisman 1995; 

Miano 2003). In mitogen-stimulated cell cycle progression, SRF is targeted and 

phospharylated by MAP kinase signaling pathway or other pathways, which in turn 

mediates both the signal-stimulated transcriptional induction of IEGs and the activation 

of cell type-specific genes, such as muscle specific genes or neuronal genes (Schratt, 

Weinhold et al. 2001). Activation of some SRF targets may require additional factors. For 

example, the Ets family ternary complex (TCFs) is required for FOS activation while 

myocardin/MLK family is involved in SRF-mediated muscle-specific gene activation 

(Buchwalter, Gross et al. 2004; Cen, Selvaraj et al. 2004). A study on SRF-/- mouse ES 

cells showed that IEG activation is dependent on SRF, and SRF deficiency causes 

impairments in cellular morphology, actin cytoskeletal organization and focal adhesion 

assembly (Schratt, Philippar et al. 2002). Yet, in ES cells which lack G0 exit and 

therefore do not require the mechanisms to undergo cell cycle reentry, the proliferation 

rates are not substantially altered, suggesting a nonessential role of SRF in cell cycle 
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progression in these cells (Schratt, Weinhold et al. 2001). Microarray studies on the same 

SRF-/- murine ES cell line transfected with constructs expressing either a constitutively 

active SRF fusion protein or a mutant SRF with a DNA binding defect revealed 86 

putative SRF targets, whose expression was serum stimulated and protein synthesis-

independent. Those targets included genes involved in cell cycle control, apoptosis, 

wound healing and angiogenesis, cytoskeleton, and muscle development (Philippar, 

Schratt et al. 2004). Another study from the same group uncovered a role for SRF in the 

regulation of cell survival during embryogenesis by direct targeting of the antiapoptotic 

Bcl-2 protein (Schratt, Philippar et al. 2004). Although SRF function has been well 

studied in murine ES cells, human muscle or neuronal cells, its function in human 

fibroblasts during the G0 to G1 cell cycle progression remains unknown. In this study, by 

combining siRNA knockdown and microarray technology, we tried to unveil the 

relationship between cell cycle progression and the wound healing process after serum 

stimulation in human fibroblasts. 

   

3.2 RESULTS 

It was observed that a number of transcription factors were upregulated during 

cell cycle progression from G0 to G1 (Iyer, Eisen et al. 1999). We thus postulated that the 

downstream genes whose expression was governed by these transcription factors might 

be involved either directly in the cell proliferation or in other physiological processes 

unique to the cell types. For example, in fibroblasts, the wound healing response is 

normally coupled to the cell cycle transition from G0 to G1. In order to better understand 

the role of transcription factors in this biological process, a few forward and reverse 

genetic tools would be needed to either overexpress or repress them in tissue culture and 

monitor the consequent changes due to alterations of gene expression levels. Small-
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interfering RNA (siRNA) is widely used currently as a reverse genetic tool since it is able 

to mediate gene-specific suppression in mammalian cells at high efficiency compared to 

other reverse genetic tools such as ribozyme and anti-sense RNA. Thus, in this research, 

we used siRNAs to specifically knock down several transcription factors to study their 

putative targets during the transition from quiescence to proliferation of human 

fibroblasts. 

We made siRNA for Myc by in vitro transcription and siRNA for SRF was 

directly synthesized (Ambion, TX). Making siRNA by in vitro transcription was a 

relatively cost-effective method, but the siRNA was not as pure as the chemically 

synthesized one. We tried different methods to get purer siRNA. Our first attempt was to 

modify the T7 primer sequence to make it more accessible by RNase T1. The regular T7 

primer contains 3 continuous Gs after the transcription start site which makes it hard to 

be completely digested by RNase T1 to generate desired siRNAs. We found that, by 

reducing the G nucleotide number from 3 Gs to 2, the transcription efficiency was only 

slightly affected. We also treated our final siRNA products with Calf Intestinal Alkaline 

Phosphatase (CIP) since it was reported that 5' triphosphate of siRNA is required for 

interferon induction (Kim, Longo et al. 2004). However, the Myc knockdown efficiency 

was largely decreased as fewer Myc targets were identified from microarray data (Figure 

3.1). We also attempted to purify the siRNA by FlashPAGE fractionator (Ambion, TX). 

A good enrichment of RNAs smaller than 40 nucleotides was confirmed by PAGE 

electrophoresis (data not shown). However, the same low knockdown efficiency was 

observed from the microarray data (Figure 3.1). Thus, none of these methods gave a 

better result in terms of stronger knockdown effect as well as lower interferon response. 

We also noticed that as long as the negative control siRNA was made the same way as  



 
 

Figure 3.1. Comparison of global gene expression changes for different Myc siRNAs 
transfections. siRNA #0 was made by the protocol described in Material and Methods. 
siRNA #1 was made by a modified protocol which employed modified T7 promoter and 
CIP treatment. siRNA #2 was made as #0 but purified by FlashPAGE fractionator. 
Negative control siRNAs were made in the same way as their corresponding Myc 
siRNAs. All siRNAs were transfected into quiescent foreskin fibroblasts. RNA was 
collected at indicated time points after serum/FGF stimulation and amplified. 1157 genes 
showing more than 0.6-fold (log2) change in at least 3 arrays were clustered as shown in 
this figure. Red indicates low expression in Myc-depleted cells while green shows high 
expression in Myc-depleted cells. 
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the test siRNA and both were used for the same hybridization, most of those side effects 

were canceled out.  

Several other important issues include non-specific targeting and transfection 

efficiency. To rule out the possibility that siRNAs may target non-specific genes, we 

checked the expression changes between cells transfected with two different negative 

controls. A good correlation was observed between log median intensity for both 

channels (Figure 3.2), indicating only negligible non-specific effects were present in the 

data. Transfection and knockdown efficiency were measured by western or RT-PCR 

(Figure 3.3). For Myc siRNA transfection, we were able to detect a strong repression of 

Myc protein expression in Hela cells, however, a moderate repression was observed in 

fibroblasts. It is not surprising to see the difference since the transfection efficiency is 

known to be different between tumor and normal cell lines (Hann and Eisenman 1984). 

For SRF siRNA transfection, we were unable to see any change at the protein level. 

However, repression was detected at the mRNA level using RT-PCR, which suggests a 

long half-life of the SRF protein. Thus, for most of the experiments, RT-PCR was used to 

check the repression effect on a specific gene before microarray experiments. 

DNA microarrays, as well as other methods such as SAGE and subtractive 

hybridization, have been used to identify differential gene expression, which leads to the 

discovery of a large collection of Myc-responsive genes (Zeller, Jegga et al. 2003). 

Recently, many bona fide Myc binding sites were identified by ChIP-chip data, though 

many more binding sites were present than previously expected (Fernandez, Frank et al. 

2003; Li, Van Calcar et al. 2003; Mao, Watson et al. 2003). In our study, Myc siRNA 

was transfected into normally growing Hela and foreskin fibroblasts and gene expression 

profiles were compared to cells transfected with negative controls. A number of genes 

were identified whose expression was regulated by Myc depletion. Generally, more genes  



 
 
Figure 3.2. Plot of spot intensity on an array of two samples from cells transfected with 
differently designed negative control siRNAs. The median intensity of each spot is log10-
transformed. Correlation between two samples is 0.93. 
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Figure 3.3. Gene expression knockdown efficiency for Myc and SRF siRNA 
transfection. (A) Hela and 2091 cells were transfected with Myc siRNA. Western blot 
was used to monitor protein expression level in normally growing cells, cells transfected 
with randomly scrambled siRNA (negative control, NC) or Myc siRNA. Whole cell 
lysates were equally loaded onto the gel. (B) RT-PCR detection of SRF mRNA in SRF 
siRNA (Cat#4593 and Cat#4685 from Ambion, TX), SCTR siRNA (Cat#6344) and  
Negative Control transfected 2091 cells. 1µg start total RNA was used for all the RT-
PCR. 
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were differentially expressed in Hela cells than in skin fibroblasts, which was consistent 

with our observation that Myc protein levels were repressed more strongly by siRNA 

treatment in Hela cells. Furthermore, it is known that Myc expression was much higher in 

Hela cells than fibroblasts, which ideally implied more targets in this Hela cell line. As 

expected, Myc itself was identified as downregulated by Myc siRNA, which further 

confirmed that the repression was at both transcriptional and translational levels.  

