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Alcoholism is a chronic, progressive and heritable disease that affects millions of 

Americans and costs the United States hundreds of billions of dollars per year in medical 

expenditures, property damage, and loss of productivity. Alcohol dependence is the result 

of long-lasting cellular and molecular changes in the brain that are initiated and 

maintained by the repeated ingestion of intoxicating amounts of alcohol. Withdrawal 

symptoms from alcohol occur when alcohol intake is reduced or halted and the brain 

enters a period of extended hyperactivity. Animal models for alcohol-related behaviors 

were previously developed and characterized in both mice and rats, including mouse 

strains that were particularly sensitive to alcohol withdrawal. Mice from a strain that is 

highly sensitive to withdrawal from alcohol, DBA/2J, were given a chronic dose of 

ethanol by inhalation and comparative microarray analysis was performed. A suite of 

microarray analysis software was written to facilitate the large amount of data collected 

from this experiment, and a robust web-based database system, the Alcohol Research 

Integrator, was developed to serve both as a storage and as a high-level analysis medium. 
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Here we show that detectable gene expression changes occur in a discrete fashion 

between gross anatomical brain regions at various stages of withdrawal, and that the 

hippocampus shows a markedly greater level of gene expression change during 

intoxication than any of the other brain regions suggesting a particular vulnerability to the 

intoxicating effects of alcohol. 
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Chapter 1 – Introduction 

 One of the most basic and fundamental components of the behaviors associated 

with alcoholism is dependence upon alcohol. Dependence can be characterized by the 

presence of a withdrawal syndrome following the cessation of alcohol intake. The study 

presented in this dissertation utilizes a mouse model for alcohol dependence. The 

experiments, results, and interpretation of the data collected during this investigation 

utilized a microarray analysis of the effects of chronic alcohol withdrawal on the gene 

expression levels of ~17,000 genes in six anatomical brain regions. The study was carried 

out utilizing a mouse strain that is particularly sensitive to the effects of withdrawal from 

alcohol. Each of the six brain regions was collected over a time course of withdrawal 

following 72 hours of exposure to alcohol vapor. The goal of this study was to generate 

new hypotheses regarding alcohol’s affects on the brain during withdrawal from alcohol 

and to provide a baseline dataset which functions as a starting point for the design and 

testing of the new hypotheses. The introduction information provided in this chapter is 

meant to give the reader the necessary background knowledge to be able to appreciate the 

scope of the results of this study. 

What is Alcoholism? 

 Alcoholism is a chronic and progressive disease that affects millions of 

Americans each year (Grant, Hartford et al. 1994). Alcoholism is such a serious disease 

that affects so many people and costs so much money to combat, that hundreds of 

millions of dollars per year are spent on research in an effort to understand why 
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alcoholism, and addiction in general, occur and to find a way to combat the condition. 

Although it is understood that this disease presents a major problem in the United States, 

and indeed, the world, we are lacking a thorough understanding of its impact on our 

society.  

The Scope of impact of alcoholism 

 Alcoholism is a far-reaching problem that affects millions of people in the United 

States. Approximately 14 million Americans (7.4 percent of the population) meet the 

official diagnostic criteria for alcohol abuse and alcoholism (Grant, Hartford et al. 1994), 

and nearly 44% of adults in the U.S. are current drinkers that have consumed at least 12 

drinks in the past year (Dawson, Grant et al. 1995).  Most people tend to drink 

responsibly and maintain a disposition of safety while under the influence of alcohol.  

However, individuals who drink heavily have a negative influence on their families, 

friends, and community.  Indeed, more than half of American adults have a close family 

member who is currently suffering from alcoholism or has overcome the disease 

(Dawson and Grant 1998), and one in four children less than 18 years old is exposed to 

alcohol abuse or alcohol dependence in the family (Grant 2000).  

 Alcoholism and alcohol abuse are leading causes of death and injury in the United 

States. More than 100,000 Americans die each year of alcohol-related causes, and nearly 

one in four (2.7 million of 11.1 million) victims of violent crimes claim that the offender 

had been drinking alcohol before the crime was committed (Greenfield 1998). 

Additionally, many alcohol-related deaths are a result of people operating vehicles under 
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the influence of alcohol. More than 16,000 people were killed in automobile collisions 

involving alcohol in 1997, and alcohol is a factor in nearly half of all traffic related 

deaths (National Highway Traffic Safety Administration 1998 ).  

Alcoholism and alcohol abuse cause major social, economic and public health 

problems in the United States, and the estimated cost of lost productivity and health 

expenses related to alcoholism may be as high as $185 billion per year (Harwood 2000). 

Alcohol abuse elicits serious consequences for the health and quality of life of the abusers 

and the people surrounding them, and negatively influences the health care system as 

well as the socioeconomic stability of the United States. 

Generic Criteria for Substance Dependence and Abuse 

Clinical diagnosis of alcoholism is difficult due to the wide range of complex 

behaviors associated with the disease. Members of the American Psychiatric Association 

set out to develop a standard definition of all neurological diseases in order to reduce the 

ambiguity of diagnosis. The result was the publication of the Diagnostic and Statistical 

Manual of Mental Disorders (DSM-IV), released in 1994 (American Psychiatric 

Association. 1994). An entire section on substance abuse defines the characteristics of 

addiction and abuse for most of the major drugs of abuse at the time of publication. The 

DSM-IV defines the standard criteria by which alcoholism has been diagnosed for the 

last decade. 
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 Diagnosis of alcoholism requires a patient to first meet the DSM-IV criteria for 

substance dependence1. Dependence is defined as a maladaptive pattern of substance use, 

which leads to clinically important distress or impairment. This condition is identified by 

the presence of three or more of the following characteristics over a single 12-month 

period: 1) Tolerance, which is characterized by either the necessity for a marked increase 

in the intake of the substance over time to achieve previous levels of intoxication, or by a 

reduction in the intoxicating effects of similar amounts of the substance; 2) Withdrawal, 

which is characterized by either the substance’s characteristic withdrawal syndrome, or 

by the observation that administration of the substance (or one closely related) helps to 

avoid or relieve withdrawal symptoms; 3) The amount or duration of use is often greater 

than intended; 4) The patient repeatedly tries, without success, to control or reduce the 

substance use; 5) The patient spends considerable amounts of time using the substance, 

recovering from the effects of the substance, or trying to obtain the substance; 6) The 

patient reduces or abandons important social, occupational, or recreational activities 

because of substance use; 7) The patient continues to use the substance, despite knowing 

that continued usage has caused physical or psychological problems (American 

Psychiatric Association. 1994). If a patient does not meet at least three of these criteria, 

then the person cannot be defined as dependent upon a substance of abuse. 

 Many people have obvious problems with drugs of abuse but cannot be classified as 

dependent. These individuals, known as substance abusers, display a maladaptive pattern 

of substance use which results in clinically important distress or impairment as shown in 

                                                 
1 The criteria for substance dependence apply to all drugs of abuse, not just alcohol. 
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a single 12-month period by one or more of the following attributes: 1) due to repeated 

use, the patient fails to carry out major obligations at work or at home; 2) the patient uses 

substances even when physical danger is eminent; 3) the patient repeatedly has legal 

problems related to substance abuse; 4) the patient will continue to use the substance 

even when usage has caused or worsened social or interpersonal problems. The 

requirements for being classified as a substance abuser are less strict than those required 

for classification as a dependent user, since the underlying causes of abuse are less well 

defined than those for dependence. As such, there are two distinct classes of drug 

abusers, those that are dependent upon the substance and those that simply abuse the 

substance (American Psychiatric Association. 1994). 

Alcohol Intoxication and Withdrawal 

In order to further define alcoholism, one must define two of the major mental 

states associated with alcoholism: intoxication and withdrawal. Intoxication, as defined 

by the DSM-IV, firstly requires that the person must recently have consumed alcohol. 

During, or shortly after drinking, the patient develops clinically important maladaptive 

behavioral or psychological changes. Such changes could include inappropriate sexuality 

or aggression, instability of mood, impaired judgment and impaired job or social 

functioning. In addition, shortly after drinking, one or more of the following conditions 

must be present: slurred speech, poor coordination, unsteady walking, nystagmus1, 

impaired attention or memory, or stupor or coma. Additionally, the presence of these 

                                                 
1 A rapid, involuntary, oscillatory motion of the eyeball 
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symptoms cannot be a result of a general medical condition nor caused by a different 

mental disorder. 

In order for a person to be in a state of alcohol withdrawal, the person must have 

been drinking heavily for an extended period of time and then have suddenly stopped or 

markedly reduced the intake of alcohol. Within a few hours to several days of the 

cessation of alcohol intake, two or more of the following symptoms must develop: 1) 

autonomic over activity (sweating or rapid heartbeat); 2) worsened tremor of the hands; 

3) insomnia; 4) nausea or vomiting; 5) short-lived hallucinations or illusions (visual, 

tactile or auditory); 6) psychomotor agitation; 7) anxiety; 8) grand mal seizures 

(American Psychiatric Association. 1994). Withdrawal symptoms must be severe enough 

to cause clinically important distress or impair work, social, or personal functioning yet, 

are neither the result of a general medical condition nor better explained by a different 

mental disorder. 

A Broad Definition of Alcoholism and Alcohol Abuse 

Through the use of the carefully defined guidelines stated in the DSM-IV, patients 

can now be diagnosed as alcoholic using a standard set of parameters1. An alcoholic 

exhibits an obsession with alcohol, an inability to control excessive amounts of alcohol 

intake, and usually demonstrates physical dependence on alcohol, which can be 

characterized by the presence of a withdrawal syndrome upon removal of alcohol.  

In addition, some individuals do not meet all the criteria that define an alcoholic, 

                                                 
1 Since the actual symptoms of alcoholism and alcohol abuse can be difficult to interpret, 
a summary of those definitions is provided here. 
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but still have a problem with alcohol. Known as "alcohol abuse", this state involves 

excessive drinking that results in health or social problems, but lacks dependency on 

alcohol and the loss of control over the use of alcohol. Alcohol abusers may continue to 

drink despite serious adverse health, personal, work-related, and financial consequences.  

Genetics of alcoholism and the use of animal models 

Human evidence for heritability of risk for alcoholism 

An individual’s predisposition for becoming an alcoholic is affected by a wide 

range of factors including genetic complement, social interactions, and psychological 

state. Genetic factors have been shown to play a significant role in the development of 

alcoholism (Ball and Murray 1994). Alcoholism tends to run in families, but 

understanding the manner by which genes contribute to complex behaviors, such as 

alcoholism, is a difficult task using human subjects. Thus, twin studies were undertaken 

to examine the genetic component of alcoholism. The twin studies took advantage of the 

fact that monozygotic (MZ) twin pairs have 100% genetic similarity, while dizygotic 

(DZ) twin pairs have 50% genetic similarity on average. The resulting correlation 

analyses allowed for the estimation of three types of influences: heritability, the 

magnitude of additive genetic influences (or shared environmental influence), and the 

magnitude of environmental influences family members experience in common. 

Additionally, adoption studies took advantage of the fact that correlation of a trait 

between sibling pairs can only be due to shared environmental experiences and cannot 

depend on genetics (Kendler, Prescott et al. 1997).  
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Case studies involving the comparison between MZ and DZ twins, alcoholic 

parents and children, and offspring from alcoholic parents adopted into families without a 

history of alcoholism demonstrated an inherited predisposition for alcoholism. Early twin 

studies showed that MZ twins had a greater degree of similarity in drinking patterns than 

DZ twins (Kaij 1957; Partanen 1966). A later study that involved the adoption of males 

who began drinking at an early age showed that alcoholism in the biological father is a 

much greater predictor for alcoholism than is the environment in which the child was 

raised (Cloninger 1987). Building on this data, a 1997 observation of twin families 

showed that 40 – 60% of one’s predilection for alcoholism is genetic, while the 

remaining influence is environmental (Kendler, Prescott et al. 1997). A more recent twin 

study performed among adolescents additionally supported the previous data, but also 

allowed for the further subdivision of the heritability of alcoholism and other drugs of 

abuse into males and females and initiation use, regular use, and problem use of the drug 

(Rhee, Hewitt et al. 2003). The results suggested that the magnitude of genetic influences 

was higher and the magnitude of shared environmental experiences was lower for alcohol 

abuse than for initiation use. In other words, genetics contribute more to the eventual 

abuse of alcohol and development of alcoholism, and environmental factors contribute 

more to the initial use of alcohol. The study also found that there were few sex 

differences in the magnitude of genetic and environmental influences on risk for alcohol 

abuse among adolescents. In adulthood, three times as many adult males (9.8 million) as 

females (3.9 million) are problem drinkers, and prevalence is highest for both sexes in the 

18 – 29 years old age group (Harford and Grant 1994). These data suggest that the 
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obvious inherent differences in alcohol abuse in males and females are likely to occur 

after adolescence.  

The wealth of research performed on human subjects has clearly shown that one’s 

predisposition for alcohol abuse and alcoholism is largely heritable, but that 

environmental factors are necessary to initiate the substance abuse. Since much of the 

disease of alcoholism and addiction in general has been shown to be at least partially 

genetic, it is important to study the disease on a genetic basis. One way to identify 

important genes and how they contribute to alcoholism is through gene expression 

studies, such as microarray analysis, as was performed in the study outlined in this 

dissertation. However, since brain gene expression studies are difficult to perform on 

humans, a mouse model was utilized. 

Mouse models 

Mouse models have been used extensively in alcoholism research. One of the first 

studies of voluntary alcohol intake in mice showed that inbred strains differed in the 

amount of alcohol consumed (McClearn and Rodgers 1959). Another early study showed 

that mice could become dependent on alcohol, when administered in a chronic fashion, 

by measuring the severity of withdrawal when alcohol was removed (Goldstein and Pal 

1971; Goldstein 1972). A later study by the same group additionally revealed that the 

severity of withdrawal was a heritable trait in genetically heterogeneous mice (Goldstein 

1973). Mouse models for alcohol research have since been continuously used and 

progressively refined to yield the models used in research today. Additionally, the use of 

mouse models in alcohol research boasts a long history of success in the field. 
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Researchers in the field of alcoholism research have focused on the development 

of mouse and rat models that mimic certain key features of alcoholism (Crabbe 2002a), 

rather than trying to develop a model for all traits associated with alcoholism. Such an 

endeavor would likely have resulted in incomplete models (McClearn 1979). As such, 

mice and rats have proven to be ideal for the study of addiction. Rats have the advantage 

of being larger mammals with larger tissues to harvest, while mice have the advantage of 

having relatively short gestation and maturation periods, allowing for high turnover 

during the course of an experiment. Mice also tend to cost less to maintain than rats, and 

they have shorter life spans. In addition, studies with genetic animal models have 

established a detailed genetic map of distinct DNA sequences distributed throughout the 

mouse and rat genomes (Paigen and Eppig 2000). These data have revealed that mice are 

uniquely qualified as model systems for human based diseases because humans and mice 

share approximately 80% of the sequence correlations that are currently mapped in mice 

(Crabbe 2002b). This means that when a specific gene is identified in mice, the 

homologous gene is known in humans 80% or more of the time (Crabbe 2002b). 

Many different types of mouse models for alcoholism have been devloped. In 

general, these models can be broken down into two classical groups: inbred strains and 

selected lines (Crabbe 2002a). Inbred strains utilize genetic distinctions that preexist 

within currently available animal populations. Close genetic relatives (siblings) are mated 

together yielding offspring with a genomic complement that is 50% more similar than the 

parents. Sibling pairs are then recursively mated for 20 generations resulting in animals 

that are genetically identical to each other. Numerous inbred strains of mice and rats have 
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been developed and can easily be purchased from companies such as The Jackson 

Laboratory. The use of inbred strains as model systems has the advantage of limiting the 

scope of variable responses to stimuli to solely genetic differences, as long as care is 

taken to maintain consistency in the environmental exposure of the animals (Browman 

and Crabbe 1999). 

Specific inbred strains of mice have proven ideal for comparative studies of 

alcohol intake. One strain, C57BL/6, was originally discovered to preferentially consume 

nearly all its daily intake of fluid from a 10% ethanol solution, even though a second 

bottle containing water was readily available (McClearn and Rodgers 1959). Another 

strain, DBA/2, was discovered by the same group to actively avoid the 10% ethanol 

solution, showing a marked disparity in alcohol preference between the two inbred strains 

of mice. Further research showed that these strains of mice could become dependent upon 

ethanol after chronic administration as indicated by a quantitative measure of withdrawal 

severity known as handling induced convulsion (HIC) scores (Goldstein and Pal 1971). It 

was additionally shown that withdrawal severity was proportionally related to the dose of 

ethanol, much like in human alcoholics (Goldstein 1972). Later observations showed that 

the C57BL/6 and DBA/2 mice also exhibited strain specific dependence on alcohol after 

chronic administration suggesting the first evidence for a genetically inherited 

predisposition for alcohol related behavior in mice (Goldstein 1973). In this study, 

C57BL/6 mice underwent a mild withdrawal period after breathing alcohol vapor for 

three days (chronic administration), while DBA/2 mice experienced a much more severe 

withdrawal syndrome. This strain specific difference suggested that an animal model for 
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the inheritance of alcohol dependence could be utilized in alcohol research. This 

discovery led others to further define the degrees of withdrawal that many inbred strains 

exhibited so that the ideal models could be found (Figure 1) (Crabbe, Young et al. 1983). 

In the end, C57BL/6 and DBA/2 remained the two most used inbred strains for models of 

alcohol dependence and are being utilized in today’s experiments. The more sensitive 

strain of mice, DBA/2J, was employed as a model for alcohol dependence in the present 

study of the effects of alcohol withdrawal on brain gene expression. 

 
Figure 1. Adapted from Crabbe et al. 1983. This figure shows strain specific HIC 
scores in response to chronic administration of alcohol. Note that the top responder 
in this study was DBA/2N and one of the lower responders was C57BL/6N. 

In order to fully appreciate the diversity and differential usefulness of animal 

models in the study of alcoholism, one must have some knowledge of other types of 
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animal models that are available to researchers other than inbred strains of mice and rats, 

such as selected lines. Selected lines, the other classical genetic model mentioned earlier, 

are also useful for demonstrating the genetic heritability of a phenotype like alcohol 

dependence. Selected lines are developed by breeding together individuals in a 

heterogeneous genetic population that exhibit a wide diversity of individual behavioral 

responses to a stimulus, such as presentation of alcohol (Crabbe 2002a). With each 

generation, offspring of the previous generation are mated together yielding individuals 

that are more and more sensitive or resistant to the stimulus that was originally presented. 

Selected lines of rats were first used for the study of alcoholism in the late 1940s 

(Mardones and Segovia-Riquelme 1983). The lines created in this laboratory, UChB and 

UChA, were bred for high and low alcohol preference, respectively. In the 1960s, another 

group from Finland also developed similar selected lines (AA and ANA, respectively) 

(Eriksson 1971). Since that time, many other selected lines have been bred for various 

phenotypes of alcohol-related behaviors such as preference, withdrawal severity, 

tolerance differences, and acute ethanol sensitivity. A large number of studies have 

investigated the distinctiveness of each of these lines and the details of their particular 

sensitivity to alcohol treatment (McBride and Li 1998).  

Four selected lines that are widely used in alcohol research are the Preferring (P) 

and Nonpreferring (NP) rats and High Alcohol-Drinking (HAD) and Low Alcohol-

Drinking (LAD) rats, all of which were bred for similar purposes. P and HAD rats have 

been shown to reach blood alcohol concentrations of 200 mg% via self-administration of 

alcohol (Murphy, Gatto et al. 1986), but there is evidence that supports the finding that P 
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rats will drink for the intoxicating effects of alcohol and will stop self-administration 

when blood levels reach 50-70 mg%1 (Waller, McBride et al. 1982). P rats are one of the 

only current animal models that develop metabolic and neuronal tolerance (Lumeng and 

Li 1986) and dependence (Waller, McBride et al. 1982) with chronic free-choice ethanol 

drinking. 

It is apparent that the usefulness of inbred strains and selected lines overlap to 

some degree and that experiments utilizing multiple animal models for alcohol addiction 

can yield important results. As such, one of the most interesting details realized about 

alcohol-related behavior through use of inbred strains and selected lines of mice is that 

withdrawal severity and alcohol preference seem to have an inverse relationship. A 

comparative study of inbred strains (C57BL/6J and DBA/2J) and selected lines (BXD 

RIs, B6D2F2s, BXD RI F1s, and B6D2F2) of mice (all of which are derived from 

C57BL/6 and DBA/2 mice) clearly showed this dichotomy (Metten, Phillips et al. 1998). 

A more recent study performed in rat lines selected for high or low alcohol preference 

also showed this inverse effect of withdrawal severity to alcohol preference (Chester, 

Price et al. 2002). The presence of these behavior traits in two species and a variety of 

selected lines and inbred strains lends strong evidence that these two important features 

of alcohol dependence are genetically codetermined to some degree (Crabbe 2002a). 

                                                 
1 Corresponds to 0.05 and 0.07% (0.5 and 0.7 mg/ml). Most US states consider legal 
intoxication to be at either 0.05 or 0.08%. The unit of measure mg% is equivalent to 
mg/dl. 
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Alcohol Administration in Animal Models 

With the advent of animal models for alcoholism and alcohol withdrawal, it 

became necessary to develop measurable and controllable methods of administering 

alcohol to these animals, since it is difficult to make animals drink specific amounts of 

alcohol reliably. Since then, several methods have been developed including, alcohol 

self-administration models (drinking paradigms), methods of alcohol injection, direct 

intragastric administration (gavage), and alcohol vaporization (inhalation). The two most 

controllable methods of administration are alcohol injection and inhalation. These 

methods allow for the careful control of the dosage of alcohol that the animal is receiving 

and allow for precise timing of dosages for various intoxication levels and lengths of 

exposure.  

Thus, there are two major classifications of responses to alcohol in the central 

nervous system (CNS): severe intoxication and adaptive changes that occur due to the 

long-term presence of alcohol in the CNS. As such, in order to properly study alcohol’s 

affects on the brain using animal models, two paradigms for alcohol administration 

needed to be developed to cover these two major CNS responses. Thus, acute and chronic 

administration methods were created (Diamond and Gordon 1997).  

Acute Alcohol Administration 
An acute dose of ethanol is generally described as a dose of alcohol ingested or 

absorbed into the blood stream over a short interval of time, resulting in severe alterations 

in behavior due to the effects of severe intoxication. The study of the effects of 

administration of large amounts of alcohol to animals can be very useful, since many 
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people will drink periodically to the point of serious intoxication or even death, but do 

not drink chronically and are therefore not alcoholics by the standard definition for 

alcoholism set forth by the DSM-IV (American Psychiatric Association. 1994). Acute 

administration is generally accomplished in mice by injecting a medium to large dose of 

ethanol intraperitoneally (2-4 g/kg 20% ethanol in saline v/v). These dosages have been 

shown to illicit medium to extreme intoxication leading to behaviors ranging from motor 

incoordination to loss of righting reflex (LORR) and alcohol induced sleep (Metten and 

Crabbe 1994).  Studies utilizing acute dosages of ethanol are therefore an extremely 

important aspect of alcohol research, and generally elicit long-term changes in brain 

chemistry (Diamond and Gordon 1997) in a manner not consistent with chronic models, 

thus necessitating the development of chronic administration methods. 

Chronic Administration 
Chronic alcohol exposure is defined as the administration of constant or increasing 

amounts of ethanol over a long period of time. This condition generally leads to 

dependence upon alcohol and affects withdrawal symptoms when the subject is deprived 

of alcohol intake. There are many methods that have been used for chronic alcohol 

administration including the use of multiple injections of alcohol. However, it is difficult 

to maintain high blood alcohol levels in mice by injection because they can clear alcohol 

from their system very efficiently and therefore need a constant input of alcohol to 

maintain the blood alcohol levels. So, a method of alcohol inhalation was developed that 

allowed for the constant administration of the same amount of alcohol to many animals 

simultaneously (Goldstein and Pal 1971). Unlike other methods of chronic 
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administration, the inhalation method elicits alcohol dependence following just three days 

of exposure to ethanol vapor. The method was so effective that it was used for more than 

20 years until it was finally modified to include more mice, to deliver a more effective 

dose, and so that the internal concentration of ethanol could be regularly monitored 

(Terdal and Crabbe 1994). This method is commonly used today in chronic alcohol 

studies. 

Additionally, all of the mentioned methods of chronic alcohol exposure utilized the 

timed injection of a drug called pyrazole, which competitively inhibits alcohol 

dehydrogenase activity, thus making it easier to maintain constant blood ethanol 

concentrations (BEC). Additionally, pyrazole has secondary effects on mouse physiology 

such as an increase in withdrawal severity (Goldstein 1972). The problem facing 

researchers is that when one is studying the effects of alcohol, multiple animals are 

needed for each experimental condition, and it is thus desirable to maintain relatively 

constant BECs throughout the experimental population. Unfortunately, wide ranges of 

BECs have been observed during inhalation studies (Rigter 1980). Researchers are then 

faced with three possible solutions to this problem: 1) alter the dosage of ethanol per 

animal and keep pyrazole dosage constant, 2) alter pyrazole dosage and keep ethanol 

dosage constant (Terdal and Crabbe 1994), 3) perform the experiment without the use of 

pyrazole (Grieve, Griffiths et al. 1979). Despite the obvious sources of variability 

inherent in inhalation studies, this method of alcohol administration remains the most 

reliable and economical way of performing chronic alcohol studies in mice. 
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Genetically altered animal models 

In order to properly interpret the results of the study presented in this dissertation 

(the effects of chronic alcohol administration on brain gene expression in DBA/2J mice), 

it is important to understand what is known about the individual brain genes and how 

they contribute to the behaviors associated with alcoholism. One general method used to 

ascertain a gene’s contribution to a behavior is to create an animal that has the gene 

deleted, altered, or over expressed, or has an entirely foreign gene added to its genome. 

The process of deleting a gene entirely is known as knocking out a gene, or creating a 

knockout animal, whereas the process of mutating a gene in order to alter its normal 

function is known as knocking in a gene or creating a knock-in animal (Lee and 

Threadgill 2004). It is also possible to insert an entirely foreign gene into an animal’s 

genome, such as a human gene into the mouse genome, to see if the human gene product 

serves a similar function in the mouse or even rescues a diseased condition in that animal. 

These animals are referred to as transgenic animals (Jaenisch 1988). Over expression of a 

gene can be accomplished by randomly integrating it throughout the animal’s genome or 

by placing the gene under the regulation of a particularly strong promoter. The current 

methods for altering the genetics of animals produce very specific and powerful animal 

models for the study of a gene’s function in vivo. 

Producing a knockout mouse has the advantage of allowing the study of the 

absence of a gene product and the impact that particular gene has on the animal as a 

whole. There are, however, various pitfalls associated with the knockout models. 

Occasionally, the deletion of certain genes which are necessary for the proper 
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development of an animal can prevent the animal from developing past birth. Such a 

mutation is referred to as embryonic lethal (Lee and Threadgill 2004). When the animal 

does not develop properly, it is impossible to study the function of the altered gene 

product in an adult animal. However, the fact that the gene is necessary for the proper 

development of the animal speaks to the importance of the gene. Several methods exist 

which are effective in studying these types of genes such as the usage of tetraploid-

diploid chimeras and the production of conditional knockout mice (reviewed in Lee & 

Threadgill, 2004). 

Knockout mice can exhibit the additional complication of genetic redundancy. 

Occasionally, the deletion of a gene of interest will result in almost no change in the 

appearance, physiology, or behavior of the animal because redundant genes that perform 

nearly the same task take over for the missing gene allowing the animal to lead a normal 

life. In cases of lack of phenotype, researchers must employ other methods of 

investigating the gene’s function such as knocking in a particular mutation, developing a 

transgenic that partially obscures the gene’s normal function but doesn’t cause the 

redundant genes to activate, or conditionally knocking out a gene in such a manner to 

accomplish the sudden deletion of that gene in the adult animal (Jaenisch 1988; Lee and 

Threadgill 2004). Knock-in mice generally consist of a mutated variant of the original 

gene and are usually designed to facilitate the study a particular region of the gene 

product’s structure and its affect on the animal’s physiology. Over expressers are 

generally created by placing an existing gene under the regulation of a stronger promoter 

or by adding multiple copies of the gene to the genome (Lee and Threadgill 2004). 
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Transgenics are created by either placing a foreign gene (a gene from another species) 

under endogenous control of an existing promoter1, or by adding the gene in its original 

form, including the promoter from the original animal (Jaenisch 1988).  

A large drawback regarding the creation of genetically altered animals is that it is 

often unknown what role, if any, genes play during embryogenesis. Manipulated genes 

that are important for proper development of the embryo can occasionally result in an 

embryonic lethal condition. Additionally, removal of a gene prior to embryogenesis can 

lead to unknown compensatory mechanisms that can ultimately mask the true phenotype 

of the gene in question. Recent methodological developments allow these problems to be 

resolved through the use of inducible, or conditional knock-out and transgenic mice with 

site specific promoters (Mansuy and Bujard 2000). The use of genetically altered animal 

models has proven very useful in furthering the understanding of a wide ranges of 

diseases, conditions, and general biological questions. 

Several contributions to the field of alcoholism have been made through the use 

of genetically altered animal models. In certain cases, such as the dopamine D1 and D2 

receptor knock-out models (El-Ghundi, George et al. 1998; Phillips, Brown et al. 1998), 

the results of the knock-out studies served to support earlier pharmacological studies 

which showed that dopamine receptor antagonists demonstrate a reduction in alcohol 

intake in mice (Hodge, Samson et al. 1997). The knock-out mice also demonstrated a 

reduction in alcohol intake compared to controls. Recently, a knock-out for the neuronal 

nitric oxide synthase (nNOS) gene was described to cause the mice to drink 6-fold greater 
                                                 
1 The alteration can be either the promoter for a homologous gene in the transgenic 
animal or a strong or weak promoter depending on the desired result. 
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quantities of alcohol from highly concentrated solutions compared to controls (Spanagel, 

Siegmund et al. 2002). Interestingly, nNOS is an intermediate gene in the glutamatergic 

signal transduction pathway that leads to the activation of CREB (cAMP response 

binding element) (Schumann, Spanagel et al. 2003). The results of the nNOS knock-out 

study conflicted with earlier pharmacological work that showed that NOS inhibitors 

decrease the intake of alcohol, however, because the addition of NOS inhibitors to the 

knock-out and control animals reduce alcohol consumption in both, it can be concluded 

that the inhibition of alcohol intake by NOS inhibitors is not mediated through nNOS 

(Schumann, Spanagel et al. 2003). This study is an excellent example of how the use of 

knock-out animals can lead to more specific results than pharmacological studies alone. 

Another important knockout study was performed on mice that lack functional 

corticotropin-releasing hormone receptor 1 (CRHR1). When the mice were first studied, 

no difference was apparent in alcohol intake compared to control. However, the alcohol 

intake of the mice increased after repeated stress. This stress-induced alcohol drinking 

behavior had a delayed onset and remained throughout the life of the animal (Sillaber, 

Rammes et al. 2002). The results of this study could signify that the CRHR1 gene is a 

risk factor for stress-induced alcohol drinking and alcoholism (Schumann, Spanagel et al. 

2003).  

An additional study helped to outline the complex nature of the genetics of 

alcohol-related phenotypes and accentuated an important consideration when working 

with genetically altered animals. Epistatic interactions in knock-out models have rarely 

been systematically addressed, even though the behavioral responses to alcohol of 
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various inbred mouse strains have been characterized (Belknap, Crabbe et al. 1993). 

However, a study of the protein kinase C (PKC) knock-out mouse revealed that decreased 

alcohol sensitivity and tolerance is dependent upon the genetic background of the animal 

(Harris, McQuilkin et al. 1995). In this study, null mutants from the C57BL/6J × 129/SvJ 

developed tolerance to alcohol whereas the F2 generation did not exhibit tolerance. It was 

postulated that epistatic interactions between the targeted γ-PKC null mutant and multiple 

genes from the parental strain were accounting for the lack of tolerance in the F2 

generation null mutants (Bowers, Owen et al. 1999). 

Perhaps the most studied system in alcohol research, the GABAA receptor, has 

been implicated in the actions of alcohol in the brain by many in vivo and in vitro 

studies1. However, detailed information about the interactions of alcohol with the 

GABAA receptor complex is not clear. A seminal study found that when Ala291 of the 

GABAAα1 subunit in transmembrane domain 3 is mutated, alcohol sensitivity is 

abolished (Mihic, Ye et al. 1997). These findings support the hypothesis that the subunit 

composition of the GABAA receptor is important in mediating the effect of alcohol 

(Browman and Crabbe 1999). Since then, several studies have utilized genetically altered 

mouse models to increase our knowledge of the interactions of alcohol with this receptor. 