ChIP-chip data represent genome-wide transcription factor binding sites which do 

not necessarily mean downstream gene activation or repression, while expression data 

show the real expression change of a particular gene. When both types of data are 

combined, a more accurate prediction of Myc direct targets will be made. In our analysis, 

we used Myc ChIP-chip data from Burkitt's lymphoma cells (Li, Van Calcar et al. 2003) 

and compared it with our Hela and skin fibroblasts expression data. A cluster of genes 

(116) was selected which showed both Myc binding from ChIP-chip data and repression 

in expression data when Myc was depleted (Figure 3.4). This cluster included genes 

related to protein biosynthesis, metabolism, the cell cycle, RNA splicing, signaling, the 

proteasome and a few transcription factors, which are highly correlated with Myc 

function in vivo. Another group of genes (118) showing Myc binding were upregulated 

after Myc depletion, indicating they were repressed by Myc. Compared to the Myc-

activated cluster, which consisted of genes mainly related to metabolism and biogenesis, 

more than half genes in this group were related to cellular metabolism. However, no 

ribosomal protein was observed in this group and moreover, genes related to signal 

transduction and cytoskeletal reorganization were slightly enriched in this cluster (Table 

3.1). It was reported that Myc represses the transcription of cell cycle related genes such 

as CDKN1A (p21,cip1), CDKN2B (p15, ink4b), and CDKN1B (p27, kip1) (Seoane, 
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Pouponnot et al. 2001; Staller, Peukert et al. 2001; Herold, Wanzel et al. 2002; Seoane, 

Le et al. 2002). In our study, we observed that CDKN1B (p27, kip1) and p21 

(CDKN1A)-activated kinase 4 were repressed by Myc, suggesting that Myc-induced cell 

proliferation or transformation requires the repression of cell cycle inhibitors. In another 

study (Li, Van Calcar et al. 2003), a group of unique Myc/Max target genes was 

identified and the expression patterns in a series of tissues and cell lines with different 

Myc mRNA level were checked. Our data, especially the Hela data, showed high 

correlation with tissues or cell lines with high Myc expression level, implying that the 

promoters bound by Myc were expressed in a Myc dependent fashion (Figure 3.5).  

  We next asked whether some Myc targets were condition-specific. In order to 

answer this question, we checked the expression patterns of Myc siRNA-transfected 

foreskin fibroblast cells under both serum starvation and stimulation conditions and 

compared them with ChIP-chip data at the same conditions (Kim 2005) (Figure 3.6A). 

Although serum-starved and stimulated fibroblasts showed more differentially regulated 

genes compared to the same cells under normal conditions, it was hard to detect 

significant changes between different time points. Variation between groups was likely 

due to different transfection efficiencies rather than random effects caused by stimuli. 

Generally, Myc targets for foreskin fibroblasts during cell cycle transition from 

quiescence to proliferation conditions were very similar to those for Hela and fibroblasts 

under normal conditions (Figure 3.6B). However, some differences were observed. For 

example, CDKN1A (p21, cip1) was shown to be repressed by Myc under normal 

conditions in both Hela and foreskin fibroblasts (Figure 3.6C). Interestingly, under serum 

starvation and stimulation conditions, it showed no change or was slightly induced while 

its promoter was still occupied by Myc protein, implying other factors might need to be  



 

 
 
 

Figure 3.4. Cluster image of Myc, Max ChIP-chip data and siRNA transfection data. 
Myc and Max data were obtained from Burkitt’s lymphoma cells (Li, Van Calcar et al. 
2003). Red in the left two lanes indicates Myc or Max binding happens upstream of that 
particular gene. Myc and negative control siRNAs were transfected into normal Hela and 
fibroblasts and the global expression changes were compared. Negative control siRNA 
treated cells were labeled with Cy5 so that those putative Myc-induced genes were shown 
as red while Myc-repressed genes were shown as green in the right four lanes. 116 genes 
were shown to be bound by Myc and Max while they could also be induced by Myc, 
which was indicated by red bar. 149 Myc-binding genes were shown to be repressed by 
Myc as indicated by green bar.  
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Functional Category Gene Name 
Protein Biosynthesis 
 

RPL9, RPL11, RPL31, RPL35, MRPL40, 
RPS27A, RPS20, RPS13, RPS16, RPS5, 
EIF2S1, EIF3S2, DARS, MARS, DPH2L1, 
MTRF1 

Metabolism 
 

PYCR1, TXNRD1, GPD1, PDHA1, ADK, 
APEH, FABP5, NDUFS1, NDUFS6, 
SUCLG1, HADH2, METTL1, LTA4H, 
PCMT1, ALDH5A1, GATM, CAPN7, PTS, 
ATP5G2, ATP5C1, ATP5B, PAFAH2, CAD, 
LIPA, LAPTM5, PRPSAP1, PPT2, MTHFS, 
GAD1, TLL2, DDAH2, BTN2A1, GLUL, 
NFE2L1, PDXK, TLL2, ATP5S, PDK2, 
PPAP2A, DPM2, PPIL2, CCS, PPIF, 
ABCG1, PPGB, CYP2J2, GCS1 

Cell cycle 
 

GSPT1, CCT7, NME1, MCM3, APPBP1, 
TPD52L2 , CUL5, CDKN1B, BCAR3 

Signaling 
 

PPP3CB, GNAL, MAPKAPK5, VIPR1, 
RHEB, RET, COPS3, YWHAH, RGL2, 
MAPK7, DYRK1B, NFKBIB, PPAP2A, 
SAV1, PRKCH, IL4R, PTGFR, EDG1, 
IL6ST, PLK2, TGFA 

Transcription factor 
 

BTF3, GAS41, CREG1, YEATS4, SMAD3, 
NFAT5, MEF2D, IRF3, E2F3, MLL4  

Cytoskeleton CAPZA1, TESK2, KIF3C, CD97, ARPC4, 
LLGL1, PAK4 

Apoptosis APPBP1, RIPK2, DAXX, EP300, IKBKG, 
BAG1, LTBR 

 
 
 
Table 3.1. List of putative Myc target genes identified by combining ChIP-chip from 
Burkitt's lymphoma cells (Li, Van Calcar et al. 2003) and our siRNA expression data 
from Hela and foreskin fibroblasts under normal conditions. Red indicates genes are 
induced by Myc and green means they are repressed at high Myc level. Genes related to 
protein biosynthesis, metabolism, cell cycle, signaling, cytoskeleton, apoptosis and 
transcription factors are listed.



Figure 3.5. Expression of Myc target genes correlates with levels of Myc transcript in 

 63



 64

human tissues and cell lines. Expression data for 453 Myc target genes in 46 human 
tissues and cell lines were reported previously and compared with our Hela and 2091 
Myc siRNA treatment data (right 4 lanes). Upper panel shows the relative Myc mRNA 
levels in different cells and tissues. Result shows high correlation between our data and 
previous data with high Myc expression. 



 
 

 
Figure 3.6. (A) Cluster image of genes present in both Myc ChIP-chip data (blue bar), 
Myc siRNA treatment data under serum starvation and stimulation conditions in  
foreskin fibroblasts (black bar) and normal conditions in fibroblasts and Hela cells (red 
bar) with less than 20% missing data. (B) A cluster of 371 Myc-responsive genes. Genes 
with absolute log ratios higher than 0.8 in at least 5 experiments were selected and 
clustered as shown in the figure. (C) Different regulation of cell cycle inhibitors and 
JUNB genes. Experiments are arranged in the same order as A. 
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recruited to form a complex for the repression function. CDKN1B (p27, kip1) was shown 

to be bound by Myc in ChIP-chip data by another study (Li, Van Calcar et al. 2003), 

while no binding was detected in our normal Hela and conditional fibroblasts. The 

expression data showed a pattern similar to CDKN1A, which was strongly repressed 

normally but unchanged during cell cycle progression, indicating that CDKN1B 

repression during serum stimulation may be regulated through pathways independent of 

Myc (Figure 3.6C). It was also worth noting that JUNB, a known SRF target, was 

strongly repressed under normal conditions while less repressed or showing no change 

during cell cycle progression (Figure 3.6C). The Myc binding data showed that the 3’-

UTR of JUNB was occupied by Myc under all conditions (Kim 2005). All these data 

suggest that different regulatory pathways may be applied during cell cycle reentry as 

compared to normal growth.  

In spite of the many similarities between Myc responsive genes in Hela cells and 

foreskin fibroblasts, we used one-way ANOVA with α=0.01 to find genes differentially 

expressed between normal Hela, normal fibroblasts and conditional fibroblasts (Figure 

3.7). Gene clusters specifically induced or repressed in individual group were thus 

identified. These genes were further classified into different functional groups. In group 

A genes which showed strong induction (Myc-induced) in Hela cells but much less 

induction or repression in fibroblasts, around 50% of genes were related to cellular 

metabolism and 10% were cell proliferation-related genes including cyclin D1. 