The deletion of the α1 subunit in mice caused a decrease in ethanol preference and a 

marked increase in ethanol stimulated locomotor activity while the deletion of the β2 

receptor caused an overall increase in transient activity, a slight increase in chronic 

                                                 
1 A more detailed discussion about the GABAA receptor’s role in mediating the effects of 
alcohol will follow in the Neuropharmacology of Alcohol section. 
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ethanol consumption, and slightly more significant withdrawal from chronic ethanol 

(Blednov, Walker et al. 2003). Further analysis of these null mutants revealed an overall 

reduction in the loss of righting reflex (LORR) from exposure to alcohol, THIP1, 

Flurazepam, Zolpidem, and Etomidate (Blednov, Jung et al. 2003). Other GABAA 

receptor subunit knock-outs proved to have little effect on the animals response to 

alcohol such as the γ2L subunit null mutant (Homanics, Quinlan et al. 1998), α2 subunit 

null mutant (Homanics and Hiller-Sturmhofel 1997), and the β3 subunit null mutant 

(Homanics and Hiller-Sturmhofel 1997; Homanics, Quinlan et al. 1998). The GABAA 

receptor system is implicated in the action of alcohol on the brain. However, it is such a 

complex receptor system, that a great deal of additional study needs to be performed in 

order to understand its full role in alcohol responsiveness. 

An additional gene of interest is fyn-kinase, which is a member of the Src family 

of non-receptor tyrosine kinases. It was found that mice that lacked fyn were more 

sensitive to the hypnotic effects of ethanol, which was being caused by a diminished 

ability to develop acute tolerance to ethanol (Miyakawa, Yagi et al. 1997). A more recent 

study considered a broad range of behavioral differences between the fyn null mutants 

and wild type mice. This study found that fyn null mutants slept longer after ethanol dose, 

had a lesser ability to resist the motor in coordinating effects of ethanol, and were more 

anxious in general when exposed to ethanol (Boehm, Peden et al. 2003). 

The use of animal models has allowed researchers to expand their knowledge of 

the systems that they work with. Such research projects would not be possible in a human 

                                                 
1 THIP – 4,5,6,7-tetrahydroisoxazolo(5,4-c)pyridin-3-ol 
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population, as many projects require the death of the subject in order to gather the data 

from the experiment or require carefully controlled environments that are impossible to 

attain with humans. Additionally, animal models (particularly rodents) have the 

advantage of being relatively inexpensive to keep, have rapid gestation and adolescence 

periods, and maintain a reasonable degree of genetic homology with humans, thus 

allowing for the crossover of some results learned using the animal models. The 

background information presented in this section is additionally important for the proper 

understanding of the significance of the results presented in this gene expression study. 

This research project involved the analysis of gene expression data from a time course of 

withdrawal from alcohol across several brain regions, using a particular animal model. 

Understanding the benefits of other animal models and the contributions that alcohol 

studies performed on them bring to the alcohol addiction field is important for placing the 

present experimental design into the proper context. 

Animal models have been used to accurately mimic specific aspects of 

alcoholism. The creation of a single animal model for all of the aspects of alcoholism 

would be impossible since all aspects of the disease are not currently known, and it is 

likely that multiple characteristics of the disease would mask the specifics of any single 

characteristic. Modern developments in genetic manipulation have allowed researchers to 

ask extremely specific and detailed questions about alcoholism, and it has allowed for the 

creation of new model systems when they previously didn’t exist or weren’t possible to 

create. Until the human brain can be studied in detail without the need for harm to come 

to the subject, animal models will be researchers’ best hope of unlocking the mysteries of 
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the neuroadaptations and genetic underpinnings that result in alcoholism and alcohol 

abuse.  

Microarrays 

 As the amount of scientific knowledge of the complexities of life on Earth 

increases, it becomes more necessary for scientific methods to be developed that assist 

researchers in the large task of putting all of the known pieces of information together. 

Living beings are, after all, one organism functioning fluidly through a complex array of 

processes. Genetics remains at the forefront of the systems that are extremely complex 

and very difficult to understand. Clearly, in order to understand how an external stimulus 

can change the expression of an individual’s genetic complement, thus leading to an 

overall change in physiology, new methods must be created that can relate the various 

gene products and how they affect one another.  

Patterns of regulation and gene interaction lie at the center of heritable and complex 

diseases like alcoholism. Alcoholism clearly affects multiple systems in the brain and the 

body and causes extreme, and permanent changes in the behavior of an afflicted 

individual. Although the outward changes in cell function are a result of changes in a 

cell’s complement of gene products, the nature of how that cell intends to alter its 

physiology is contained in the cell’s gene expression levels. By studying gene expression, 

or mRNA levels, for many genes simultaneously, one may come to a more complete 

understanding of which genes are being activated, deactivated, or otherwise regulated by 

the presence of an external stimulus, like alcohol. 
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The most recent estimates place the human genome at having roughly 25,000 genes 

(IHGSC 2004) that are encoded in 3 gigabases of nucleic acids. Mathematically, there are 

an almost infinite number of potential interactions between all of the genes in the 

genome1. Due to the overwhelming size and complexity of the number of genes and their 

potential interactions, high-throughput methods of research on a genomic scale have 

begun to emerge, leading to the development of microarrays. The cDNA microarray and 

the protocol for the execution of microarray experiments was created in the laboratory of 

Patrick Brown at Stanford University (Schena, Shalon et al. 1995) and has quickly 

become one of the standard experimental methodologies for the study of living tissues on 

a genomic level. 

Microarray Technology 

 In general, all microarrays are based upon the same fundamental principle, the 

process of hybridization. In this process, two DNA strands that are made up of 

complementary base pairs will hybridize, or bind, to each other using weak hydrogen 

bonds (Knudsen 2002). The process of hybridization has been at the forefront of 

molecular biology for many years. Other techniques such as Southern and Northern 

blotting are based upon this concept. In Southern blots, a short probe of DNA is used to 

bind to a larger sequence that has been separated out by gel electrophoresis. The probe is 

generally labeled by some method (traditionally radioactivity), and when exposed, will 

elucidate where the probe bound on the gel and how much of the product is there by the 

                                                 
1 The number of possible interactions was found by calculating the factorial of 25,000, 
which results in an undefined (infinite) number. 
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intensity of the labeled signal (Knudsen 2002). Northern blots are nearly identical in 

nature, except that they involve the use of RNA instead of DNA. Generally, the results of 

both methods are read from x-ray film that has been exposed to the bound probes. The 

radioactivity of the probes will expose the area of the film that has come in proximity 

with the bound probes. The amount of radiation captured on the film is dependent upon 

the amount of the bound probe and the duration of exposure, which is partially dependent 

upon the amount of the bound message that the probe is binding to. Because of these 

properties, the intensity of the resulting band on the x-ray film in representative of the 

amount of the message present in the probed sample, which makes these methods semi 

quantitative in nature (Knudsen 2002). 

Microarrays are a massively parallel version of Southern and Northern Blotting. 

The main difference is that the probes are immobilized on a surface and the samples are 

subsequently hybridized to the probes (Knudsen 2002). The probes are robotically placed 

onto the surface at micrometer distances, thus making it possible to place many thousands 

of different probes on a single small surface, such as a standard microscope slide. Thanks 

to the advent of this technology, it is now possible to assay tens of thousands of genes 

simultaneously, rather than being limited to a few at a time. Since the inception of 

microarrays, several platforms of the procedure have been developed. The two major 

types of arrays are oligonucleotide arrays and DNA arrays. Oligonucleotide arrays have 

been avidly developed and constantly improved by a company called Affymetrix. DNA 

arrays, however, are much easier to produce and are often produced in-house using 

specialized robotic printing equipment, although many companies sell commercially 
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available DNA arrays. Both platforms have positive and negative aspects to them, but 

both are very useful. 

Oligonucleotide Microarrays 
Affymetrix microarrays are produced using a method that is very similar to the 

method used to make silicon computer microchips, using photolithography, or the 

process of using light of extreme intensity and various masking patterns to lay down 

materials onto a substrate. In the case of Affymetrix arrays, the masks are used to control 

the synthesis of oligonucleotides on the surface of the silicon chip. This type of array uses 

a modified version of the standard phosphoamidite method (Josephson, Lagerholm et al. 

1984) for oligonucleotide synthesis that allows for light to control the individual steps. 

This process allows for the synthesis of hundreds of thousands of individual squares on 

the surface of the chip, each containing millions of copies of each oligonucleotide, each 

of which is 25 nucleotides long. 

Affymetrix has further refined the synthesis of their chips so that each single gene 

is represented by up to 40 individual co-located oligonucleotide squares. Half of these 

squares represent perfect matches (PM) to one of 11-20 different 25 base-pair (bp) 

sections of a highly unique region of the gene in question. The other half of the squares 

represents mismatch (MM) sequences to the PM sequences, each square containing a 

single mutation in the sequence it matches with at its central position, 13. This nucleotide 

is converted to the complementary nucleotide of the one present in the PM sequence. The 

presence of MM sequences is used by Affymetrix to detect non-specific and background 

hybridization and thus reduce the noise in the system. This noise reduction is 
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accomplished by simply subtracting the MM data from the PM data. However, this 

system does not always produce the results that are expected. For weakly expressed 

mRNAs, the signal-to-noise ratio is the highest of the species hybridized to the arrays. In 

this case, the subtraction of MM from PM data adds considerably to the noise of the 

system because the subtraction of one noisy number from another noisy number results in 

an even noisier number (Schadt, Li et al. 2000). 

Detection of the hybridization of target mRNA to a probe on the chip is 

accomplished by labeling the target mRNA sequences with a fluorochrome. The 

hybridized chips are imaged using specialized confocal laser scanners and the image is 

imported into the Affymetrix array analysis package. The software then calculates the 

relative intensities of each hybridized spot on the array, subtracts the MM intensities from 

it, and then provides a single number that represents the relative abundance of that gene. 

This procedure is repeated for all genes on the array, which can reach up to 20,000 genes 

on the more modern chips. Once the data for these arrays is collected, the data can be 

analyzed. 

cDNA Microarrays 
Another major type of microarray, and the type that was utilized in the gene 

expression study described in this dissertation, is the spotted array. This form of 

microarray is produced using a robotic printer that places cDNA probe samples onto a 

surface in extremely small and regular increments. The surface is usually a standard 

microarray slide that has been coated with some sort of a binding medium (substrate) that 

can be either loosely associated with, or covalently bound to the backbone of a DNA 
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sequence. Some substrates that are commonly used include poly-L-lysine and hydroxy-

aminosilane. The choice of substrate can have a large effect on how well the cDNA 

probes remain bound to the substrate during the hybridization process, so it is important 

to choose a substrate that works well for the model of research being performed. Once the 

probes have been printed onto the microarray slide, the individual spots can measure as 

small as 100µm from center to center. The extremely high density of this type of 

microarray allows for a single slide to contain as many as 60,000 unique probes. 

Once the spots are printed onto the slide, the cDNA probes are post-processed in a 

manner that links the cDNA sequences to the surface of the slide. Then, the slides can 

undergo hybridization. In the first step of the hybridization process, mRNA is generally 

reverse transcribed to cDNA prior to hybridization to spotted arrays, due to the fact that 

cDNA is more stable than mRNA. It is possible to label each of the target cDNA species 

with multiple fluorophores, thus allowing for multiple samples to be hybridized to a 

single microarray (up to four) simultaneously. This paradigm has proved to be beneficial 

for experimental design since all microarrays can have the same sample hybridized to 

them as a common reference. The presence of this reference allows for the 

standardization of multiple microarray hybridizations, which allows for all of the 

hybridizations to be directly compared to each other. The vast majority of microarray 

experiments use only two samples per microarray in order to reduce the complexity of 

analysis. However, more colors are generally useful for the direct comparison of multiple 

samples on the same microarray. The fluorophores generally used for two color spotted 
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array experiments are called Cyanine-3 (Cy-3) and Cyanine-5 (Cy-5), which fluoresce at 

532nm (green) and 635nm (red) respectively. 

Once the arrays have been hybridized with the target cDNA, they are scanned using 

a confocal laser scanner that usually has two or more lasers or filters in it, allowing it to 

simultaneously scan each of the florescent labels used in the microarray experiment. The 

result of the scan is one image for each channel (color) used for that experiment. Each of 

these files can then be imported into specialized analysis software that allows the user to 

locate and define each of the spots on the microarray and their annotations. Once the spot 

locations are identified and the anomalous spots are flagged, the image data is converted 

into intensity and background data for each spot and each channel on the microarray. 

These data can then be further processed and analyzed. 

Much like the MM intensities are subtracted from the PM intensities in the 

Affymetrix platform, the background intensity for each spot on the spotted array is 

subtracted from the foreground intensity to yield a net intensity. The calculation of 

background intensity varies between programs and methods, but the general approach is 

to sample the image data surrounding each spot on the array that is not a part of another 

spot, and to then use the median or average intensity for that image data as the 

background intensity. This method does not tend to compensate for non-specific binding 

like the MM and PM method used by oligonucleotide arrays, it does work well for 

correctly calculating the actual intensity of the targets that are bound to the probes. 



 32 

Pros and Cons of Oligonucleotide and Spotted Arrays 

Each of the discussed platforms has both promising and detrimental attributes that 

make each one unique and not applicable to all research designs. The first, and most 

obvious difference is the cost of each of the methods. While it is true that in order to set 

up an in-house spotted array facility a robotic printing system must be constructed, and 

cDNA libraries either built from scratch or purchased and amplified manually, all of 

which cost money. In fact, the setup of a microarray facility can run as high as $75,000 

using standard equipment (http://www.microarrays.org). However, the cost of production 

following the setup can run as little as $10 per microarray. This is in stark contrast to the 

cost of upwards of $700 per array if purchased from Affymetrix. The studies discussed in 

this dissertation involved the successful hybridization of 120 microarrays. This 

experiment would have cost at least $84,000 if Affymetrix had been used. Instead, this 

experiment cost $10,000, less than 1/8 the cost of Affymetrix1. As such, following the 

initial setup costs, in-house spotted arrays are more conducive to very large microarray 

experiments and there is more freedom to try experiments for the sake of trying them. 

Spotted arrays have yet another advantage over the Affymetrix arrays. Since the 

probes that are printed onto the spotted arrays are simple cDNA sequences that are later 

bound to the array substrate, it is very easy to create custom microarrays, or to add 

custom genes to existing microarrays during the printing process. This flexibility adds a 

new dimension of possibilities to experimental designs. In problems such as alcohol 

                                                 
1 The total cost figures presented in this section do not include salaries of the researchers 
performing the experiments. Naturally, this added cost greatly increases the values of 
these figures. 
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research, genes affected by alcohol that were discovered using other assays can be 

included on the microarrays so that their applicability in a whole system can be 

effectively analyzed.  

Another advantage that cDNA arrays have over Affymetrix arrays is the number of 

genes that can be placed on a single array. The Affymetrix design limits the number of 

separate genes due to the limitations of using oligonucleotides as the probe base. Since 

synthesis of oligonucleotides of longer than 25 bases can offer other challenges, the 

platform must use at least 22 squares on the arrays to accurately represent a single gene. 

This design limits the effective number of represented genes to around 18,000 per chip, 

whereas with cDNA arrays, the number of genes can reach as high as 60,000, since each 

spot can potentially represent a different gene. Affymetrix has attempted to keep up with 

the more nearly genomic abilities of the cDNA array by including multiple arrays in a 

single set (as many as 4 arrays to represent 60,000 genes). These array sets, of course, 

cost quite a bit more than just a single array would. However, Affymetrix has recently 

released an exon array that contains 1 million exons on a single array and represents 

nearly every gene in the genome. 

The advantages of the Affymetrix platform over the cDNA microarray platform 

include the use of synthesized oligonucleotides allows for the careful selection of 

uniquely binding regions within a gene of interest lending to high reliability in the 

hybridizations. Second, the process by which the Affymetrix arrays are produced has a 

very low error rate, which also adds to the reliability of the platform. Lastly, the MM/PM 

system is very useful for reducing background non-specific hybridization in medium to 
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high-abundance transcripts. This study employed the use of cDNA microarrays for many 

of the reasons outlined in the above section including freedom of design, ease of 

production, cost of experiments, and mainly due to the large number of arrays necessary 

for the proper execution of this microarray project. 

Analyzing Microarrays 

The numerical data that results from microarray experiements are incredibly 

complex and of extremely high dimensionality. In fact, experiments can sometimes yield 

millions of data points, making meaningful interpretation of the data difficult at best.  It 

follows, then, that a great deal of effort, imagination, and development has been 

expended on the development of effective mechanisms for completing analyses of 

Microarray data.  

Microarrays can be analyzed on at least three levels, each one being more complex 

than the previous one. First, arrays can be analyzed on the level of single genes, where a 

gene’s behavior under experimental conditions relative to that of control is sought. 

Second, combinations of genes, or gene clusters, can be analyzed in a manner that 

focuses on the co-regulation mechanisms, the functionalities, and the interactions 

between them. Third, researchers can attempt to infer the underlying regulatory networks 

responsible for the observed gene expression changes (Baldi and Long 2001). Not even 

the simplest of these levels of analysis is trivial. Therefore, researchers have been 

constantly developing new and better ways of harvesting the data from their array 

experiments. Analysis techniques ranging from basic statistics to highly advanced 

mathematics and complex visualization techniques have been applied to this type of data.  
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The extreme dimensionality of microarray experiments can be easily demonstrated 

with an example. A single spotted microarray can have as many as 60,000 individual 

spots printed onto it. During the course of a microarray experiment, two samples are 

normally hybridized to the array, which can result is as many as 120,000 data points for a 

single microarray. If an experimental design calls for 100 microarray hybridizations to be 

completed, then the potential number of data points resulting from this experiment, could 

number near 1.2 million! Each of these data points is an intensity value representing the 

relative abundance of the cDNA species that had bound its probe on the microarray. One 

can imagine that simply graphing the data would be an insufficient analysis method and 

would not lead to the meaningful interpretation of the results. Due to the complex nature 

of array results, researchers turned to statistics as a method of reducing the amount of 

data to a subset of data that could be trusted with a certain degree of confidence. As such, 

the following sections briefly review the methods utilized in the project discussed in this 

dissertation as well as a brief review of Bayesian statistics that were tried and not utilized 

in through the course of the analysis. This section is included as a means of contrast from 

the other methods commonly used. 

T-test 
The simplest form of statistical analysis that can be utilized with microarray data is 

the t-test. This test performs a comparison between two groups of data and results in a 

value that represents the likelihood that the two data sets are different from each other. 

However, in order for this type of test to be successful, each group being compared must 

have a sample size (n) of at least three, meaning that each group must be made up of at 
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least three experimental replicates. It is often the case that a sample size of greater than 

three is required for good data resolution due to the noisy nature of microarray data.  

A t-test of this type is often applied to microarray data such that at least one pair-

wise comparison is made per gene, depending on the number of experimental conditions 

that are present. For instance, if, as in the case of the studies described by this 

dissertation, a study was performed that compares three time points, 0hr, 6hr, and 24hr to 

a control group, and five tissue samples were collected at each time point. The resulting 

number of microarrays to be performed would be 20 (5 for each time point, and 5 

controls). Each group of five would count as an experimental group and would therefore 

make up one of the two groups of a t-test. Additionally, since each group is being 

compared to controls, there would be three t-tests performed for each gene: 0hr and 

control, 6hr and control, and 24hr and control. Each t-test would yield a p-value, which is 

a measure of the probability that a difference between the compared groups happened by 

chance. For example, a p-value of 0.01 (p = 0.01) means there is a 1 in 100 chance the 

result occurred by chance. The lower the p-value, the more likely it is that the difference 

between groups was caused by the experimental treatment. In the case of the example 

experiment given above, a low p-value would signify that the gene expression levels had 

significantly changed from the control condition. Once the t-tests for all of the genes and 

all of the experimental conditions are complete1, the original 1.2 million data points 

would be reduced to 180,000 data points2. Since the majority of scientists accept p-values 

of less than 0.05 as being reliable data (significant), filtering out all of the genes and time 
                                                 
1 Still assumed that there are 60,000 usable genes on the arrays. 
2 Three p-values for each gene, rather than 20 intensity values. 
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points that have p-values greater than 0.05 would then further reduce the number of genes 

leaving a much more interpretable dataset. 

F-test 
Other statistical methods can be applied to microarray data that may further clarify 

the nature of the results. One such method is the f-test, which is basically a one-way 

analysis of variance (ANOVA). This test is an extension of the t-test, which tests two or 

more groups simultaneously. Its purpose is to show statistically whether there are two 

distinct populations of data points within the given set of information. The resulting p-

value can provide useful information about all of the experimental conditions as a single 

group of data and is especially useful when comparing multiple time points from a time 

course to each other. While a t-test may find that one time point has a significant gene 

expression change, the f-test may not find that there are significant differences in the 

groups throughout the time course. In a case such as this, the t-test results are not valid 

within the framework of the experimental conditions, since each time point is a part of 

the overall experiment. If the f-test does result in a significant p-value, the test does not 

provide information about which of the time points are different from the others. 

Therefore, it is quite useful to combine the results of the t-test and the f-test, especially 

for time course data. The combination of these techniques not only provides more 

information about the nature of the gene expression changes contained in the data, but it 

also has the effect of further reducing the amount of data that must be processed in order 

to elucidate useful conclusions from it. 
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Principal Components and Partial Least Squares Analysis 
Other mathematical dimensionality reducing methods have been adopted for use in 

microarray analysis. One of these techniques, known as principal components analysis 

(PCA), is a technique that can be used to reduce the dimensionality a dataset (Everitt and 

Dunn 1991; Basilevsky 1994). PCA involves a linear transformation that results in the 

selection of an optimal coordinate system for the graphing of the data such that the 

greatest degree of variance in the data by any projection is graphed along the first axis 

(the first principal component), and the second greatest degree of variance is graphed 

along the second axis, and so on. PCA is useful for reducing the dimensionality in a data 

set, while retaining the attributes of the data set that contribute most to its variance. This 

reduction is accomplished by the elimination of the later principal components. PCA may 

reveal patterns in the overall expression data from a microarray experiment that represent 

the most important trends in the data, but this is not always the case. 

As is often the situation in microarray experiments, PCA and other analysis 

techniques may not provide adequate descriptions of the nature of the data being 

analyzed to infer the biological basis for the change in gene expression. In these cases, 

the utilization of modeling procedures becomes advantageous. Partial least squares 

analysis (PLS) is a modeling method that combines aspects of PCA and multiple 

regression to provide fit models of gene expression patterns that are best explained by the 

greatest degree of variance in the system. The researcher may provide a number of 

predictive curves that represent the patterns of gene expression changes that may occur 

due to any number of biological conditions, each of which has an associated hypothesis. 
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These curves are then input into the PLS analysis and the genes whose data best 

correlates with those predictive curves are given larger scores (loading scores). This type 

of analysis can assist researchers in locating genes that follow certain important gene 

expression patterns in a manner that correlates with the hypotheses that are being tested 

in the experimental design, thus further reducing the dimensionality of the data set. 

Additionally, these data, combined with the aforementioned statistical analyses can 

provide extremely specific details about the data set and can quickly separate the 

microarray data out into groups based on expression patterns and significance and 

magnitude of expression changes. 

Clustering Algorithms 
Statistical and mathematical methods of microarray analysis can provide a host of 

useful information and can lead researchers to useful and relevant conclusions about their 

data sets. However, it is often useful to provide a graphical representation of the data in a 

manner that allows for large-scale visualization of the data. The most used method of 

microarray data visualization is the generation of clustergrams, or raster plot utilizing the 

results of cluster analyses. Clustering is the classification of similar objects into different 

groups (Wikipedia.com 2005), or the partitioning of a data set into subsets (clusters), so 

that the data in each subset are mathematically similar. For expression data, mathematical 

similarity is defined by the proximity of various expression vectors as they are 

represented in expression space. An expression vector is defined for each gene by treating 

each microarray as a separate, distinct axis in space and the geometric coordinate for each 

gene is the intensity measurement for that gene as defined on all of the arrays being 
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compared. For example, if an experiment has three microarrays, the intensity for a given 

gene on array 1 is its x-coordinate, its intensity on array 2 is its y-coordinate and its 

intensity on array 3 is its z-coordinate, thus allowing for the representation of all of the 

expression data on all three arrays on an x-y-z coordinate system, or expression space 

(Quackenbush 2001). Utilizing this representation of microarray data, finding the 

similarity between various data points becomes a matter of calculating the distance 

between the expression vectors. Additionally, clustering can be performed on any number 

of microarrays since distance metrics can be calculated for any number of dimensions 

(Quackenbush 2001).  

While the concept of data clustering appears to be rather simple in concept, the 

actual execution of such analyses becomes very complex when put into the context of 

millions of data points. In order to gather enough data to form groupings of the 

expression data in an experiment, the distance between each data point and all other data 

points in the set must be calculated. That means that 1.4 trillion distance calculations 

would be required to complete the matrix if the data set contained 1.2 million data 

points1. Many approaches to quickly and easily solving this complex problem have been 

developed. 

Several clustering techniques have been applied to microarray data in order to 

identify gene expression patterns. The majority of clustering techniques are hierarchical, 

in which the resulting groupings have an increasing number of nested groups (groups 

                                                 
1 In the field of computational mathematics, a problem of this magnitude is referred to as 
an n2 problem, or one that increases in complexity by the square of the number of data 
points in the set. 
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belonging to larger groups) so that the end result resembles a phylogenetic tree 

(Quackenbush 2001). Additionally there are other, non-hierarchical techniques such as k-

means clustering, which simply group objects together without inferring the relationships 

between the groups. Clustering algorithms can be further divided into agglomerative and 

divisive methodologies. Divisive methods begin with all elements in one cluster that is 

gradually split into progressively smaller clusters. Agglomerative methods start with 

single-member clusters1 and proceed to gradually combine them into larger clusters based 

on their distance metrics. Lastly, clustering methods can either be supervised or 

unsupervised. Supervised methods use previously defined functional biological 

information about the genes to guide the clustering algorithm. Unsupervised methods 

make no prior assumption of functionality; the vast majority of clustering algorithms are 

unsupervised. 

Hierarchical clustering is the most widely used clustering method in the field of 

microarray analysis. It has the advantage of being simple to execute and gives a result 

that is easily visualized (Figure 2). Hierarchical clustering is an unsupervised 

agglomerative approach in which single expression profiles are joined together to form 

groups, which are further joined until the process has been carried to completion. There 

are several types of hierarchical clustering that define the method by which the distances 

of clusters are calculated. These methods include single-linkage, complete-linkage, 

average-linkage, weighted pair-group average, within-groups, and Ward’s method 

                                                 
1 There are as many single-member clusters as there are expression vectors in the dataset, 
initially. 
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clustering1. These methods define whether the closest point between two clusters should 

be used to define the distance, whether the farthest points should be used, or whether 

some sort of an average should be used. The available options are extensive and most 

experimenters must find the most optimal clustering technique based on empirical 

findings by simply trying them all. Hierarchical clustering, however, does not always 

give well-defined groups and the patterns that were generated are not always obvious. In 

cases such as these, alternative clustering methods may be used, such as k-means 

clustering to partition the data. 

 
Figure 2. Hierarchical clustering.  This graphic is a raster display of the results of 
cluster analysis. This method of visualization renders individual genes on each row 
                                                 
1 The details of these methods are reviewed in Quackenbush 2001, Box 3. 
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and each microarray in the experiment on each column, such that one row on the 
clustergram represents the gene expression for that gene across all of the 
microarrays included in the cluster analysis. Genes in this demonstration data were 
subjected to a) average-linkage, b) complete-linkage, and c) single-linkage 
hierarchical clustering using a Euclidean distance metric. Each of the resulting gene 
expression families is color coded A-J for comparison (taken from Quackenbush 
2001, Figure 3). 

k-means clustering is a good alternative method to hierarchical clustering if the 

number of clusters that should be formed by the data is previously known. In k-means 

clustering, genes are grouped together into a preset number of clusters (k) so that the data 

inside each cluster are internally similar, but are dissimilar to other clusters. Since the 

method is non-hierarchical, no tree (dendrogram) is produced showing the relationships 

of the clusters. k-means clustering is simple conceptually, but is potentially 

computationally intensive. The clustering begins by randomly distributing the genes into 

any one of the k specified clusters. Next, an average expression vector is calculated for 

each cluster and then that average is used to calculate the distance between it and the 

other clusters. Then, expression vectors (genes) are moved between the clusters and the 

intra- and inter-cluster distances are measured with each move. This step is performed 

iteratively, meaning that the process repeats itself over and over again until the optimal 

assignment is achieved. Genes are only allowed to stay in the new cluster if they are 

closer to it than their previous cluster, otherwise they move back. Following each 
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iteration, the average expression vector for each cluster is recalculated and the process 

repeats until the distances converge to a minimum1. 

 Because k-means clustering allows for the specification of the number of clusters 

to be formed, it is necessary to have prior knowledge of how many conditions there 

should be. If, for example, there are two experimental conditions, and the researcher sets 

k = 2, all of the genes will be partitioned into two clusters. The problem with this 

approach is that one can never be certain that there are only two groups of expression 

patterns in the experiment. In this case, the use of other methods, such as PCA or PLS, 

becomes extremely useful for being able to specify the proper number of clusters for any 

given data set. PCA would allow for the visual estimation of the number of groups and 

PLS would allow for the data to be partitioned into the number of expression patterns that 

were best fit to at least part of the data. This information can then be used to specify k and 

to group genes into related clusters. 

 One of the most useful aspects of cluster analysis is that the results can be easily 

visualized.  The form of display used to represent cluster analyses is called a raster 

display, or bitmap, and is a generally rectangular grid of pixels, or points of color, each of 

which is individually defined and can have a different color or shade of color. This form 

of visualization is known a clustergram (Figure 3). Clustergrams are generally 

represented as two color, often red-green, images in which red represents an up-regulated 

gene and green represents a down-regulated gene. The reason for this color assignment is 

                                                 
1 The iterations are allowed to proceed until the movement of any of the objects would 
result in clusters of higher variability, would increase intra-cluster distances, or would 
decrease the inter-cluster dissimilarity. 
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that most microarrays are labeled with red and green dyes. Additionally, the data used in 

cluster analysis is generally in the form of a log2 ratio of red over green intensities. Since 

many microarray experimental designs involve the hybridization of two different 

experimental conditions to the same microarray, a large ratio represents greater intensity 

in the red channel, indicating that the gene is up regulated. However, newer styles of 

microarray analysis involve the hybridization of a common reference to one of the two 

channels on all arrays and the experimental data is hybridized only in the opposite 

channel. If, as in the experiments described in this study, the experimental sample is 

hybridized to the green channel and the common reference to the red channel, a square on 

a clustergram that is more red means that the gene is down regulated, while more green 

means that the gene is up regulated, just the opposite of the previous example. A black 

color is usually representative of no changes in gene expression. 

 When interpreting clustergrams, it is useful to note that individual genes are 

represented as rows and individual microarrays are represented as columns. If one were 

to follow a row all the way across the clustergram, the changes in color and intensity 

would represent the changes in gene expression levels for a single gene across all of the 

microarrays that were included in that experiment. The meaning of the colors would 

depend on the setup of the experiment in question, as was discussed in the previous 

paragraph. Thus, clustergrams allow for the visual display of the gene expression patterns 

of individual genes across all microarrays in the experiment and additionally allow for 

the visual interpretation of relative abundances of the genes compared to other genes in 

the same expression category. This data can then be used to take the microarray analysis 
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to the next level of searching for functional groups of genes, or genes that are co-involved 

in regulation loops. In general, genes with similar expression patterns fall into this 

category. 

Other approaches 
Other methodologies have been developed and applied to microarray data in the 

hopes of more accurately unraveling the expression patterns in the data, ultimately 

leading to a biologically relevant set of conclusions about the data. The methods range 

from other statistical methods aimed at reducing the dimensionality of the data for ease of 

analysis to more database driven methods meant to help draw conclusions about the 

interactions and functions of the genes found at the lower levels of analysis. There are far 

too many methods to list them all here, but a select few of the most popular and 

applicable ones will be discussed. 

One statistical paradigm that is frequently applied to microarray data is that of 

Bayesian statistics. Bayesian inference is a statistical inference in which probabilities are 

interpreted not as frequencies or proportions or the like, but rather as degrees of belief. 

The name comes from the frequent use of Bayes' theorem in this discipline. Bayes' 

theorem is named after the Reverend Thomas Bayes and states that the probability of a 

hypothesis H conditional on a given body of data E is the ratio of the unconditional 

probability of the conjunction of the hypothesis with the data to the unconditional 

probability of the data alone. This theorem relates the "direct" probability of a hypothesis 

conditional on a given body of data to the "inverse" probability of the data conditional on 

the hypothesis. In other words, the probability that some hypothesis is true depends upon 
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information that was previously collected. This concept is known as the prior probability 

and means that the more a particular condition is observed in the collected data, the more 

likely it is that a hypothesis that supports the trends in the data is true. This concept is 

quite different than the concept associated with the more common frequentist statistics 

since they are based entirely on confidence, which is depends on the frequency of the 

observations. Bayesian statistics match the data to the hypothesis to ultimately describe a 

degree of belief, or likelihood, that the hypothesis is true or false. This approach has 

proven to be useful in the field of microarray analysis because it requires smaller sample 

sizes to gain useful probabilities, since extra power is gained by making use of the prior 

probability (making an educated guess) (Baldi and Long 2001; Townsend and Hartl 

2002).  