Compared to group A, group B with genes strongly repressed in Hela but less repressed 

or induced in fibroblasts had much fewer metabolism related genes. Instead, a significant 

number of genes were apoptosis-related, which included a number of apoptosis-inducing 

genes such as BIK, STK17A, RIPK1, and BCL10. This was conceivable since Hela is a 

malignant cell line which shows strong proliferation potential and less apoptosis potential  



 
 
 

Figure 3.7. Differentially expressed Myc-responsive genes. One-way ANOVA was used 
to identify differences of Myc-responsive genes between normal Hela cells, normal 
foreskin fibroblasts (2091) and fibroblasts under serum/FGF starvation/stimulation 
conditions (p≤0.01). Group A indicates genes induced by Myc in Hela cells but repressed 
or slightly induced in fibroblasts. Group B contains genes strongly repressed by Myc in 
Hela but not in fibroblasts. Group C consists of genes only repressed at normal condition 
but not at other conditions. 
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compared to normal fibroblasts. Also the I-κB kinase/NF-κB cascade was found to be 

differentially regulated between these two cell lines. In group C with genes repressed 

under normal conditions in both cell lines but no change or slightly induced under other 

conditions, we were able to see some transcription factors such as JUNB, FOXO3A, 

IER3, SP1, SIX5 and a few NF-κB related genes such as NFΚBIA and NFKBIE, 

indicating that these genes were only repressed by Myc under normal conditions but 

either unaffected or slightly induced by Myc during cell cycle transition from quiescence 

to proliferation.  

Overall, global Myc binding sites seemed to be conserved among different cell 

types or within specific cell types but under different conditions, and their targets were 

largely conserved as well. The difference only appeared in the magnitude of binding 

affinity, which was likely to be related to Myc protein levels in different cells in our data. 

However, the real targets they directly regulated seemed to be fewer than the binding 

sites, which implied that many sites were only occupied by Myc without transcriptional 

regulation. There were no observable differences between Myc targets between different 

time points during cell cycle transition. However, we did see some differences between 

different cell types which we thought were related to physiological status of different cell 

lines.   

Unlike Myc, which has a large number of targets, the targets for SRF are fewer 

and only many of them have been well-defined in terms of molecular function. A lot of 

SRF targets are cell-type specific, as a number of muscle cell-specific or neuronal-

specific targets have been identified (Du, Ip et al. 2003; Chang, Poser et al. 2004). In 

addition, a few immediate early response genes were shown to be activated through the 

association of SRF with ternary complex factors (TCFs) in a MAPK signaling-dependent 

manner (Buchwalter, Gross et al. 2004). In our study, we transfected foreskin fibroblasts 
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with SRF siRNA and identified SRF-responsive genes under normal conditions or during 

cell cycle progression from G0 to G1. A total of 407 targets with unique Unigene IDs 

were obtained (Figure 3.8A). Since there is no publicly available ChIP-chip dataset for 

SRF, we used computational tools to predict SRF direct targets. Out of 328 genes whose 

transcription start sites were available in ENSEMBL database, 27.7% (91) showed at 

least one SRF binding site between 5kb upstream and 500 bp downstream of the 

transcription start site. Many known SRF direct targets were included in this list, such as 

CYR61, JUNB, EGR2, and FHL2. Among them, a significant number of genes were 

related to cell migration (2%, p=0.0001), apoptosis (5%, p=0.0016) and cytoskeleton 

organization (3%, p=0.0018). It was also interesting to see that the KEGG pathway 

reported 4% of genes (p=0.00037) were involved in focal adhesion, which is consistent 

with a previous report that SRF is crucial for actin cytoskeletal organization and focal 

adhesion assembly (Schratt, Philippar et al. 2002). We also saw some genes (18%) that 

were involved in signaling pathways, for example, RRAS2 was found to be induced 

under all conditions while MRAS was only induced at 4 hours after mitogen stimulation. 

SOCS3 was induced only at 1 hour and GADD45B was induced at both 1 and 4 hours 

after mitogen stimulation, which is consistent with the data from previous chapter. A few 

receptors were also found in this group, including EDG3, FLT1, IGF1R, LEPR, and 

LIFR.   

Since SRF is phosphorylated and activated shortly after serum stimulation in 

serum-starved cells, we further checked whether these 407 putative targets were activated 

in our previous microarray data of quiescent fibroblasts in response to serum/GFs (Figure 

3.8B). In spite of some inconsistency within the biological repeats, we were able to see 

that more than 50% of them were actually induced more or less in most experiments, 

which included genes with functions related to cell migration, adhesion, cytoskeletal  



 
 
Figure 3.8. (A) A cluster of 407 SRF-responsive genes. Genes consistently induced to 
more than 0.6 (log median ratio) in at least 5 arrays were combined with conditionally 
induced ones identified by ANOVA (p≤0.01) to form a final cluster of 407 genes. (B) The 
expression pattern of 407 SRF responsive genes in FGF/Serum stimulated quiescent 
fibroblasts or LY294002 treated quiescent fibroblasts followed by serum/GFs stimulation 
as described in our previous study. Genes consistently induced by FGF/Serum 
disregarding LY294002 treatment were listed.  
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reorganization, ECM synthesis, apoptosis, and a number of well-known IEGs such as 

CYR61, JUNB, EGR2, and EGR3. It was reported previously that SRF functions in ECM 

and cytoskeletal reorganization in a RhoA activation-dependent manner (Sahai, Alberts et 

al. 1998). Therefore blocking the RhoA pathway would greatly affect cytoskeleton-

related functions rather than apoptosis or IEGs. This was proven by the LY294002 

treatment, where a number of putative target genes related to cell mobility, adhesion or 

skeleton were strongly repressed when the RhoA pathway was blocked by a PI-3K 

inhibitor, while IEGs and apoptosis-related genes were unaffected (Figure 3.8B).  

3.3 DISCUSSION 

In the previous chapter, we obtained the transcriptional profiles reflecting the cell 

cycle progression from G0 to G1 in fibroblasts. Although a great number of induced and 

repressed genes have been identified in our and other studies, it is still unclear how they 

were regulated in a concerted manner at both transcriptional and post-transcriptional 

levels upon growth factor binding to its cognate receptor on cell surface. In this study, we 

focused on the identification of both direct and indirect targets for two very important 

early transcription factors, Myc and SRF. We hoped that discovery of genes directly 

regulated by them could help us better understand their pivotal roles in fibroblasts’ 

response to serum, thus extending our view of the transcriptional regulatory network 

during the fibroblast cell cycle reentry.  

3.3.1 Genes co-regulated by two transcription factors 

The identified Myc and SRF-responsive genes were consistent with those 

previously identified in other cell lines using different methods (Li, Van Calcar et al. 

2003; Philippar, Schratt et al. 2004). From our data, the Myc targets were shown to be 

related to metabolism, biogenesis, the cell cycle, and apoptosis, while SRF was able to 
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induce IEGs, genes related to cytoskeleton, ECM, cell migration, myogenesis, and 

apoptosis. A small number of genes were found to be regulated by both transcription 

factors. A group of genes, including signaling molecules such as PRKCZ and OPN1SW, 

biogenesis related genes such as EIF4EBP2 and EIF3S6, transporters such as SLC7A5 

and CLCN3 were found to be induced by both transcription factors. It was also 

interesting to point out that RNAi pathway-related gene DICER1 was also in this group. 

It has been reported that DICER1 is a miRNA-producing and long dsRNA-processing 

enzyme and is essential for zebrafish and mouse development (Bernstein, Kim et al. 

2003; Wienholds, Koudijs et al. 2003; Harfe, McManus et al. 2005). It was thus 

postulated that Myc or SRF-induced DICER1 expression might be involved in making 

miRNAs, which was further evidenced by several recently identified miRNA targets for 

these two transcription factors (O'Donnell, Wentzel et al. 2005; Zhao, Samal et al. 2005).  

Another group of genes, from which we were able to find several positive cell 

proliferation regulators such as TNFSF13B and IGF1R, anti-apoptosis genes such as 

PRLR and SNAI2, a few structure-related genes such as CDC42EP4, NEDD9, and FN1, 

was repressed by Myc but induced by SRF. Two transcription factors – JUNB and 

DMTF1 were also identified as common targets. However, in Myc targeted repression, 

JUNB was found to be repressed under normal conditions in both Hela and fibroblasts 

while DMTF1 was only repressed in Hela cells. All the structure-related genes were 

repressed under normal conditions by Myc but not by serum starvation or stimulation, 

implying the negative regulation may only happen under normal conditions. For genes 

related to proliferation and apoptosis, both positive and negative regulation existed and 

was directed by different transcription factors. The seemingly contradictory results may 

imply a fine balance between these two important cellular processes regulated by these 

two transcription factors. 
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3.3.2 Conditionally expressed target genes 

Since Myc and SRF were induced to peak levels at around 2 hours after 

serum/GFs stimulation, it was reasonable to postulate that they might have some 

condition-specific targets between different time points after serum stimulation. 

However, we failed to identify any Myc conditional targets from the expression data, 

which might be partially due to relatively large variation caused by differential 

transfection efficiency in different experiments. It was observed that the differences 

between normal and serum starvation/stimulation or fibroblasts and Hela cells were much 

larger than those among different time points after serum stimulation. Given that the Myc 

binding sites in these cells under different conditions were totally dependent on the 

absolute Myc expression level, the real regulation of Myc targets could be much more 

complicated than previously thought, and it appeared that Myc binding was not 

necessarily correlated to gene expression regulation.  

SRF targets showed a slightly different pattern, in which target genes were 

activated at different time points and the timing was consistent with the induction time of 

these genes as indicated in our previous data. These IEGs were known to be involved in 

G0 to G1 progression in a TCF-dependent fashion by sensing signals from MAP Kinase 

signaling cascades (Gille, Kortenjann et al. 1995; Treisman 1996). Another group of 

genes which were activated in a TCF-independent pathway, primarily through the 

involvement of Rho-A signaling, were mainly related to actin-dependent cellular 

processes. Unlike Myc, whose activity was thought to be regulated at both protein 

stability and translation rate through RAS and PI-3K dependent pathways (West, 

Stoneley et al. 1998; Sears, Nuckolls et al. 2000), TCF and SRF were phosphorylated and 

activated mainly by MAPK pathway to induce a group of IEGs (Ducret, Maira et al. 

2000; Bebien, Salinas et al. 2003). The activation and interaction of SRF with TCF is 
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critical to cellular proliferation and survival (Vickers, Kasza et al. 2004).  Our data 

demonstrated that several IEGs were targeted by SRF in PI-3K independent manner, 

including JUNB, EGR2, EGR3, ID2, CYR61, and BCL10 (Figure 3.8B). Interestingly, 

most TCF-SRF regulated genes showed strong time points-dependent patterns as 

compared to Rho-A pathway-dependent genes, indicating that the activation of these two 

groups of genes was temporally controlled. It was still not clear whether this was due to 

timely phosphorylation of SRF or recruitment of transcriptional coactivators. In another 

study, gene expression response to different stresses was monitored (Murray, Whitfield et 

al. 2004). It was interesting to see a few SRF targeted IEGs, such as FOS, JUNB, 

GADD45B, and EGR1, were upregulated after DTT induced ER stress, while other IEGs 

such as EGR2 and EGR3 showed no change but SRF and CYR61 were repressed. This 

implies that SRF targeted gene expression may be far more complicated as we thought. 

3.3.3 Cell proliferation and wound healing 

Serum/GFs stimulation of quiescent fibroblasts mainly induces two important 

cellular processes, cell cycle reentry and wound healing response. It is unclear how these 

two processes are finely controlled by various transcription factors. Previous study 

showed that these two processes are not necessarily coupled, indicating separately 

controlled mechanisms (Swamy, Tan et al. 2004).  Myc is known as an essential 

mediator of cell growth and proliferation (Pelengaris, Khan et al. 2002). Our data 

confirmed its important role in cell cycle reentry as a group of genes related to cell cycle 

progression and apoptosis were expressed in a Myc-dependent manner. The molecular 

function of SRF was considered to be largely involved in cytosletetal reorganization, 

focal adhesion, and apoptosis. However, its relationship with cell cycle progression 

remains unclear. One study showed that dominant-negative SRF caused cell cycle arrest 

in G1 in 3T3-L1 cells (Poser, Impey et al. 2000). The cell cycle arrest was likely due to 
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the disruption of ternary complexes which was important in the transcriptional activation 

of genes related to growth arrest and apoptosis (Vickers, Kasza et al. 2004). However, in 

ES cells, impairment of SRF expression did not substantially alter the proliferation rate 

even though the same groups of IEGs and cytosleleton-related genes were repressed 

(Schratt, Weinhold et al. 2001). For those genes consistently induced/repressed by 

different stimuli from our previous study, we checked how many are expressed in Myc or 

SRF-dependent manner. We found that 21.1% of 468 genes were regulated by either of 

them (16.5% if we only consider Myc direct targets). Among them, Myc regulated genes 

were mainly related to cell proliferation, metabolism and protein biosynthesis. More than 

half of the genes related to cell defense and inflammation were also shown to be 

regulated by Myc. SRF mainly regulated apoptosis-related genes and genes involved in 

wound healing, such as angiogenesis, cell adhesion, cytoskeletal reorganization and 

ECM. These observations indicated that Myc and SRF collaborated in regulating cell 

cycle progression by controlling the expression of cell proliferation and apoptosis-related 

genes while SRF was partially responsible for wound healing response.  

Generally, Myc activation by different signaling pathways was likely to be an 

additive effect while SRF seemed to regulate different groups of genes by different 

pathways organized in a temporal manner. In both cases, the recruitment of other 

transcriptional activators or repressors was of extreme importance. Myc was able to 

either activate or repress target gene expression by recruiting different cofactors, while 

the activation of coactivators for SRF was controlled by different pathways and was able 

to distinguish different downstream targets. However, other groups have reported the 

observation of concurrent SRF binding with other transcription factors such as SP1 and 

CREB (Sartorelli, Webster et al. 1990; Sealy, Malone et al. 1997), which increases the 
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possibility that SRF cooperates with other transcription factors in controlling gene 

expression.  

 

3.4 MATERIAL AND METHODS  

3.4.1 Cell culture and Reagents 

Hela and 2091 cells were purchased from American Type Culture Collection 

(ATCC) and cultured at 37°C in Delbecco’s minimal essential medium supplemented 

with 10% fetal bovine serum and 100 units penicillin-streptomycin. Fibroblast growth 

factor (FGF) was prepared as instructed and added to the medium to a final concentration 

at 100ng/mL. Opti-MEM I reduced Serum Medium and Lipofectamine 2000 were 

purchased from Invitrogen, CA. 

3.4.2 Transient transfection 

Approximately 24 hours before transfection, Hela cells and 2091 cells were plated 

at 2 × 105 cells/well and 1.2 × 105 cells/well respectively in 6-well plates in Delbecco’s 

minimal essential medium supplemented with 10% fetal bovine serum and no penicillin-

streptomycin. Cells were transiently transfected with in vitro synthesized siRNA. For 

Hela cells, Lipofectamine 2000 was mixed with 250µL Opti-MEM I Reduced Serum 

Medium to a final concentration of 1 µg/mL and incubated for 15 minutes at room 

temperature. 1µg of Myc siRNA or 125pmol SRF siRNA was diluted in 250µL Opti-

MEM I reduced Serum Medium, mixed with 250 µL pre-incubated Lipofectamine 2000 

and incubated for another 15 minutes at 25°C. Finally, 500µl siRNA-Lipofectamine 2000 

complexes were added to Hela cells in 2mL plating medium. For 2091 cells, 2µg/mL 

lipofectamine 2000 was used rather than 1µg/mL for Hela. Also, the lipofectamine 2000 

was incubated in Opti-MEM I reduced Serum Medium for 5 minutes and the siRNA-
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Lipofectamine 2000 complexes were incubated for 20 minutes. Cells with siRNA-

Lipofetamine 2000 complexes were mixed gently and incubated at 37°C in a CO2 

incubator for 48 hours. For serum starvation/stimulation experiments, cells were 

incubated at 37°C for 6-8 hours. Cells were then washed three times by pre-warmed 

serum-free medium without antibiotics and growth medium was changed to 0.1% FBS 

DMEM without antibiotics. Cells were incubated for 48 hours before growth medium 

was replaced by 10% FBS DMEM without antibiotics or 0.1% FBS DMEM with 

100ng/mL FGF. 

3.4.3 Total RNA isolation, RNA amplification, and microarray 

Total RNA was prepared from cells using Trizol (Invitrogen, CA) according to 

the manufacturer’s protocol. RNA amplification was done using 1 µg of total RNA. 

Protocols for RNA amplification and microarray were the same as described in Chapter 

2. 