 Another, more abstract level of microarray analysis involves the inference of 

regulatory networks and gene functions and hypothesizing how they could possibly relate 

to the changes in gene expression observed on the microarrays. Since the amount of data 

generated by microarray experiments is very large, it is generally useful to utilize 

database systems to store the data in an organized and protected fashion, making retrieval 

trivial. The Stanford Microrarray Database (SMD) was the first major database system of 

its kind (Gollub, Ball et al. 2003). This system allowed users to upload their microarray 

data via the web and then store, filter, analyze, and retrieve all aspects of their data in a 

relatively simple and organized fashion. The attraction of such a system caught the 

attention of many researchers in the field and attempts to set up local versions of SMD 

were made. However, SMD operated using a proprietary database system known as 



 48 

Oracle (http://www.oracle.com). This system is very expensive and requires the 

employment of a trained oracle administrator to operate. A group at the University of 

Texas at Austin ported the SMD system to a fully open-source version called the 

Longhorn Array Database (LAD) (Killion, Sherlock et al. 2003). This development 

allowed for the widespread use of such an organizational system for basic microarray 

analysis and storage and retrieval, since the entirety of the system is free to the public, 

including the underlying database system. 

Once researchers have optimally managed the storage of their data, it is often useful 

to analyze the data using pre-packaged analysis systems in order to simplify the process. 

One of the first of these systems, was the Significance Analysis of Microarrays (SAM) 

package, which operates as a plug-in for Microsoft’s spreadsheet system, Excel (Tusher, 

Tibshirani et al. 2001). This package allows the user to process microarray data that has 

been imported into Excel and apply basic statistical analyses and correction measures in a 

manner that is simple to apply and easy to understand. However, the application of the 

basic methods employed in SAM was limited and most researchers required much more 

robust and flexible systems for analysis.  

In order to satisfy the need for more robust analysis packages, BioConductor was 

formed. BioConductor was developed by a group of scientists and programmers that 

develops open-source software in an open-development environment for the analysis and 

comprehension of genomic data (Gentleman, Carey et al. 2004). This group has 

assembled and created a large body of plug-in analysis packages for use with the 

statistical analysis system called R (Ihaka and Gentleman 1996). The packages available 
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at the BioConductor website1 include basic statistical analysis methods as well as 

complex methods like PCA and PLS. The BioConductor plug-ins provide a vast number 

of analysis tools to be added to the techniques that can be used by researchers to 

effectively process their microarray data. R is a very complex and difficult to learn 

system with poor documentation and it requires the patience and expertise of someone 

who has either used the system for a long time or someone persistent enough to learn it 

from scratch. Either way, the benefit to microarray analysis in general is enormous. 

The next step in microarray analysis is to apply as many known gene functions as 

possible to the filtered, cleaned, and processed microarray data. Among the first publicly 

available tool for this purpose was the Database for Annotation, Visualization, and 

Integrated Discovery (DAVID), which was written and hosted by the National Institute of 

Allergy and Infectious Diseases (NIAID) at the National Institutes of Health (NIH) 

(Dennis, Sherman et al. 2003). This system allows researchers to upload a list of genes, 

such as genes that clustered together in a hierarchical cluster, and to rapidly annotate that 

list and summarize it according to shared categorical data for Gene Ontology (GO), 

protein domain, and biochemical pathway membership. DAVID utilizes data from the 

GO database system, which was originally developed, and continues to be maintained by 

the Gene Ontology Consortium (Harris, Clark et al. 2004). A system such as DAVID is 

fundamentally necessary in microarray analysis because it facilitates the transition from 

data collection to biological meaning, which is ultimately required for interpretation of 

the results. 

                                                 
1 http://www.biodconductor.org/  
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 Although the utility of systems such as DAVID is obvious, the results output is 

still a summarized list of genes and categorized functions. This output is only useful if 

there are a small number of genes being annotated and one can draw obvious conclusions 

from such output. Unfortunately, it is much more likely that hundreds or thousands of 

genes are processed for annotation, leaving the researcher with a long list of gene 

functions and possible biochemical pathways. Much as it is difficult to draw conclusions 

from lists of genes, it is equally difficult to draw conclusions from long lists of gene 

functions. Therefore, it becomes useful to apply an additional statistical filter to the list of 

genes, such as Fisher’s Exact Test, or the hypergeometric test. These tests are used 

perform over-representation analysis, which compares a subgroup of classified genes to 

all of the classified genes on the microarray to determine the likelihood that those genes 

would be classified in that manner by chance. These tests ascribe a significance value to 

each overrepresented functional group, thus allowing for data filtration based on a 

statistic, which reduces the number of potential functional classifications to a more 

manageable group. Two of the currently available tools that perform over-representation 

analysis are the Expression Analysis Systematic Explorer (EASE) (Hosack, Dennis et al. 

2003) and the WEB-based GEne SeT AnaLysis Toolkit (WebGestalt) (Zhang, Kirov et 

al. 2005). Both systems have web-based interfaces, but EASE additionally has a local 

executable program for the Windows operating system. Such tools allow for multiple 

levels of functional annotation exploration, which can potentially lead to biochemical 

pathways that are affected by the stimulus being studied. 
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Even though the utility of obtaining filtered functional annotations for microarray 

data is obvious, it is sometimes very difficult to find complete biochemical pathways 

whose functionality may be altered by the stimulus. Thus, programs such as the 

Interaction Explorer (PathwayAssist) (Nikitin, Egorov et al. 2003), which is a 

commercial product. This software package was developed for navigation and analysis of 

biological pathways, gene regulation networks, and protein interaction maps. One 

possible usage of this system is for a user into input a list of over-represented genes found 

by EASE or WebGestalt analysis in order to discover the interactions of the genes that 

were classified together. PathwayAssist displays these interactions graphically in an 

interactive manner such that a user can remove extraneous pathways, and move the 

components of a pathway into optimal alignment. Other systems such as KEGG (the 

Kyoto Encyclopedia of Genes and Genomes) (Kanehisa and Goto 2000) and BioCarta 

pathways (http://www.biocarta.com/genes/index.asp) are also very useful tools for 

pathway discovery as they provide graphical depictions of gene interactions on a 

metabolic level. The ability to elucidate metabolic pathways whose regulation is affected 

by a stimulus and the points at which that pathway is affected, is certainly one of the most 

powerful aspects of microarray research, and the tools and analysis techniques outlined 

here help researchers toward that end.  

There are countless additional tools available for both basic and advanced 

microarray analysis. Some analysis tools, like WebQTL (Chesler, Lu et al. 2005), are 

specific in function and are designed to satisfy a detailed component of microarray 

analysis, while others, such as oPOSSUM (Ho Sui, Mortimer et al. 2005) that perform 
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more broadly applicable high-level analyses. Microarray analysis can yield a large 

number of genes that are potentially involved in some disease or biological process that is 

poorly understood or that wasn’t previously known. Through the use of some of the 

methods and tools available to researchers, microarray experiments can lead to the 

generation of new hypotheses that can help move particular fields of research into 

previously unknown areas of exploration, in the greater attempt to understand the 

complexity of the biological response to stimulus. 

Microarrays in Alcohol Research 

Since the large-scale introduction of microarray technology in 1995 (Schena, 

Shalon et al. 1995), it has become increasingly necessary to study complex diseases, like 

alcoholism, on a genomic scale. The broad affects of alcohol on genes that are altered by 

its administration are not well explored, thus leading to an increasing need for the 

development of new hypotheses regarding alcohol’s affects on gene expression. 

Additionally, the effects of alcohol on the brain are so extensive, that it is impossible to 

predict all of the genes and interactions involved in alcohol neuroadaptation. As such, a 

well-executed microarray analysis could lead to a better understanding of how those 

genes interact with other systems in the brain since microarrays are a valuable hypothesis 

generation tool. These new hypotheses may ultimately lead researchers to study other 

systems and effects that weren’t previously thought to participate in the processes 

involved in the development of alcoholism.  

The use of microarrays in alcohol research has only recently been used on a large 

scale, mainly due to the fact that microarrays are difficult to produce and challenging to 
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execute. Proper standards and methodologies needed to be established before the 

technology could be used on a wide scale. As a result, the number of published 

microarray studies in the field of alcohol research has only recently increased in number 

and have now begun to improve our understanding of the brain’s response to alcohol 

administration. 

One of the first studies in the alcohol field to be performed using oligonucleotide 

microarrays (Affymetrix, Santa Clara, CA.) examined the effect of ethanol administration 

on the gene expression of cultured neuroblastoma cells (Thibault, Lai et al. 2000). The 

results of this investigation showed that a set of 42 genes were involved in such 

metabolic functions as norepinephrine (NE) production, glutathione metabolism, and 

protection against apoptosis were consistently regulated over the course of increasing 

concentrations of ethanol. Of particular interest were the genes related to NE production, 

since the data suggested that ethanol increased releasable NE in these cells1. Additionally, 

subsets of genes were found to be similarly regulated by both ethanol and dibutyryl-

cAMP, suggesting that ethanol action and cAMP signaling may share mechanistic 

features in their effects. 

Another group that was studying human frontal cortices found that the gene 

expression changes caused by alcoholism may lead to a loss of white matter as well as 

possible mechanisms that may lead to the neurotoxic affects of ethanol on the brain 

(Lewohl, Wang et al. 2000). These conclusions were drawn from the noted expression 

changes of 163 genes, which were found to differ by 40% or more between alcoholics 
                                                 
1 The NE system has been previously shown to be involved in the mediation of ethanol 
withdrawal systems. See the referenced article for details. 
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and nonalcoholics1. A number of the analyzed genes that code for myelin proteins had 

decreased expression levels compared to controls, suggesting demyelination. Another 

later study also showed changes in demyelination-related genes in the frontal cortices of 

humans and additionally found important genes involved in calcium, cAMP, and thyroid 

signaling pathways (Mayfield, Lewohl et al. 2002).  

Mayfield, et al. (2002) additionally found that, α-synuclein, a regulator of 

dopaminergic neurotransmission, a process that is central to drug dependence, showed 

increased gene expression in alcoholics. α-synuclein may also have a role in 

neurodegeneration. Additionally, many of the brain’s key neurotransmitter receptor 

systems had increased gene expression levels, including the GABAA receptor (inhibitory) 

and the AMPA1 receptor, and decreased levels in the GluR1 glutamate receptor 

(excitatory). The alterations in these receptor systems are consistent with the overall 

depressing affect of alcohol on behavior. 

More details of the complexities of alcohol’s effects on the brain were brought to 

light when microarray studies moved to the use of animal models for alcoholism. The 

first such study profiled the gene expression differences between inbred long-sleep (ILS) 

and inbred short-sleep (ISS), which show divergent central nervous system (CNS) 

sensitivity to the sedative effects of alcohol (Xu, Ehringer et al. 2001). This study 

compared the naive animals (no ethanol treatment) in an effort to discover the genetic 

basis for their alcohol sensitivity. In the end, they identified 41 genes that displayed 

significant differences in gene expression between the strains. It is possible that these 
                                                 
1 Genome Systems Inc, who, at the time, used human cDNA arrays with 4,000 genes on 
them, carried out these experiments. 



 55 

genes may have biological relevance in the mediation of the phenotypic variation 

observed in ILS and ISS mice. The results of this study further identified possible gene 

candidates for the heritability of alcoholism. 

A recent microarray study compared changes in hippocampal gene expression 

levels during withdrawal from chronic and acute administrations of alcohol in C57BL/6J 

(B6) and DBA/2J (D2) mice (Daniels and Buck 2002). By using two opposing genetic 

models of withdrawal sensitivity, and by utilizing both chronic and acute doses, the 

results of this study cover a great deal of ground with respect to the genetic 

underpinnings of alcohol-related sensitivity. The results showed that D2 mice have 

significantly higher number of genes whose expression change during following chronic 

alcohol exposure than in B6 mice. Additionally, fewer genes were changed in the 

hippocampus following acute ethanol exposure in either strain, suggesting a lesser degree 

of neuroadaptation during short periods of alcohol exposure. It was also apparent that the 

mitogen activated protein kinase (Ras/MAPK) and the Janus kinase (JAK/STAT) 

pathways were altered during chronic alcohol exposure in D2 mice, and to a lesser extent 

during acute exposure. B6 mice only showed differences in the MAPK pathway. Genes 

associated with the Ras/MAPK pathway have been implicated as being associated with 

learning and memory, and the activation of these systems leads to long-term potentiation 

(LTP) induction cascades. Genes associated with this pathway were found to be reduced 

in activity, suggesting a possible mechanism for alcohol induced amnesia. Additionally, 

genes associated with the JAK/STAT pathway are associated with protective mechanisms 

that enhance neuronal survival. Stimulation of the JAK/STAT pathway also leads to a 
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decrease in LTP, and since JAK is up regulated in D2 mice, it is possible that the 

interaction between the Ras/MAPK and JAK/STAT pathways is crucial to the alteration 

of the neuroadaptive responses to alcohol in the brain. 

Ostensibly, research has shown that chronic alcohol use induces oxidative stress in 

the brain that can ultimately lead to neurodegeneration and demyelination as previously 

discussed. Further evidence for ethanol-induced oxidative stress was found in the 

hippocampus of chronically treated rats with the consistent regulation of oxidoreductases 

(Saito, Smiley et al. 2002). This study additionally showed the first evidence for the 

activation of membrane trafficking by ethanol. It is also apparent that the oxidative stress 

response is not only limited to the brain. A mouse study found regulation of 

oxidoreducatases in the livers of various ethanol responsive strains of mice under chronic 

alcohol conditions (Murphy, Chiu et al. 2002). The same group performed a later study 

that expanded the list of stress response genes and additionally found alterations in genes 

involved in cell signaling and gene regulation in acutely treated B6 and D2 mice 

(Treadwell and Singh 2004). 

In late 2002, alcohol researchers began exploring the genetic basis for alcohol-

related behaviors utilizing microarray technology. Prior to that, techniques such as QTL 

analysis had been used for such purposes, and the results of many of these studies were 

compiled into a public web-based database system called WebQTL (Wang, Williams et 

al. 2003), which finds correlations between RNA expression and biological traits. One 

recent study compared three complementary genetic models in order to obtain convergent 

evidence that ethanol-induced conditioned taste aversion (CTA) is the result of a subset 
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of differentially regulated genes (Ponomarev, Schafer et al. 2004). The study compared 

the ventral midbrains of mice lacking a functional copy of G protein-gated potassium 

channel 2 (Girk2)1, preproenkephalin (Penk)2, and BXD RI strains of mice. The collective 

results pointed to the phosphatidylinositol signaling pathway, protein kinase C, and β-

Penk as being primary modulators of CTA in mice. Many of the results and conclusions 

presented in this study were compiled using the WebQTL system (Wang, Williams et al. 

2003), thus integrating new and powerful bioinformatic methods into the analysis. This 

convergent approach represented a new approach to microarray experiments in alcohol 

research, one that begins with a specific alcohol response and utilizes microarrays to 

answer specific questions about that response. 

In another alcohol study, microarray analysis and subsequent cluster analysis were 

able to empirically distinguish between human alcoholics and controls, suggesting the 

potential for predictive and diagnostic power for the technique (Liu, Lewohl et al. 2004). 

Their study also found many of the same affected pathways as previous studies, including 

metabolism, immune response, cell survival, cell communication, signal transduction, 

and energy production. The idea that microarrays could become a viable diagnostic tool 

is being taken a step further in the laboratory of Dr. R. Adron Harris, under the 

supervision of Dr. R. Dayne Mayfield. Their study intends to find a gene expression 

profile present in the blood of human alcoholics that can be reproducibly illustrated by 

                                                 
1 Girk2 null mutant mice show a decrease in the aversive effects of ethanol compared to 
wild-type. 
2 Penk deficient mice show an increase in the aversive effects of ethanol compared to 
wild-type. 
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microarray analysis (unpublished data). This kind of study could lead to a definitive 

clinical diagnosis for alcoholism, which is very difficult to properly diagnose in humans. 

Another microarray methodology was used to study specific homeostatic pathways 

in cultured mouse neurons (Gutala, Wang et al. 2004). The researchers in this study 

created a small microarray of 638 sequence-verified genes that were focused to genes that 

related to homeostatic pathways. Upon treatment of the cultured neurons with 100mM 

ethanol for five days, they found that there was a decrease in the expression of ubiquitin-

proteasome related genes and ribosomal protein genes. These results suggest that ethanol 

treatment of this type results in the disruption of protein degradation mechanisms and 

impairment of protein synthesis. 