3.4.4 Preparing siRNA oligonucleotides  

Myc siRNA oligonucleotides were made by in vitro transcription. A T7 promoter 

sequence was designed with 5’-

GTGAATTGTAATACGACTCACTATAGGGAGACAGG-3’ and synthesized (IDT, 

Coralville, IA). DNA primers for two (sense and antisense) Myc sequences and two 

negative control sequences were purchased from Ambion. 20µM T7 promoter was first 

annealed with 20µM sense or antisense Myc or negative control sequences in 10mM pH 

8.0 Tris, 1mM EDTA and 50mM NaCl for 5 minutes at 70°C and 5 minutes at room 

temperature. Then, Exo-klenow (NEB) and 1mM dNTP were added and mixture was 

incubated at 37°C for 30 minutes. After that, 2µL sample was transferred to another tube 

and used as template for in vitro transcription using T7 MegaScript kit (Ambion, TX). 



 78

Samples for sense and antisense strands were combined after incubating at 37°C for 2 

hours. Combined samples continued to incubate for another 8-12 hours at 37°C. 10µl 

10×RNase reaction buffer (10mM EDTA, 100mM pH 7.5 Tris, 2M NaCl) was then 

added to 40µl samples along with 1µl RNase T1 (Ambion, TX), 2.5µl DNase I (Ambion, 

TX) and 47µl water. Samples were incubated at 37°C for 1.5 hour and then precipitated 

by adding glycogen, 3M sodium acetate, and isopropanol followed by incubation on ice 

for 5 minutes. After spinning down at room temperature for 15 minutes, pellets were 

washed with cold 70% ethanol once and spun down again. Pellets were then air-dried in a 

clean hood and resuspended in 50µl DEPC treated water for use.  

SRF siRNA oligonucleoteides were purchased from Ambion with sequence 

information as follows: Cat#4593: Sence: 5’-GGCCAUGUGUAUACCUUUGtt-3’, 

Antisence: 5’-CAAAGGUAUACACAUGGCCtg-3’; Cat#4685: Sense: 5’-

GGUGAUAUUUUUAUGUGCAtt-3’, Antisense: 5’-

UGCACAUAAAAAUAUCACCtc-3’. 

3.4.5 Western blot analysis and RT-PCR 

siRNA knockdown efficiency was examined by either western blot or semi-

quantitative PCR. For western blot, we used the same protocol as described in Chapter 2. 

RT-PCR was performed using 1 µg total RNA and random hexamer primers (Amersham 

Biosciences, NJ). First strand synthesis was done by SuperScript II as recommended by 

manufacturer’s instruction (Invitrogen, CA). Products were then RNase H treated and 

2µL was used for the following PCR. PCR primers were designed as follows: SRF 

forward 5’-AGTTCATCGACAACAAGCTGCGG-3’, SRF reverse 5’-

TACTCTTCAGCACAGTCCCATTGG-3’, GAPDH forward 5’-

GAGTCAACGGATTTGGTCGT-3’, GAPDH reverse 5’-

TTGATTTTGGAGGGATCTCG-3’, C-Myc forward 5’-
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ACGAAACTTTGCCCATAGCA-3’, C-Myc reverse 5’-

GCAAGGAGAGCCTTTCAGAG-3’. 25 cycles were used for all the PCR reactions. 

3.4.6 Data analysis 

Myc targets under normal conditions were selected by downloading ChIP-chip 

Myc binding data for Burkitt's lymphoma cells and combining with two repeats of Hela 

and 2091 Myc knockdown expression data. Hierarchical clustering was performed, and a 

cluster of consistently upregulated genes was selected from the image. This cluster of 

genes indicated both Myc binding and downstream gene repression after Myc depletion, 

namely Myc-activated genes. Another cluster of genes showing Myc binding and 

downstream gene activation after Myc depletion was considered to be Myc-repressed 

genes. To identify Myc conditional targets or cell-type conditional targets, one-way 

ANOVA was performed either between different time-points or different cell-types. α= 

0.01 was used as the cutoff value and differentially expressed genes were thus selected 

and subjected to hierarchical clustering. ChIP-chip data (Kim 2005) were also used to 

compare with expression data and identify direct Myc targets. 

To identify SRF targets, we first chose those with more than 0.6 fold (log ratio) 

change in at least 5 experiments from total 12 experiments, which included 3 repeats at 

normal condition, 2 sets of serum starvation and serum stimulation with 0hr, 1hr and 4hr 

time points and 1 set of serum starvation and FGF (100ng/mL) stimulation with the same 

intervals. Conditional targets were identified by comparing data from different time 

points using one-way ANOVA and set the cutoff value to α= 0.01. SRF-responsive targets 

were obtained by combining genes identified by the above two methods. 

Transcription start sites relative to human genome sequence were obtained for 

putative SRF target genes from the DataBase of Transcription Start Sites (September, 

2005 Release 5.0.1) based on UCSC hg17 (Suzuki, Yamashita et al. 2004). 5kb upstream 
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and 100bp downstream sequences from the transcription start sites were extracted. The 

computer program Match (public version 1.0), distributed with the TRANSFAC database 

(Biobase Biological Database), was used to identify putative SRF binding sites with each 

sequence. All positions with score greater than predefined Match thresholds that 

minimize the sum of both false positives and false negatives were considered matches in 

the subsequent analysis. Genes were tested using two SRF matrices, V$SRF_C 

(DCCWTATATGGNCWN) as well as V$SRF_Q6 (GNCCAWATAWGGMN). 

Functional annotation and classification was done in the Database for Annotation, 

Visualization and Integrated Discovery 2.1 (DAVID) (Dennis, Sherman et al. 2003). 
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Chapter 4: miRNA Profiling of Quiescent Fibroblasts in Response to 
Serum 

4.1 INTRODUCTION 

The function of small non-coding RNA molecules in post-transcriptional 

regulation of gene expression has received great attention in recent years (Zamore and 

Haley 2005). This type of regulation, mostly known as RNA silencing, was originally 

thought to be a cellular defensive way against transposons and pathogens. However, 

recent results revealed that a large number of endogenous genes are actually controlled 

by this mechanism (Lim, Lau et al. 2005). Different types of small RNAs such as 

microRNAs (miRNAs), small interfering RNAs (siRNAs), and repeat-associated small 

interfering RNAs (rasiRNAs) have been identified based on their origins while their 

functions are believed to be very similar. 

MicroRNAs (miRNAs) are ~22bp small RNA molecules. They were first 

identified in C. elegans (Lee, Feinbaum et al. 1993) and then discovered in other 

multicellular organisms with an estimate of up to 1,000 in vertebrate genomes 

(Berezikov, Guryev et al. 2005). Unlike siRNA, which shows a perfect match with its 

target, most miRNAs are highly conserved across different genomes and are only 

partially complementary to their target mRNAs. The genome organization of miRNA 

genes is not random. More than half of them are located within known genes and are co-

expressed with that host gene(Rodriguez, Griffiths-Jones et al. 2004). Moreover, greater 

than 40% of them are in genomic clusters and are generally co-expressed though the 

biological meaning for this is still unclear (Baskerville and Bartel 2005). Another 

interesting report shows that 52.5% of human miRNA genes are located in cancer-
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associated genomic regions or in fragile sites, which implies a role of miRNA in cancer 

development (Calin, Sevignani et al. 2004).  

Based on their sequence conservation and genomic locations, it is conceivable 

that miRNAs may play a very important role in cellular function. The critical function of 

a small number of miRNAs has been demonstrated by different approaches based on both 

forward and reverse genetics, which is related to vertebrate development and disease. 

However, the function remains unproven for the majority of miRNA species. When using 

a computational targets prediction approach in mammals, it was found that ~10% to 30% 

of the genes might be under control of miRNAs and that hundreds of putative targets 

could be regulated by a single miRNA (John, Enright et al. 2004; Krek, Grun et al. 2005).  

The mechanism of how miRNA works is also under intense investigation. It was 

proposed that miRNA can mediate target gene downregulation by translational inhibition 

of target mRNA expression. This was supported by two different models. The first one 

suggests that binding of miRNA to its cognate mRNA targets affects only the 

translational elongation and protein release but not the mRNA biogenesis and translation 

initiation (Olsen and Ambros 1999; Seggerson, Tang et al. 2002). This translation 

repression was suggested to be related to specific cytoplasmic foci which are known as 

processing bodies (P-bodies) (Liu, Valencia-Sanchez et al. 2005). Another model 

suggests a target mRNA cleavage function of miRNAs with evidence coming from 

microarray experiments (Lim, Lau et al. 2005). Recent study on lin-4 targets in C. 

elegans shows a significant decrease of lin-14 and lin-28 mRNA levels in response to lin-

4 overexpression, indicating that miRNA regulation at mRNA level might be more 

common than previously appreciated (Bagga, Bracht et al. 2005). These observations lead 

to a possible way of identifying miRNA targets by microarray technique combined with 

knockdown or overexpression of a specific miRNA. 
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 Like mRNA expression, miRNA expression indicates the signatures in cells or 

tissues under certain conditions. It is highly likely that the miRNA expression pattern 

changes with the conditions in order to regulate multiple cellular processes. Therefore, 

determining the miRNA expression pattern is essential for understanding both the 

mechanism of miRNA transcriptional regulation and the putative role of miRNAs in cell 

function. A few methods based on microarray technology have been developed to 

evaluate miRNA expression patterns. The first miRNA array spotted 44 oligonucleotides 

representing selected mouse and rat miRNAs onto a nylon membrane, followed by 

hybridization with radioactively labeled miRNA samples (Krichevsky, King et al. 2003).  

Glass slide based microarrays have been developed using different length of probes 

covalently attached to the slides (Liu, Calin et al. 2004; Miska, Alvarez-Saavedra et al. 

2004; Shingara, Keiger et al. 2005).  

By applying miRNA microarray technology, we have begun to analyze the 

potential role of miRNAs that have recently been shown to be involved in gene regulation 

in cancer models, in regulating the transition of normal quiescent diploid cells into the 

proliferative state. 

 

4.2 RESULTS 

4.2.1 miRNA profiling of quiescent fibroblasts in response to growth stimulation 

Previously we reported the gene expression profile of quiescent fibroblasts in 

response to different growth stimulations. However, those expression patterns only reflect 

gene expression at the transcription level, so it is still hard to know the change at the 

protein level due to complicated post-transcriptional regulatory mechanisms. 
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Understanding miRNA expression pattern will be beneficial to elucidate gene expression 

regulation at the post-transcriptional level.  

miRNAs can regulate gene expression at the post transcriptional level by either 

inhibiting translation or mediating the degradation of target mRNAs. Although they have 

recently been shown to have a role in the proliferation of cancer cells and stem cells 

(Yekta, Shih et al. 2004; Croce and Calin 2005; Lim, Lau et al. 2005), not much is known 

about the role of miRNAs in the proliferative response of normal, differentiated quiescent 

cells. We noticed that, in our previous study, the set of Class I genes consistently induced 

by all treatments included EIF2C2, a member of the Argonaute gene family and a 

component of the RISC complex involved in post-transcriptional gene silencing by 

miRNAs (Meister, Landthaler et al. 2004; Chendrimada, Gregory et al. 2005) (Figure 

2.1C). We therefore performed miRNA profiling with miRNA microarrays to explore 

alterations in the expression levels of miRNAs in skin fibroblasts during the transition 

from quiescence to proliferation. Total RNA was isolated from asynchronously growing 

cells and from quiescent fibroblasts, followed by miRNA enrichment. We carried out a 

total of 18 miRNA microarray hybridizations using miRNA from 6 independent 

biological samples and dye-swap hybridizations.  

Unlike mRNA expression profiling, cluster image of 18 hybridizations showed a 

lot of variation within biological repeats and dye-swap experiments. The overall 

expression change was not so dramatic when compared to changes between different 

human tissues (Shingara, Keiger et al. 2005). Since the miRNA yield in cell lines is only 

one fourth as that of tissue, it is possible that miRNA related mechanisms are less used in 

cultured cell lines. However, we are still able to identify a cluster of 33 miRNAs showing 

repressed in unsynchronized cells but induced during early proliferation when compared 

to quiescent cells (Figure 4.1).  



 
 

Figure 4.1. Expression profiles of miRNAs in skin fibroblasts. (A) A cluster of 33 
miRNAs induced during early proliferation but repressed in asynchronously growing 
cells and late during proliferation. 10% serum was used in all these stimulation treatments 
except for one FGF (100 ng/ml) treatment as indicated. The colors representing ratios 
from the dye-swap experiments were inverted to be consistent with the non-dye swap 
samples. (B) Averaged expression level for each condition in the above clustering image. 
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4.2.2 Predicted miRNA targets 

miRNAs are known to inhibit the translation elongation of their target mRNAs by 

binding to partially complementary sites in the 3’ UTR, and they usually have multiple 

targets. The 33 miRNAs we identified in this study were induced during early 

proliferation. Therefore, it is reasonable to postulate that their targets might be involved 

in cellular processes related to cell cycle progression, cell apoptosis, or wound healing. It 

is also possible that these miRNAs are located in the negative feedback pathway to 

prevent over-activation of signaling pathways.  

We used a published computational methods to predict possible miRNA targets 

based on sequence homology, optimal free energy, and ortholog searching (Krek, Grun et 

al. 2005). Out of 33 miRNAs, 31 were found in the searchable database 

(http://pictar.bio.nyu.edu). All possible targets were obtained and assigned functional 

annotation using DAVID (http://david.abcc.ncifcrf.gov). A total of 1246 unique Unigene 

clusters were identified when using PicTar score of over 4. Fifteen percent of them were 

related to the regulation of nucleotide metabolism, which yields a p-value of less than 

7.84E-12 based on hypergeometric distribution. Other significant groups include vesicle-

mediated transport, regulation of transcription, and endocytosis according to level 5 GO 

annotation of biological processes. When they were mapped to KEGG pathways, 3 

pathways showed significant enrichment at 0.01 significant levels, including the MAPK 

signaling pathway, the focal adhesion pathway and the GAP Junctions (Table 4.1). 

However, when target genes for 31 randomly selected miRNAs were studied, a large 

overlap was found between them and the targets predicted previously for 31 induced 

miRNAs. More than half of the targets identified in induced miRNA clusters were 

actually present in the random miRNA set. This indicates that either miRNA tends to  

http://pictar.bio.nyu.edu/
http://david.abcc.ncifcrf.gov/
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31 induced miRNAs 31 randomized miRNAs 

Kegg Pathways p-value Kegg Pathways p-value 
MAPK signaling  3e-4 MAPK signaling  1.89e-4 
Focal adhesion 1.44e-3 Wnt signaling  2.91e-3 
GAP junction 8.29e-3 Regulation of actin skeleton 3.9e-3  
  TGF-β signaling 4e-3 
  Cell cycle 5.97e-3 
 
 
Table 4.1. KEGG functional pathways for putative miRNA targets predicted by PicTar 
algorithm. Overall 1246 and 1300 unigene clusters were predicted as targets for 31 
induced miRNA and 31 randomized miRNA, respectively. KEGG pathways were 
searched for possible functional enrichment using DAVID. Pathways showing p-value 
less than 0.01 were shown in the table. 
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target genes involved in certain pathways or poor target prediction was made by current 

bioinformatics tools.  

4.2.3 Expression of a cluster of miRNAs is highly correlated with that of immediate 
early genes  

It has been reported that two early response transcription factors, Myc and SRF, 

are able to regulate the expression of a number of miRNAs (O'Donnell, Wentzel et al. 

2005; Zhao, Samal et al. 2005), though none of those targets were observed in our data. 

Thus, it is highly likely that the expression of miRNAs is regulated by some immediate 

early transcription factors. High correlation in expression patterns between the cluster of 

induced miRNAs and immediate early response genes (IEGs) was observed. Hierarchical 

clustering images showed both miRNAs and some IEGs were consistently induced to 

peak at no later than 4 hours after serum stimulation, but they were repressed at different 

level in unsynchronized cells( Figure 4.2). Transcription factors such as SRF, JUND, 

JUNB, IER2, EGR3, and NR4A1 showed this kind of pattern. However, it was still hard 

to identify miRNA targets for individual transcription factors based on our current data. It 

would be helpful if we could get the whole genome binding data for these transcription 

factors or check miRNA expression patterns in specific transcription factor deletion 

strains. 

4.3 DISCUSSION 

miRNAs have drawn more attention in recent years due to the discovery of their 

diverse and important regulatory functions in cells and tissues. However, their gene 

structures, mechanism of action, and the scope of their biological roles are just beginning 

to be understood. Even their total number in cells remains a mystery. miRNA profiling 

provides a fast and easy way to monitor their expression in different tissues or cell lines.  

Identification of miRNAs specifically expressed in a certain tissue or cell type may help  
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Figure 4.2. A cluster of immediate early genes (IEGs) consistently induced by serum and 
different growth factors within 4 hours after treatments. The expression pattern of this 
cluster of genes in unsynchronized 2091 cells were compared with that from quiescent 
cells so that red indicates high expression in unsynchronized cells while green indicates 
high expression in quiescent cells. A group of immediate early transcription factors were 
listed and those that have been proven to be SRF targets were shown as red. 