Finally, the most recent microarray study used more advanced bioinformatics 

approaches to microarray analysis and microarrays with large numbers of genes on them 

in order to gain more insight into the implications of acute ethanol treatment on B6 and 

D2 mice (Kerns, Ravindranathan et al. 2005). Their analysis of the nucleus accumbens, 

the prefrontal cortex, and the ventral tegmental area suggests that the genes being 

modulated by the ethanol administration were generally associated with neural plasticity. 

However, the regulation of individual functional groups and pathways appeared to be 

brain region specific. Modulation in the prefrontal cortex included genes involved in 

glucocorticoid signaling, neurogenesis, and myelination, while neuropeptide signaling 

and developmental genes were largely modulated in the nucleus accumbens. The ventral 

tegmental area mainly showed a modulation of genes related to the retinoic acid-signaling 

pathway. These brain region specific changes and their patterns of expression may be 
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critical components in the development of many of the phenotypes associated with 

alcohol addiction. 

With the methods of execution and analysis of microarray studies improving almost 

daily, and the management of the results becoming easier all the time, it is likely that the 

frequency of significant new hypotheses regarding the actions of alcohol in the brain will 

help guide alcoholism research closer to a full understanding of the disease, and 

hopefully, closer to a cure. Many of these ideals, techniques, and approaches to 

interpretation have been implemented in the study contained in this dissertation, and the 

results of it have proven to be profound. The dataset that was generated from these 

experiments will generate new candidate genes, which can be tested in upcoming years. 

Hypothesis and Experimental Design 

The study described within this document utilized an animal model for alcohol 

dependence to generate new hypotheses regarding the effects of chronic alcohol 

administration on brain gene expression and the potential behavioral and physiological 

consequences of those changes. The generalized hypothesis surrounding the study was 

that intoxication and subsequent withdrawal from chronic alcohol exposure causes gene 

expression changes to occur in the brain. We used DBA/2J mice, which are highly 

sensitive to the withdrawal affects of alcohol, and are therefore a good model for alcohol 

dependence. The mice were exposed to an increasing concentration of alcohol vapor for 

72 hours and then allowed to experience withdrawal for 24 hours following the 

discontinuation of alcohol exposure. Six gross anatomical brain regions were dissected 
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from the animals at three time points during the course of withdrawal. The cerebellum, 

cerebral cortex, hippocampus, striatum, olfactory bulbs, and the remaining brain tissue 

(midbrain) were extracted following 72 hours of intoxication (0hr), during peak 

withdrawal from alcohol (6hrs), and during recover from alcohol (24hrs). Each of the 

brain regions was chosen because they contain specific structures that have been 

implicated in alcoholism at one point or another.  

Five mice were used at each time point. Total RNA was extracted from each of the 

brain regions at each of the time points, which was subsequently reverse transcribed to 

cDNA. The cDNA was then labeled using the Genisphere method (Genisphere, Hatfield, 

PA.) and hybridized to cDNA microarrays containing 17,000 spots that represented 

~11,000 unique genes. The microarrays were scanned using a two-laser confocal scanner 

and the results were quantified using the Axon Genepix (Axon Instruments, Sunnyvale, 

CA.) array analysis software. 

The microarrays were then normalized, combined, and standardized using a 

combination of software developed in our laboratory and the Longhorn Array Database 

(LAD) (Killion, Sherlock et al. 2003). The standardized microarray data were then 

subjected to various statistical and dimensionality-reducing analyses also using software 

developed in our laboratory. Those results were then stored in the Alcohol Research 

Integrator (ARIDB) (described in more detail in Chapter 4). The ARIDB was then used 

for higher-level analyses including cluster analysis, expression profiling, and functional 

analysis. This study resulted in the generation of many new hypotheses regarding the 

effects of alcohol action on brain gene expression. The hypotheses range in specificity 
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from the effects of alcohol on individual genes to overarching physiological 

consequences of chronic alcohol exposure on the mouse brain. The details of this study 

are described in the following chapters. 
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Chapter 2 - Methods 

Animals 

All animal related procedures were performed in accordance with the rules outlined by 

University of Texas at Austin Institutional Animal Use and Care Committee, which abide 

by the published guidelines of the United States Department of Agriculture and the 

United States Public Health Service. DBA/2J male mice were purchased from Jackson 

Laboratories (Bar Harbor, ME) and were received into our housing facilities at 5 weeks 

of age. The animals were housed three mice per cage under a 12-hour light/dark cycle 

with food and water available ad libitum. The mice were allowed to mature to 10 weeks 

old (70 – 80 days) prior to the administration of ethanol.  

 

Chronic ethanol administration 

The basic method and materials pertaining to the inhalation exposure method has been 

previously described (Terdal and Crabbe 1994).  Modifications include the placement of 

food only on the floor of each section of the housing cages, and not in an enclosed, 

suspended hopper to facilitate food access for the more functionally impaired intoxicated 

mice. This modification was due to the fact that the degree of motor incoordination at 

these levels of intoxication made it difficult for the mice to climb or reach the food in 

hoppers. They were, however, lucid enough to eat food from the bottom of the cage. 

Absolute ethanol was delivered to the chamber’s interior via three independent lines of 
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silastic tubing by way of three identical ultra-low flow, VWR brand peristaltic pumps so 

that the flow of to each section of the chamber would be equivalent. Each tube was run 

into the chamber via a putty-sealed hole in the left top of the exterior and was then 

connected to one of three independent filter paper wicks suspended vertically from the 

top-rear center of the chamber. Each wick was located at the same elevation as a 

corresponding wire mesh cage. Air sampling and subsequent content analysis by gas 

chromatograph showed that this delivery method provides equal amounts of ethanol to 

each level in the chamber. Air from the compressed air lines in the building was directed 

at the rear face of each of the wicks at the same flow rate in order to facilitate even 

evaporation of ethanol. The internal atmosphere of the chamber was vented through the 

building’s vacuum exhaust line by way of a specialized exhaust funnel with small ports at 

the level of each wire mesh cage, thus equalizing the exhaust throughout the chamber. 

Equal exhaust is important in order to maintain a constant concentration of ethanol vapor 

throughout the chamber. The funnel was placed at the right rear of the chamber and was 

suspended vertically from the top. The exhaust ports were directed away from the ethanol 

wicks and into the airflow, thus uniformly exhausting the internal atmosphere of the 

chamber. 

 The chamber’s internal temperature was maintained at 29°C for the duration of 

the experiment by Walgreen’s brand personal electric heating pads (variable setting) in 

order to compensate for the hypothermic effects that long-term alcohol exposure can have 

on mice. It was experimentally determined that 29°C was cool enough for less affected 

animals and warm enough for the majority of the more sensitive animals in the chamber. 
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The heating pads were distributed throughout the chamber to maintain an optimally 

constant temperature throughout the chamber. One pad was placed on the exterior top of 

the chamber with two pads attached to the right and left external faces to provide 

insulation against heat loss through the Plexiglas. Three pads were placed underneath the 

absorbent pad beneath each wire-mesh cage to provide equal heating to each of the cages. 

All heating pads were placed on a medium setting for the duration of the experiment. 

 Air from the chamber was constantly sampled by way of a fish tank aerator that 

had been modified to intake air from silastic tubing instead of the surrounding 

atmosphere. The fish aerator sampled at a rate of 180L/min. The output from the fish 

pump was connected to a tube that delivered the sampled air to an automatic gas-

sampling valve (100µl volume) heated to 50°C on an Agilent Technologies (Palo Alto, 

CA) Model 6890 gas chromatograph (GC). The GC was connected to a computer running 

the Agilent GC-Chemstation (Rev. A.09.01 [1206]) software package for remote and 

automatic control of the GC. A method was created that took a reading of the ethanol 

concentration every five minutes for extremely accurate chamber concentration 

monitoring. Ultra high-purity nitrogen was used as the carrier gas, which was produced 

by a Whatman nitrogen generator. When a sample was taken, it was injected into a 

split/splitless inlet set to splitless mode with a total flow of 145mL/min (136mL/min to 

split vent, 225°C).  The sample was run through an HP-1 capillary column coated with 

Methyl Siloxane of dimensions 30m x 530µm x 1.50µm nominal (Model No: HP 

19095Z-323) set at a constant flow of 7.4 ml/min. The oven temperature was kept at 

50°C and the sample was measured for 2.5 minutes. The samples were measured by a 
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flame ionization detector (FID) set at 250°C with H2, and air flowing at 30 and 400 

mL/min, respectively. The retention time for ethanol under these conditions was 1.26 

minutes. The area under the peak was calculated automatically by the enhanced integrator 

function included in the GC-Chemstations software at each of the five minute sampling 

intervals. The average of these areas was then calculated over a one-hour period and the 

resulting average was applied to standard curve to yield the concentration of ethanol in 

mg/L. The standard curve was generated by injecting 1µL of each of the following 

concentrations of ethanol in deionized/distilled water (ddH2O) into the inlet1: 20µg/mL, 

10µg/mL, 5µg/mL, 2.5µg/mL, 1.25µg/mL, and 0µg/mL. The concentrations were 

prepared via a series of dilutions as follows: 27mL of absolute ethanol was placed in a 1L 

volumetric flask and then filled with ddH2O so that the total volume was 1L (973mL 

ddH2O). The concentration of the flask was 20mg/L. Then, a series of dilutions were set 

up in 1.5mL GC vials on ice. Vial #1 received 500µl ddH2O, #2 got 500µl of the ethanol 

mixture (EtOH), #3 received 250µl EtOH and 250µl ddH2O, #4 got 125µl EtOH and 

375µl ddH2O, #5 got 62.5µl EtOH and 437.5µl ddH2O, and #6 received 31.25µl EtOH 

and 468.75µl ddH2O2. The vials were immediately capped and sealed to prevent EtOH 

evaporation, vortexed at high speed for 10 seconds each, and loaded onto the robotic 

sampler on the GC. The samples were then injected onto the column under the same 

conditions as the chamber vapor sampling. The resulting areas were plotted against the 

concentrations of the solutions (translated into mg/L) and a trend line was plotted on the 

                                                 
1 1µl of H2O vaporizes to 1mL of gas. 
2 The high precision volume measurements of the lower concentration vials were pipetted 
using positive displacement pipettes (Rainin, Inc., Woburn, MA). 
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graph through these points. The standard curve was repeated 10 times over the course of 

five days and all points were added to the same graph, thus altering the trend line toward 

the average measurement for each concentration. The equation of the final trend line was 

then used to convert the area under the curve to the EtOH concentration of all future 

vapor samplings from the chamber. 

The chamber was pre-equilibrated to 3.0mg/L ethanol concentration at 29°C for 

two hours before mice were exposed. The mice were initially weighed and given a 

loading dose of 1.5g/kg ethanol (20% v/v in 0.9% saline) or the equivalent volume of 

saline for controls. No pyrazole was used during this experiment due to prior evidence 

collected in our lab that pyrazole affects brain gene expression (unpublished data). The 

administration schedule utilized in this study was altered to compensate for the metabolic 

adaptations of the mice that were placed in the chamber. The absence of pyrazole 

required a much steeper dosage curve over the course of the experiment, which was 

experimentally determined. The mice were placed into the chamber three per section of 

each wire-mesh cage (total of 54 mice) at 0900 on day 1. The chamber concentration was 

increased to 4mg/L after 24 hours of exposure, 5mg/L after 48 hours, 5.75mg/L after 60 

hours, and 6.5mg/L after 66 hours until termination of ethanol exposure at 72 hours. 

After 71 hours had elapsed, 20µl of blood was taken from the retro-orbital sinus of each 

mouse using a glass capillary tube and the blood was added to 50µl of chilled ZnSO4 and 

stored capped on ice until all samples had been collected (Roach and Creaven 1968). 

Fifty µl of Ba(OH)2 and 300µl ddH2O were added to each sample. The samples were then 

vortexed on the maximum setting for 10 seconds each and then spun at 12,000 x g for 5 
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minutes in a microcentrifuge. The samples were then placed back on ice while 350µl of 

supernatant was transferred to crimp-top glass GC vials. The vials were then placed into 

an Agilent 7683 automatic liquid sampler and 1µl of each sample was injected onto an 

EPC Purged Packed Inlet and run through a Porapak Q 80/100 packed stainless steel 

column (inlet temp: 225°C, oven temp: 150°C, FID temp: 250°C, inlet and column flow 

rates: 30mL/min, FID flow rates: 30mL/min H2 and 400mL/min air). Retention time for 

ethanol at these settings was 1.55 minutes. The area under the peak was automatically 

calculated as previously mentioned and compared to a standard curve to determine the 

blood ethanol concentration (BEC). Mice included in the study had BECs from 0.8 – 1.7 

mg/ml. 

The standard curve used for the BECs was generated using the following 

concentrations of ethanol: 4mg/mL, 3mg/mL, 2.5mg/mL, 2mg/mL, 1.5mg/mL, 1mg/mL, 

0.5mg/mL, 0.25mg/mL, and 0mg/mL. The solutions were made using a series of 

dilutions from a master volume of ethanol (EtOH) that was created by mixing 10.7µl 

absolute ethanol (95%) to 2mL of ddH2O (4mg/mL, 87mM). The EtOH was capped and 

vortex for 10 seconds, and then placed on ice. A mixture of 100µl N-propyl alcohol and 

100µl ddH2O was created (13.4mM), placed on ice, and was used as an internal standard 

for the BEC standard and all future measurements. Each solution to be loaded onto the 

GC was diluted 21X to match the BEC protocol, thus diluting 20µl 4mg/mL EtOH into 

400µl for a final concentration of 0.2mM. In this manner, 9 uncapped GC vials were 

placed on ice and the following mixtures were added to them: 19µL EtOH and 380µL 

ddH2O, 15.6µL EtOH and 384.4µL ddH2O, 11.9µL EtOH and 387.1µL ddH2O, 9.5µL 
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EtOH and 389.5µL ddH2O, 7.3µL EtOH and 391.7µL ddH2O, 4.7µL EtOH and 394.3µL 

ddH2O, 2.4µL EtOH and 396.6µL ddH2O, 1.2µL EtOH and 397.8µL ddH2O, and 400µL 

ddH2O. Each vial additionally had 1µL N-propyl alcohol added to it as an internal 

standard. N-propanol was chosen as the internal standard due to its similarities to ethanol 

in property1. Each vial was immediately capped and vortexed for 10 seconds at full 

speed, then loaded into the GC auto sampler. The final areas under the curve for each 

sample were plotted against the original concentration of EtOH prior to dilution (mg/mL) 

and a trend line was drawn through the points. The standard curve was repeated 10 times 

over the course of five days and all areas were plotted on the same graph. The resulting 

trend line represented the average trend for all standard curves produced. The equation 

for this line was used to convert all subsequent area measurements to BECs in mg/mL. 

Brain tissue collection and RNA isolation 

Handling induced convulsion scores were not taken during this experiment since 

physiological dependence following chronic alcohol administration for DBA/2J mice has 

been previously quantified (Crabbe 1998). Additionallly, to allow convulsions to occur in 

these animals may cause gene expression changes in the brain and possibly occlude 

expression changes of interest. Mice exposed to ethanol were sacrificed by cervical 

dislocation and decapitation at 0, 6, and 24 hours after discontinuation of ethanol 

exposure (72, 78, and 96 hours). Controls exposed to air only were sacrificed in the same 

manner at 72 hours, following a mock BEC measurement. Whole brains were removed 

                                                 
1 N-propanol has a density of 0.802mg/mL, and ethanol has a density of 0.789mg/mL. 
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from the cranium by making an axial incision beginning at the foramen magnum, 

extending through the occipital bone and along the sqamosal suture (between the 

temporal and parietal bones) ending at the nasal bone by cutting laterally through the 

frontal bone. The incision was repeated on the opposite side and the cut bones were 

removed exposing the brain, which was subsequently easily extracted. The brain was 

placed on an ice-chilled dissection stage in order to solidify the tissue and slow 

degradation. Using a scalpel, the olfactory bulbs, striatum (consisting of the 

caudate/putamen and globus pallidus), cerebral cortex, hippocampus (including the 

dentate gyrus), cerebellum, and all remaining tissue (referred to here as the midbrain) 

were quickly dissected and immediately frozen in liquid nitrogen and stored at -80°C. 

Each of the anatomical brain regions was selected for several reasons. First, each of the 

brain regions is easily dissectible in a manner that is highly reproducible, thus reducing 

the degree of error associated with the dissection of smaller, more imbedded brain 

regions. Second, each of the brain regions contains multiple subregions that have been 

shown to be important in alcohol dependence (such as the amygdala, which is a part of 

the striatum, or the ventral tegmental area, which is part of the midbrain). Third, the use 

of smaller brain regions allowed for potentially higher resolution of smaller gene 

expression changes associated with chronic alcohol withdrawal, since using a whole brain 

sample would potentially have such a large number of mRNA species present that the 

less abundant species would be undetectable due to increased binding kinetics in the 

hybridization reaction of the microarrays.  
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A total of 120 brain samples were harvested. Total RNA was extracted from each 

brain sample using RNA STAT-60 (a modified acid phenol-guanidinium thiocyante 

reagent: Tel-test, Inc.). The resulting total RNA samples were quantified on a NanoDrop 

ND-1000 Spectrophotometer (NanoDrop Technologies, Inc., Wilmington, DE) and RNA 

quality was verified on an Agilent 2100 Biolanalyzer using the RNA 6000 Nano 

LabChip Kit (Agilent Technologies). The RNA samples were then stored at -80°C until 

used for microarray analysis. 

Microarray analysis 

Spotted cDNA microarrays were prepared and printed at the University of Texas at 

Austin under the direction of Dr. Vishwanath R. Iyer according to the process previously 

described (DeRisi, Iyer et al. 1997). Two independent mouse cDNA clone sets, Brain 

Molecular Anatomy Project (BMAP) and Sequence Verified (SV) (Research Genetics), 

were printed on poly-L-lysine coated microscope slides using a robotic arrayer (Schena, 

Shalon et al. 1995). The resulting microarrays consisted of 16,950 clones representing 

~11,000 unique mouse genes. Microarray hybridizations were performed using the Array 

350 Kit (Cy3 - W300130, Cy5 – W300140) purchased from Genisphere, Inc. (Hatfield, 

PA). The Genisphere protocol utilizes an end-labeling procedure that results in the 

attachment of an oligodendrimer labeled with ~350 florescent dyes to the cDNA of 

interest. This process highly sensitive and reduces the amount of total RNA necessary for 

differential signal resolution, and allows for specific reduction in sequence length and 

composition based intensity variance associated with other indirect incorporation 
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florescent labeling techniques. All microarrays used in this study were hybridized using 

2µg of a common reference sample in channel 2 (Ch2) (Cy5) and 2µg of total RNA from 

either the experimental or control samples in channel 1 (Ch1) (Cy3). The common 

reference sample was created by extracting total RNA from the whole brains of 100 male 

C57BL/6J mice (Jackson Laboratories) at 72 days old. These RNA samples were 

combined, thoroughly mixed, aliquoted and stored at -80°C. The practice of using a 

common reference on all microarrays allows for the direct comparison of subsequent 

hybridizations regardless of hybridization efficiency. Microarray hybridizations were 

performed at 63°C by the two-step procedure outlined by the Genisphere protocol. The 

arrays were washed after each hybridization step in three stages: 15 minutes at 60°C 

(2XSSC, 0.1% SDS) with mild agitation, 15 minutes at room temperature (2XSSC) with 

mild agitation, and 15 minutes at root temperature (0.1XSSC) with mild agitation. To 

prevent Cy5 breakdown, reagent grade water (VWR, 48218-710) was used for the 

preparation of the second set of wash buffers since water prepared by the MilliQ method 

may break down Cy5 (http://groups.yahoo.com/group/microarray/message/2867). The 

fully hybridized arrays were immediately scanned on an Axon GenePix 4000B dual 

channel laser scanner (Axon Instruments, Union City, CA.). The microarrays were then 

gridded and the image data translated to intensity values using the software package 

GenePix version 4.2 (Axon Instruments).  The gridding technique employed by our lab 

was designed to exclude as few genes as possible from analysis and to only flag spots 

with unresolvable data. The criteria for an unresolvable spot included scratches through 

the spot, obvious contamination within the spot, adjacent spots that run together, and 
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spots that are highly irregular in shape and composition. This gridding technique allowed 

for the inclusion of any spot that did not have these undesirable characteristics, including 

spots that had little to no hybridization, which could be considered “off” genes. The 

benefit of the inclusion of these spots is that the activation of a previously inactive gene 

could be a highly significant event. If “off” gene were excluded from the analysis of the 

results, these types of changes would not be detectible. 

 

Normalization of and storage of Microarray Data 

Microarray normalization was performed using the R (Ihaka and Gentleman 1996) 

package: Statistics for Microarray Analysis (Yang, Dudoit et al. 2002). Specifically, the 

lowess within-print-tip-group function contained in this package was used for 

normalization. The normalization of each block on the array was necessary due to 

printing inconsistencies that are common to robotic cDNA microarray printing, since 

each print-tip is slightly different in its ability to deposit cDNA onto the arrays. The result 

is often a non-linear average intensity relationship between each block on the array. The 

block-wise normalization routine employed for this study normalizes each block 

separately for this reason. A program was developed in our lab that automates the 

normalization procedure and applies the normalized values to GenePix Results (GPR) 

files1. These normalized GPR files were then uploaded and stored in the Longhorn Array 

Database (LAD) (Killion, Sherlock et al. 2003). Because the uploaded data is normalized 

                                                 
1 See Chapter 4 for a more detailed explanation of all computational methods. 
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prior to being uploaded into LAD, and because LAD automatically normalizes incoming 

data using a linear method, it was necessary to disable LAD’s normalization routine prior 

to upload. This was accomplished by setting the upload options for normalization to a 

user-defined normalization factor of 1, which essentially leaves the data in its original 

condition. Once the data was uploaded into LAD, it could be utilized in more extensive 

analyses. 

 

Retrieval and Standardization of Microarray Data 

Microarray data was retrieved from LAD as follows; the median Ch1 and Ch2 intensities 

with the median background intensity subtracted (net intensity) were downloaded into a 

single file for each channel containing data for all 120 microarrays. Data from the two 

files were then merged using a program developed in our lab that converted the files to 

log2 scale and standardized each of the genes on all arrays to Ch2. The equation for gene-

wise inter-array standardization is as follows: 

! 

gst = go " Mr | r gene( )  

where gst is the standardized Ch1 log2 intensity for each spot, go is the original Ch1 net 

log2 intensity for that spot, Mr is the median log2 Ch2 net intensity for all of the spots for 

that gene, and 

! 

r gene  is the mean log2 Ch2 intensity for all spots for that gene. The vertical 

bar in the equation represents a logical “or”, which in this context means that either 
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medians or means can be used in the standardization calculation1. Since all of the 

microarrays were hybridized with the same sample in Ch2, the Ch1 intensities can be 

directly compared when adjusted proportionally with the average Ch2 intensity across all 

arrays being compared. This technique allows the microarrays to be analyzed without the 

use of Log2 ratios, which allows for the consideration of genes that may be turned from 

“off” to “on” or vice-versa. Additionally, this procedure allows for the comparison of any 

condition to any other condition as long as the same reference sample was used on all of 

the arrays. The output of this standardization program is a single file with standardized 

Ch1 intensities (gst) for all of the microarrays originally downloaded. The Ch2 data is 

unused in this analysis paradigm. 

Statistical Methods 

Normalized array data was stored using LAD and was subsequently consolidated 

and retrieved using 97.5% good data, allowing for only three flagged spots per gene 

across all 120 microarrays submitted. The microarray data was then standardized as 

previously described. The following t-test, f-test, fold change calculation, False 

Discovery Rate estimation (FDR) and Partial Least Squares (PLS) analyses were 

calculated using a software package developed in-house2 that utilizes internally 

developed algorithms, R and R packages from CRAN (http://cran.r-project.org) and 

BioConductor (Gentleman, Carey et al. 2004).  

                                                 
1 Medians were employed universally in the analysis of the data from this study. The 
means calculation exists as an option within the software package that performs the 
analysis. 
2 See Chapter 4 for a detailed description of all in-house software packages. 
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Statistical analysis of the microarray data consisted of a non-paired, two-tailed, 

equal-variance t-test (homoscedastic) and a two-tailed f-test for the time course (n=5). 

FDR and fold change were calculated for each p-value result from the t-test and FDR 

alone calculated for the f-test results as is described in detail in Chapter 4. Each treatment 

group consisted of a sample size of 5 for each of the 6 brain regions and each of the 3 

time points. All ethanol treated groups were compared to controls for each time point, 

resulting in 18 total t-tests for each gene on the arrays. Similarly, six f-tests were 

performed for each gene on the arrays. Controls were included in the f-test calculations as 

a treatment group, for a total of four groups per f-test, each with n=5. PLS analysis was 

performed using all possible fit models (patterns) for the defined data set, which were 

calculated using a binary counting algorithm (see Chapter 4) that yielded dummy codes 

that described each pattern for each test (i.e. – 0011). The results of these four analyses 

were then loaded into a database system that was developed in-house (see Chapter 4) 

using a database loading program that was also written in-house1. The loading program 

additionally ranked and classified each gene according to the best-fit loading score 

resulting from the PLS analysis. The classification process yielded a single model that the 

gene expression pattern best fit from all PLS analyses performed, thus allowing for 

further classification of genes on the array based on biological implications of gene 

expression throughout the time course. The classification method is described in detail in 

Chapter 4. Gene lists, numbers of genes, significance, and classification patterns were 

searched for and retrieved using our database system. Gene overlaps were calculated 

                                                 
1 See Chapter 4 for a detailed decription of all in-house software. 
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using software developed in-house. K-means cluster analysis was performed using 

Cluster 3.0, and cluster images were generated and processed using Java TreeView 

(http://bonsai.ims.u-tokyo.ac.jp/~mdehoon/software/cluster/software.htm). The number 

of clusters for k-means clustering were defined using the results of the PLS analysis and 

classification. Gene ontology over-representation analysis was performed using EASE 

(Hosack, Dennis et al. 2003). 

The generalized functional implications for the collective gene expression changes 

found per brain region and per cluster were performed utilizing the Pathway Assist 

(Stratagene, La Jolla, CA) Software and the ResNet default annotation database that 

comes with the software. The over-represented genes from the EASE analysis were 

divided into up and down regulated gene groups and then the function of each gene was 

looked up in Pathway Assist. When the function was not obvious, the original literature 

supporting the functional classification of the gene was retrieved using the web-based 

gene ontology database, AmiGO (Harris, Clark et al. 2004). One or several generalized 

hypotheses regarding the metabolic consequence of the noted gene expression changes 

were derived from these lists of gene functions and their direction of regulation. 
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Chapter 3 – Chronic Alcohol Withdrawal Microarray Screen 

Original Title  

Regional brain gene expression is discretely altered during chronic alcohol withdrawal 

Abstract 

Alcoholism is a chronic, progressive and heritable (Kendler, Prescott et al. 1997) 

disease that affects millions of Americans (Grant, Hartford et al. 1994) and costs the 

United States hundreds of billions of dollars per year in medical expenditures, 

property damage, and loss of productivity (Harwood 2000). Alcohol dependence is 

the result of long-lasting cellular and molecular changes in the brain that are 

initiated and maintained by the repeated ingestion of intoxicating amounts of 

alcohol (Nestler 2001). Withdrawal symptoms from alcohol occur when alcohol 

intake is reduced or halted and the brain enters a period of extended hyperactivity 

(Saitz 1998). Animal models for alcohol-related behaviours were previously 

developed and characterized in both mice and rats (McClearn 1979; Crabbe 2002a), 

including mouse strains that were particularly sensitive to alcohol withdrawal 

(Goldstein and Pal 1971; Goldstein 1972). Mice from a strain found to be highly 

sensitive to withdrawal from alcohol, DBA/2J, were given a chronic dose of ethanol 

by inhalation and comparative microarray analysis was performed. Here we show 

that detectable gene expression changes occur in a discrete fashion among gross 

anatomical brain regions at various stages during alcohol withdrawal, and that the 

hippocampus shows a markedly greater level of gene expression change during 
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intoxication than any of the other brain regions suggesting a particular vulnerability 

to the intoxicating effects of alcohol. 

Alcoholism is a prevalent neurological disease that costs the United States nearly 

$185 billion per year in alcohol-related expenditures (Harwood 2000) and it is a leading 

cause of morbidity and mortality each year (Grant, Hartford et al. 1994). Alcoholism 

tends to run in families, and one’s predisposition for becoming an alcoholic is 40 – 60% 

genetic, while the remaining influence is environmental (Kendler, Prescott et al. 1997). 

The exact nature of the genetic basis for alcoholism remains unclear.  

Chronic alcohol administration results in stable neuroadaptations that affect 

behavior, tolerance, and dependence upon the drug.  It is probable that these stable 

changes are initiated and maintained at a cellular level by alterations in gene expression 

levels by the presence of alcohol (Nestler 2001). Alcoholism is a polygenic trait, 

influenced by the collective activity of many currently unknown genes (Browman and 

Crabbe 1999). However, the identification of more alcohol responsive genes and 

metabolic systems are being elucidated using large-scale gene expression profiling, or 

microarrays. To date, a number of genes and gene products have been implicated as 

important to specific aspects of the behavioral manifestations of alcoholism (Whitfield 

2005). A large number of alcohol responsive genes have been identified by the 

administration of alcohol to neuronal cell cultures (Thibault, Lai et al. 2000) and by 

various administration paradigms involving inbred mouse strains that differ in their 

preference and sensitivity to alcohol (Daniels and Buck 2002; Hoffman, Miles et al. 

2003; Tabakoff, Bhave et al. 2003; Kerns, Ravindranathan et al. 2005). Additionally, 
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recent studies have utilized methods in bioinformatics to identify families of functionally 

related genes and important metabolic pathways in null mutant mice (Ponomarev, 

Schafer et al. 2004). However, it is not clear how these various components fit together to 

yield the behavior patterns associated with alcohol addiction, nor is it apparent whether 

the influence of these, and other currently unidentified genes, is uniform throughout the 

brain. Since the severity of withdrawal from alcohol indicates the degree of dependence 

upon alcohol (Goldstein 1973), this study was designed to globally define and compare 

the degree and nature of gene expression changes in various regions of the brain during 

withdrawal from a chronic dose of alcohol in DBA2/J mice. This study also incorporates 

many of the prior techniques in bioinformatics and newly developed methodologies to 

develop new hypotheses regarding the consequences of chronic alcohol administration on 

brain gene expression. 

Results and Discussion 

Gene expression data for ~1.5 million data points were collected. This cDNA 

microarray data represents the amount of mRNA present for thousands of genes across 

multiple time points during withdrawal from alcohol for each brain region. In order to 

properly investigate the biological underpinnings of the gene expression changes 

contained within this large dataset, we established the use of standard criteria for the 

detection of significantly changed genes1. These criteria limited the retrieved data to gene 

expression changes that had a t-test p-value of <= 0.05 and an f-test p-value of <= 0.05 

                                                 
1 In this document, detection refers to genes that pass the statistical criteria described 
above, not the actual detection of the spot on the microarray. 
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when compared to controls. The combination of these criteria only allowed for the 

detection of specific gene expression changes that were significantly different from the 

other time points for the same.  

When these criteria were applied for each brain region and time point observed 

during this study, it was found that most of the brain regions exhibited similar numbers of 

detected1 genes across the time-course of chronic alcohol withdrawal. The cerebellum, 

cortex, midbrain, and striatum all maintain similar levels of gene expression activity 

throughout the withdrawal time-course, with numbers ranging from 430 to 650 detected 

genes (Figure 3). However, the olfactory bulbs showed a slight decrease in gene 

expression levels at the 6hr time point (peak withdrawal) while the hippocampus showed 

a markedly higher number of detected genes at the 0hr time point (peak intoxication), 

with 1,240 genes detected. From these data, it would appear that the olfactory bulbs enter 

a phase of diminished gene expression activity during peak withdrawal suggesting a 

possible decrease in neuronal activity during this period. The hippocampus enters a 

period of extreme gene expression perturbation, with the majority of genes being down-

regulated during intoxication, suggesting a marked increase in cellular activity. Evidence 

has been previously presented that implicates the presence of intoxicating amounts of 

alcohol in the alteration of long-term and short-term potentiation in the hippocampus 

(Daniels and Buck 2002), which could adversely affect memory formation. This large 

jump in gene expression may indicate a period of extreme hyperactivity in the 

hippocampus that could explain its inability to properly form new memories during 
                                                 
1 A detected gene is defined as one that has passed the threshold of statistical analysis 
such that the p-value for the T-test is <= 0.05 and the p-value for the F-test is <= 0.05. 
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intoxication. This type of neuronal hyperactivity has been previously observed in 

hippocampal slices following chronic alcohol treatment (Whittington and Little 1990). 

 
Figure 3. Number of significant gene expression changes. Each brain region is listed 
across the x-axis with the following abbreviations: Ce - cerebellum, Co - cortex, H - 
hippocampus, M - midbrain, O - olfactory bulbs, and St - striatum. All time points 
from the experiment are graphed per brain region. The hippocampus shows the 
most extreme level of gene expression activity out of the data set, while the olfactory 
bulbs show the lowest. 