KLF4 
ID2 

SMAD3 
IER2 
JUNB 
FOS 
MAD 
JUND 
EGR3 

NR4A1 
ZNF 553 
ZNF 652 
ZNF 275 
ZNF 537  
ZNF 654  

Unsync vs. quiescent
SRF 

Myc 



 90

us better understand the molecular functions it might be involved (Zhao, Samal et al. 

2005). In our previous study, we found that an RNA interference related gene, eIF2C2, 

was consistently induced in all treatments, which might give us some hint about the 

possible involvement of RNAi in growth stimulation (Nelson, Hatzigeorgiou et al. 2004). 

In the current study we checked miRNA expression patterns during quiescent cell 

response to serum and identified miRNAs involved in this biological process. We 

predicted their possible targets and also tried to find out how they were regulated. 

A total of 18 hybridizations were done using Ambion kits and miRNA arrays 

printed in our lab. Unlike mRNA hybridization, miRNA expression showed higher 

variation within biological repeats as well as dye-swap experiments from identical 

samples. The variation within biological repeats is easy to understand since the overall 

expression change for 2091 cells during cell cycle transition is relatively smaller as 

compared to other reported miRNA profiling experiments studying tissue-specific and 

cell type-specific miRNA expression (Shingara, Keiger et al. 2005).  The inconsistency 

between dye-swap experiments may result from dye-specific factors. According to the 

protocol we used, poly(A) polymerase was used to add aminoallyl-UTP/UTP to the 3’ tail 

of miRNAs, generating a stretch of poly(U) with closely distributed aminoallyl groups. 

Since it has been observed that close proximity of Cy5 results in dye quenching, the 

control of aminoallyl-UTP/UTP ratio is very important (Gruber, Hahn et al. 2000; t Hoen, 

de Kort et al. 2003). Therefore, an optimal condition might be needed for balance 

between accuracy and sensitivity. Another source of variation might come from the data 

normalization. Since there are only around 400 spots on the array, it is risky to use global 

intensity for normalization and it is also hard to find any internal control for 

normalization. Thus, new methods need to be developed to overcome these drawbacks.  
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A few miRNAs in this cluster have been studied before with functions related to 

cell differentiation, proliferation, and apoptosis, suggesting possibly important function in 

fibroblasts. For example, it was found that depletion of miR-125b resulted in significant 

proliferation defects in a prostate cancer cell line (Lee, Kim et al. 2005). In another study, 

miR-125b and miR-145 were found to be downregulated while mir-21 was upregulated in 

breast cancer when compared to normal breast tissue (Iorio, Ferracin et al. 2005). Also, 

mir-143 was believed to be involved in adipocyte differentiation (Esau, Kang et al. 2004), 

and miR-143 and miR-145 were displayed at reduced levels at the adenomatous and 

cancer stages of colorectal neoplasia (Michael, SM et al. 2003). miR-21 was shown to be 

an antiapoptotic factor in human glioblastoma cells (Chan, Krichevsky et al. 2005), and 

miR-15a induces apoptosis by targeting bcl2 (Cimmino, Calin et al. 2005). All these data 

indicate the altered expression level of miRNA was either the cause or the result of tumor 

progression. In fibroblasts, however, very little is known about the miRNA expression 

program. Also, it is not very clear whether same miRNA has same targets in different cell 

lines.  

Recent studies showed that all animal miRNAs target regions within the 3’ UTRs 

of mRNAs by imperfect base pairing. The main interaction between miRNA and mRNA 

is the perfect complementarity between nucleotides at position 2-8 of the miRNA (Lewis, 

Shih et al. 2003). A recent paper used perfect matches of the first 7 nucleotides and 

allowed G-U wobble at position 8 to predict miR-1 targets (Zhao, Samal et al. 2005). 

Generally, pairing of the 5’ region to the target mRNA is sufficient to cause repression. 

However, the determinant for the interaction is likely to be the free energy of duplex 

formation instead of exact complementarity (Doench and Sharp 2004). Since miRNA 

sequences are highly conserved across species, it is likely to be true that the real 3’-UTR 

targets will be also conserved between different organisms. Most of the current miRNA 
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target predicting methods are based on these criteria, while only the algorithm, scoring 

scheme and the report format might be different. The PicTar method we used first located 

all perfect matches starting at position 1 or 2 with length 7 at the 5’ end of the miRNA or 

imperfect matches with free energy lower enough to pass the filter. The numbers of these 

locations in the alignments for all species were then counted and scored by the maximum 

likelihood method. Scores from all orthologous transcripts were combined to obtain a 

final PicTar score.  

Among the targets predicted by PicTar, we were able to see genes related to the 

MAP Kinase signaling pathway enriched to a significant value by either a selected group 

of miRNAs or a random miRNA set. However, only a defined number of miRNAs are 

expressed in a given cell type. For example, in 2091 fibroblasts, only around 50% 

miRNAs have detectable expression levels. This raises the possibility that functionally 

overlapping miRNAs might play roles in different developmental stages, cell lines or 

tissues. Actually, it has been observed that miRNAs form families based on sequence 

homology (Altuvia, Landgraf et al. 2005). Interestingly, miRNAs in the same family 

share very similar 5’ sequences. Therefore, their predicted targets would be almost 

identical based on current prediction methods. In some cases such as the let-7 family, 

there are only one- to two-nucleotide differences within family members, so current 

methods may not be able to distinguish their targets. However, whether miRNAs from 

the same family are present in the same cell line or tissue and whether they have common 

targets is not clear yet. The biological properties of miRNA clusters from same 

chromosome or miRNA family located on different chromosomes still remain to be 

uncovered. 

Although all the miRNAs have been mapped to a location on chromosomes, very 

little is known about their genomic structure and transcriptional regulation. It is known 
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that more than 40% of miRNAs form genomic clusters and are generally co-expressed. A 

recent study shows that miR-17,18,19a,20,19b-1 and 92 form a polycistron and are 

located on a region of DNA that is amplified in human B-cell lymphomas (He, Thomson 

et al. 2005). By applying bioinformatic and experimental approaches, this polycistron is 

found to be directly regulated by Myc (O'Donnell, Wentzel et al. 2005). Of the 33 

miRNAs identified in our experiments, we found that 7 pairs were located on 7 genomic 

clusters (less than 6kb) that could possibly share the same regulatory machinery. When 

we checked the upstream regulatory motifs for 7 gene clusters, we found that all of them 

have at least one SRF binding site within 7.5kb, while 4 of them have it within 5kb. 

Combining this with the observation that these miRNAs have an expression pattern 

highly correlated with immediate early response genes, it is most likely that miRNA 

expression is regulated in a way very similar to IEGs. It is known that a group of 

transcription factors is involved in regulating the IEGs, which includes Myc, SRF, SP1 

etc. Given that Myc and SRF are already known to regulate miRNA expression, it is 

reasonable to postulate that this cluster of miRNAs could be under the control of some 

early transcription factors, and further experiments are needed to confirm this hypothesis.   

In conclusion, a cluster of miRNAs were identified which are upregulated during 

early proliferation but slightly repressed in unsynchronized cells, which correlates with 

the expression pattern of IEGs. The targets of these miRNAs were then predicted using 

PicTar; they included genes related to the MAP kinase pathway and cell adhesion. Out of 

33 miRNAs, 14 were located on 7 genomic clusters with 2 on each cluster. Further 

analysis of miRNA upstream regulatory elements showed that all of them contained at 

least one SRF binding motif within a 7.5 kb region, indicating a possible model in which 

SRF controls the expression of miRNAs as well as a group of IEGs. 
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4.4 MATERIAL AND METHODS  

4.4.1 Microarray Platform 

DNA oligonucleotide probes including 206 human miRNAs and 4 negative 

controls were purchased from Ambion (Austin, TX). These probes were resuspended in 

3XSSC with 0.01% SDS at 50µM and spotted on Nexterion Slide E (Schott, Gemany). 

Each oligonucleotide probe was printed in duplicate on each array, and each slide 

contains two arrays. The slides were rehydrated by incubating on the hydration tray with 

pre-warmed 0.5XSSC in the tray for 3-5 minutes. Slides were then immediately dried by 

flipping them quickly onto a 130°C heating block. The rehydration step is optional. For 

freshly printed slides, it is not required. The slides were blocked in a solution containing 

100mM ethanolamine, 1M Tris (pH 9.0), and 0.1% SDS for 20 minutes at 50°C, then 

rinsed with water for several times and spun dry. 

4.4.2 miRNA preparation 

Serum-starved and serum-stimulated 2091 cells were prepared as described in 

chapter 2. Unsynchronized cells were normal-growing cells with confluence 80%-90%. 

Total RNA was isolated using either the mirVana miRNA Isolation Kit (Ambion, TX) or 

Trizol (Invitrogen, CA) according to manufacturers’ instructions. FlashPAGE 

Fractionator (Ambion, TX) was used to isolate miRNA from total RNA. Briefly, 50-75µg 

of total RNA sample was mixed with a dye and loaded onto the top of a denaturing 

acrylamide gel matrix. During the electrophoresis using 70-80V, RNA samples were 

fractionated on the gel and the dye was used to track the size of RNAs that are ~40nt. 

When the dye reached the bottom of the gel, RNA molecules with size smaller than 40nt 
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had already exited the gel and entered the lower buffer. RNAs smaller than 40nt were 

then recovered from the buffer using flashPAGE Reaction Cleanup kit (Ambion, TX). 

The miraVana miRNA labeling Kit (Ambion, TX) was used to label the enriched 

miRNAs. A mixture of unmodified and amine-modified nucleotides were appended to the 

3’ end of each miRNA by poly(A) polymerase. The amine group on the modified miRNA 

was able to react with NHS-ester-modified Cy5 or Cy 3 dyes (Amersham Bioscience). 

Unincorporated dyes were removed with a glass fiber-based filter after a 1-hour coupling 

reaction.  

4.4.3 Microarray hybridization and data normalization 

Labeled miRNAs were mixed with 3X miRNA Hybridization Buffer to 36µl and 

heated at 95°C for 3 minutes. Slides were incubated at 42°C for 14-16 hours and scanned 

using GenePix 4000B Array Scanner (Axon, CA). Image gridding and preliminary 

analysis were done using GenePix Pro 5.0 (Axon, CA). Data were then imported into 

Acuity 4.0 (Axon, CA) for further normalization and analysis. Normalization was done 

by a ratio-based method. Generally, spots with intensity lower than 150 and with median 

of ratios higher than 5 or lower than 0.2 were excluded from the normalization. The ratios 

for all spots were adjusted so that the overall mean of medians of ratios equals 1. Data 

filtration was based on the sum of median intensity. Only those spots with intensity 

higher than 200 were selected for further analysis. Hierarchical clustering was done using 

complete linkage with uncentered Pearson Correlations (Eisen, Spellman et al. 1998).  

 

4.4.4 Data analysis 

Putative miRNA targets were predicted using the PicTar tool (http://pictar.bio.nyu.edu), 

and target prediction was made based on conservation in mammals (human, chimpanzee, 

http://pictar.bio.nyu.edu/
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mouse, rat, dog). Only targets with PicTar scores of more than 4 were used for future 

analysis. An induced set of miRNAs was selected based on hierarchical clustering result 

of 18 experiments. The random set was randomly selected from the remaining miRNAs 

after excluding the induced set of miRNAs and their known family members. For 

regulatory element prediction, genomic position for each miRNA was obtained from the 

Sanger miRNA registry database (http://microrna.sanger.ac.uk). miRNAs located within 

6kb region on same chromosome were considered possible gene clusters and their 

upstream sequences were obtained from ENSEMBL (http://www.ENSEMBL.org). The 

computer program Match (public version 1.0), distributed with the TRANSFAC database 

(Biobase Biological Database), was used to identify putative SRF binding sites within 

each sequence. All positions with score greater than predefined Match thresholds that 

minimize the sum of both false positives and false negatives were considered matches in 

the subsequent analysis. Genes were tested using two SRF matrices, V$SRF_C and 

V$SRF_Q6. 

http://microrna.sanger.ac.uk/
http://www.ensemble.org/
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Chapter 5: Conclusion 

Almost a decade has passed since the first invention of the revolutionary 

microarray technology and it has become a state-of-the-art method for globally 

monitoring gene expression changes as well as characterizing whole-genome binding 

sites of specific transcription factors.  

In our current studies, we profiled the gene expression patterns of quiescent 

fibroblasts in response to different stimuli such as serum and other growth factors. 

Interestingly, a number of genes that were related to wound healing, cell cycle 

progression, and the corresponding signaling pathways inducing these physiological 

changes were identified as commonly shared by serum and different growth factors. We 

also characterized a group of genes showing differential expression between serum and 

other growth factor treatments, whose functions were related to signaling and some 

metabolism pathways. However, after adding LY294002, a PI-3 kinase inhibitor, these 

differences were totally abrogated, suggesting an important role for the PI-3 kinase 

pathway in differentially regulating serum and other growth factor-related cell response. 

Fibroblasts originating from different anatomic sites also showed different response to 

mitotic stimuli, with a majority of genes upregulated in 2091 cells. Of these genes, a large 

number were functionally related to cell proliferation and signaling while only a few 

were actually topological- or developmental stage-specific, indicating that a major 

difference between cellular responses of two cell lines was due to different proliferating 

potentials. 



 98

From our previous study, we obtained the transcription patterns of the cellular 

response to different stimuli. However, we still had no idea how different genes, 

especially transcription factors, were activated by different signaling pathways and how 

and when they further activate their downstream effectors. In other words, the overall 

transcription network was still largely enigmatic to us. We hoped that forward and 

reverse genetics, when combined with microarray technology, could greatly benefit our 

current understanding of gene function and gene regulatory networks. Therefore, we 

applied siRNA technology, which could specifically knock down the expression of its 

target gene, to perturb the expression of some important genes during cell cycle 

progression. Two very important early response transcription factors, Myc and SRF, were 

knocked down in our study. The expression changes before and after knockdowns were 

monitored by microarray, and genes with expression changes were obtained. We found 

that Myc-responsive genes were largely related to metabolism and biogenesis and only a 

small number were cell cycle or apoptosis-related. Major expression differences were 

identified both between different cell lines and between normal growing cells and serum 

starved/stimulated cells, but very few changes were observed during cell cycle 

progression from quiescence to proliferation. Also, the number of putative targets seemed 

not to correlate very well with absolute Myc expression levels, indicating that different 

involvement of its coactivators or corepressors might play a very important role in Myc 

downstream gene regulation.  

Our data also demonstrated that SRF target genes were involved in cell cycle 

progression, apoptosis, and actin-related cellular processes in fibroblasts. SRF-responsive 

genes were divided into two groups. One was responsive at any condition and the other 

was only induced at certain cell cycle stages. The latter group included most IEGs, and 

their inductions could not be blocked by PI-3 Kinase inhibitor, suggesting a Rho-A 
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pathway-independent regulation of these genes. Genes in the other group were mainly 

related to cell cytoskeleton, migration, ECM, and other actin-related pathways, which are 

known to be activated in a Rho-A dependent manner (Sahai, Alberts et al. 1998). It was 

also worth noting that a group of genes related to signaling pathways were identified in 

our study, including genes related to MAPK, PI-3K, JAK/STAT, PKC, and G-protein 

coupled pathways. These genes were not previously reported as SRF targets, and whether 

they were involved in cytoskeletal reorganization, migration, or cell cycle/apoptosis was 

not clear. 

In our studies, we examined gene expression at the transcriptional level using 

human cDNA microarray. However, in recent years, more attention has been paid to post-

transcriptional regulations, especially miRNA directed mRNA or protein degradation, 

which would in turn help us better understand the transcriptional regulatory network. 

Thus, we monitored the miRNA expression changes during cell cycle progression from 

quiescence to proliferation in parallel to mRNA profiling. It was interesting to see a 

cluster of 33 miRNAs showing similar expression pattern to IEGs, among which a group 

of Let-7 miRNAs were identified. Putative targets prediction using bioinformatics tools 

demonstrated that their functions were related to MAPK pathway and cell focal adhesion, 

which intriguingly overlapped with the functions of SRF targets. Moreover, 7 identified 

miRNA clusters have upstream SRF binding sites. These findings, along with the 

discovery of miRNA targets for Myc and SRF in two recent reports (O'Donnell, Wentzel 

et al. 2005; Zhao, Samal et al. 2005), suggested a possible model for the overall 

transcriptional regulation of these early transcription factors by controlling a small 

number of miRNAs as well as a large number of mRNAs.  

Overall, in our studies, we have performed transcriptional profiling for quiescent 

fibroblasts in response to different proliferative stimuli. We checked transcription pattern 
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changes under aberrant conditions by perturbing specific transcription factor expression 

using siRNA. We also obtained miRNA expression profiles during cell cycle progression. 

By putting these pieces together, a little bit of the whole “jigsaw puzzle” of human 

transcriptional regulatory networks during cell cycle progression from G0 to G1 in 

fibroblasts began to emerge. A clearer image is expected when more transcription factor 

knockdown data as well as real miRNA targets are obtained. 
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