The detected genes in this dataset had less than a 7% incidence of overlap between 

the various brain regions and less than 38% overlap within each brain region and between 

time points (Table 1). The cerebellum exhibited between 24% and 38% overlap of the 

detected genes at each of the time points while showing less than 6% overlap with the 

other brain regions and their time points. The cortex demonstrated between 23% and 28% 

overlap between genes at each of the time points and less than 5% overlap between genes 

from all other brain regions, while the hippocampus displayed between 16% and 28% 
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overlap of genes between time points and less than 6% overlap with other brain regions. 

The midbrain, olfactory bulbs, and striatum exhibited 19 - 26%, 17 – 20%, and 17 – 22% 

overlap of genes between time points and less than 6.5%, 7%, and 7% overlap with other 

brain regions, respectively. This small degree of overlap between brain regions suggests 

that each of the regions is reacting to the progression of withdrawal from ethanol in a 

highly independent manner.  Additionally, the higher incidence of overlap between the 

time points within a brain region suggests that although different genes are activating at 

different times throughout the time course, a number of them remain changed or continue 

to change differentially throughout the time course. The patterns of these gene expression 

changes resulting from withdrawal from alcohol represent fundamental biological 

responses to alcohol withdrawal and may provide insight into the genetic contribution of 

brain genes to the withdrawal syndrome and long-term addiction. 

Table 1. Overlap table. The data in this table represents the percent overlap of genes 
in each of the time points used in the experiment. The brain region abbreviations 
are the same as those found in Figure 3. The numbered suffixes represent the time 
points as follows: 00 - 0hr, 06 - 6hr, and 24 - 24hr. The analysis revealed that gene 
expression within the brain regions occurs in a highly discrete fashion, suggesting a 
high degree of independence regarding the brain regions' activity during 
withdrawal from alcohol. 
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In an effort to obtain a quantifiable time course-based gene expression profile for 

each detected gene in the dataset, partial least squares (PLS) analysis was performed. 

PLS has many applications in the field of microarray analysis, but none of the existing 

methods provided an expression profile for a time course of data. Therefore, we 

developed software that tested all possible expression patterns for any given dataset and 

then determined which of the suggested expression profiles that the actual expression 

pattern for each gene that best fit, thus classifying the expression profile for that gene. 

This expression profile was selected as follows. At the completion of the PLS analyses 

for all expression patterns, each gene had many resulting loading scores, each 

representing numerically how well each of the possible gene expression patterns fit the 

actual expression pattern for that gene. Since each expression pattern was tested on all 

genes, and PLS analysis results in loading scores that are normally distributed, the 

loading score for each profile and for each gene was ranked out of all loading scores for 

each possible expression profile; this rank was represented as a p-value (z-score). The 

profile with the lowest p-value was selected as the optimal expression profile for each 

gene and was stored in a database along with its p-value (see Chapter 4 for a more 

detailed explanation of this method). 

Utilization of these expression profiles proved to be extremely valuable in the 

extraction of biologically relevant data from such a large dataset, especially when 

combined with the gene detection criteria previously described. Six out of a possible 

seven expression profiles were utilized in this analysis (Figure 4). The first expression 

profile (A) matches genes that are only significantly different from control during 
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intoxication (at the 0hr time point), while the other time points are less significantly 

different from control and appear to return to baseline during withdrawal. These data 

points could identify the activation or deactivation of important genes that are key to the 

short-term adaptive changes that the brain undergoes in order to function properly in the 

presence of alcohol. The second profile (B) corresponds with genes whose expression 

levels are different from controls at 0 and 6hrs, thus matching genes whose expression 

levels change during intoxication and don’t return to baseline until after withdrawal is 

complete. These genes could help identify the genes that change during intoxication and 

stay changed throughout withdrawal thus initiating and maintaining the withdrawal 

syndrome. The third profile (C) relates to genes whose expression levels differ from 

controls at the 0, 6, and 24hr time points, indicating that genes with this expression 

profile change expression levels during intoxication and do not return to baseline during 

the scope of this study. Genes in this category could represent genes that are permanently 

affected by chronic alcohol intoxication and could thus be important in permanent 

addiction and eventual relapse to alcohol abuse. The fourth profile (D) conforms to genes 

whose expression levels don’t change until peak withdrawal (6hrs) and stay changed 

through the end of the experiment (24hrs). Genes in this category may indicate long term 

gene expression changes caused by the withdrawal syndrome itself and whose expression 

levels change independently of the presence of alcohol. The fifth profile (E) conforms to 

genes whose expression levels don’t change until after the withdrawal syndrome has 

terminated (24hrs). Genes in this category may be permanently changed following 

recovery from withdrawal and may also be important in relapse. The sixth, and final 
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profile (F) indicates genes whose expression levels only change from baseline during 

withdrawal from alcohol. These genes could be important indicators of key functional 

processes that result in the phenotypic expression of the withdrawal syndrome in mice. 

Each of these profiles relates to an important biological concept regarding the nature of 

gene expression changes during the course of withdrawal. 

 
Figure 4. Conglomerate graph of k-means gene clusters per brain region and 
relative numbers of genes that were included in each pattern. Graphs represent the 
relative gene expression levels of each gene (rows) for all arrays included in the 
experiment (columns). Areas of the graph that are more red indicate down-
regulation, while areas that are more green indicate up-regulation. Cluster graphs 
are grouped by expression pattern, which are labeled A – F, and the relevant gene 
expression patterns are represented are shown at the top of each cluster graph. 
Brain region abbreviations are the same as those in Figure1. Labels across the top of 
each of the cluster graphs represent the various treatment groups: C – control, 0 – 
0hr, 6 – 6hr, 24 – 24hr. 
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Each of the PLS expression profiles represents two possible patterns of expression 

change, up-regulation and down-regulation as represented in Figure 4. Either expression 

pattern is possible. In order to expand the usefulness of this profiling, k-means cluster 

analysis was performed on each brain region for each PLS profile. Since there are only 

two possible expression patterns for each PLS profile, the number of clusters assigned to 

the k-means analysis was two (one for up and one for down-regulation). The result was a 

clear and striking distinction between the various profiles in the study. The clustergrams 

in Figure 4 suggest a high degree of accuracy inherent in the PLS profiling when 

combined with the standard gene detection criteria used in this study. An additional 

striking feature of this sort of meta-analysis is the clarity with which the numbers of 

detected genes for each profile and each brain region can be observed. When the 

clustering data was exported, each row of each clustergram was set to the same size so 

that each gene row could be directly compared to the other gene rows in all of the other 

clustergrams. This proportionality allowed for the arrangement of the clustergrams into a 

bar graph-like figure to additionally show the numbers of genes that were detected for 

each profile. 

The clusters for all of the brain regions in each of the profiles shown in Figure 4 

show very distinct and striking gene expression patterns. Profile A (intoxication) contains 

the largest set of detected genes with a total of 1,331. Of the brain regions represented in 

this profile, cortex, midbrain, and striatum have a greater number of up regulated genes 

while hippocampus has a greater number of down regulated genes. Additionally, 

cerebellum and olfactory bulbs have fairly even numbers of up and down regulated 
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genes. The genes shown for each of the brain regions represented in profile A have less 

than 3.4% overlapping genes between them (Table 2), indicating that each of the brain 

regions is activating and deactivating unique sets of genes in response to chronic alcohol 

exposure, a trend that is present for all profiles represented by this study. The data for 

profile B includes 782 genes, almost half of the number of genes in profile A. Of the 

changed genes in cerebellum, cortex, midbrain and striatum, the majority are up-

regulated while the majority of genes for hippocampus are down-regulated, and the 

number of up verses the number down regulated genes for the olfactory bulbs is nearly 

equivalent. There are fewer than 6.7% overlapping genes between the brain regions 

represented in this profile. A total of 511 genes are represented in profile C.  For this 

profile, cerebellum, cortex, hippocampus, midbrain and striatum all have a slightly higher 

number of genes that are up regulated compared to the number of genes that are down 

regulated. The only exception is the olfactory bulbs in which 63% of its genes are down 

regulated. There are fewer than 5.9% changed genes that overlap between the brain 

regions. Profile D represents the smallest group of changed genes represented by any of 

the profiles, with a total of 466 genes. The majority of genes are down regulated for all of 

the brain regions with the exception of the midbrain, which has equal numbers of up and 

down regulated genes, and there are fewer than 3.9% overlapping genes for profile D. 

Profile E contains 865 genes, the second largest number for this study. Hippocampus, 

midbrain, olfactory bulbs, and striatum all have a slightly greater number of genes that 

are down regulated while cerebellum and cortex have more genes that are up regulated. 

The genes for this profile overlap by less than 4.1% between the represented brain 
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regions. Finally, profile F represents a total of 759 genes, only slightly fewer than profile 

B. cortex, olfactory bulbs, and striatum have slightly fewer up regulated genes while 

cerebellum, hippocampus and midbrain have a greater number of down regulated genes. 

With less than 1.2% of genes overlapping between the brain regions in this profile, it has 

the number of overlaps for the entire dataset. 

Table 2. Expression profile overlap table. The data in this table represent the 
percentage of genes that overlap with all other expression profiles and brain regions 
in the data set. Row and column names are made up of two parts, the expression 
profile letter, and the brain region. Brain region abbreviations are the same as in 
Figure 3. The profile letters match the profile assignments in Figure 4. Percentages 
that have an asterisk (*) next to them represent the maximum percentage for that 
column of values, while percentages with a tilde (~) next to them represent the 
minimum percentage of overlap for that column of values. Overall, this overlap 
analysis supports the data contained in Table 2, that each brain region is acting in a 
highly independent manner and that there is minimal overlap of affected genes 
between them. 
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The extremely small degree of overlapping genes within the exhibited profiles 

suggests that despite differences in gene expression patterns and direction of change, the 

brain regions react to the presence of alcohol, withdrawal, and recovery from withdrawal 

in an entirely discrete fashion. In fact, out of all of the significant genes, only fatty acid 

binding protein 7 (Fabp7) is ubiquitously changed across all brain regions and time 

points. The protein encoded by this gene is a brain fatty acid binding protein. Fatty acid 

binding proteins (FABPs) are a family of small, highly conserved, cytoplasmic proteins 

that bind long-chain fatty acids and other hydrophobic ligands. FABPs are thought to 

play roles in fatty acid uptake, transport, and metabolism (Nikitin, Egorov et al. 2003). 

Fabp7 is nearly ubiquitously down regulated in all brain regions during and following the 

administration of ethanol (Figure 5). The implications of this change could indicate a lack 

of potential for the brain to intake fatty acids to be used in the restructuring of neural cells 

following exposure to ethanol. Additionally, Fabp7 continues to be down regulated at the 

24hr time point, indicating that this change in gene expression could be a permanent 

consequence of chronic ethanol exposure, thus making this gene an intriguing candidate 

for further study regarding the long-term neuroadaptations that lead to alcoholism and 

related behaviors. The independent nature of the gene expression changes of the 

remaining affected genes might be explained by the diverse nature of the functionality of 

each of the included brain regions. However, since ethanol is such a small molecule, and 

common targets for ethanol binding are potentially present in each of the brain regions, it 

is intriguing that this level of distinctiveness exists. 
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Figure 5. Fabp7 expression profiles. Each of the six graphs represents the expression 
patterns of each of the brain regions across all treatment groups, as viewed from the 
ARIDB gene detail page (see Chapter 4). Each point on the graphs is the average 
log(2) standardized intensities for each group (n=5) along with error bars showing 
the standard error for that group. Fabp7 is almost ubiquitously down regulated in 
all brain regions through all of the time points tested. 

 The profiles that maintain the smallest complement of changed genes (C and D) 

are also the only two profiles that characterize long-term gene expression changes that 

are the result of ethanol intoxication or the removal of ethanol (pre-withdrawal). This 

finding could indicate that the number of genes that contribute to the permanence of 

addiction (relapse) as a direct result of alcohol exposure are few in comparison to the 

number of genes required to alter brain chemistry enough to function in the presence of 

ethanol or to return to normal function once alcohol has been removed from the system. It 

is also important to note that the second largest set of changed genes fall under profile E, 
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long-term changes that are a result of withdrawal. This finding could indicate that a large 

proportion of one’s predilection for relapse to alcoholism could be influenced by the gene 

expression changes that occur as a result of the withdrawal syndrome. These notable 

features are indeed interesting, however, it is critical to understand how the brain regions 

are each responding to the progression of withdrawal from alcohol. This level of 

understanding can be gained by studying the known biological functions for each of these 

sets of genes. 

Gene ontology (GO) over-representation (OR) analysis was performed on each of 

the brain regions in each of the exhibited profiles in Figure 4 using EASE (Hosack, 

Dennis et al. 2003), followed by functional analysis of the genes found by that analysis 

using Pathway Assist (Nikitin, Egorov et al. 2003). Representative results from this 

analysis for the hippocampus are summarized in Table 3. The hippocampus is the 

predominant brain region for profile A with 472 genes that change during intoxication. 

This high number suggests that the hippocampus is highly affected by chronic 

intoxication. Additionally, a greater proportion of genes (60%) are down regulated 

compared to controls in the hippocampus suggesting that many of the normally active 

genes are repressed during intoxication. When the number of changed genes for the 

hippocampus is compared across all expression patterns, it would appear that the 

hippocampus is more affected by intoxication than by withdrawal since the number of 

changed genes in the other profiles is relatively small, as in profile F (genes that are 

changed during withdrawal only), where the hippocampus has the lowest number of 

changed genes.  
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Table 3. Functional analysis of over-represented hippocampal genes. The results in 
this table show the assumed functional consequence for the noted gene expression 
changes based on the known functions, pathways, and direction of change of the 
genes. BR = brain region, P = expression profile, GO = gene ontology, UpGn = up-
regulated genes, DnGn = down regulated genes. 
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The number of changed genes in the hippocampus is relatively low in all other 

profiles with the notable exception of profile B. Hippocampus has the largest number of 

detected genes for this profile (204), but the profile, like profile A, represents genes that 

are changed during intoxication. However, these genes additionally remain changed 

during withdrawal and return to baseline at 24hrs. There are no overlapping genes 

between profiles A and B for the hippocampus, suggesting that the profiles represent two 

completely independent groups of genes. Additionally, there are less than 0.9% genes 

that are common between any of the profiles for hippocampus with the maximum overlap 

occurring between profiles C and E, also suggesting that different gene expression 

profiles contain discretely separated groups of genes for the hippocampus.  

Functional analysis of the genes in the various profiles for the hippocampus has 

revealed some very interesting properties for this brain region throughout withdrawal 

from ethanol. For profile A, the profile for which hippocampus’s gene expression is most 

perturbed, two specific classes of genes are changed with interesting consequences. First, 

anti-apoptotic genes are changed such that apoptotic genes are down regulated and genes 

involved in oxidative stress and protection from apoptosis are up regulated. The 

consequence is an increase in neuro-protection during intoxication for the hippocampus. 

Additionally, and interestingly, there is a decrease in the gene expression of many of the 

genes involved in synaptic plasticity, which suggests that this process, which is central to 

hippocampal function, is diminished during intoxication. 
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The genes shown for hippocampus in profile B, which change during intoxication 

and return to baseline by 24 hours, appear to be largely related to oxidative stress. These 

genes, however, appear to be involved in the recovery from stress and appear to be 

inducing cellular repair mechanisms. Genes in profile C, which contains genes that are 

changed during intoxication and remain changed throughout the course of the 

experiment, are again involved in synaptic plasticity. Although there are only a few gene 

categories over-represented in this class, and there are a small number of genes in the 

profile for hippocampus, it appears that the nature of the gene expression changes may 

result in an increase in long-term potentiation (LTP), which may account for recovery 

learning and memory. Profile D for hippocampus represents genes that change during 

withdrawal and stay changed through recovery. This class of genes appear to be involved 

in the inflammatory response of the brain with specific changes in gene expression that 

result in a decrease in cell morphogenesis. The genes in profile E represent genes that are 

only changed after recovery from withdrawal has occurred. The OR genes for the 

hippocampus in this profile are involved in neurogenesis in a manner that results in 

increased cell growth and repair. Finally, the genes in profile F involve genes that are 

only changed during withdrawal. The gene expression changes appear to lead to a 

specific increase in tissue inflammation following oxidative stress, due to a reduction in 

stress responsive genes and an increase in inflammatory genes. These functional 

consequences likely have far-reaching consequences, the possibilities of which are 

discussed at length in Chapter 5.
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Chapter 4 – The Alcohol Research Integrator 

The Alcohol Research Integrator: An open-source analysis suite and web-

based database tool for microarray data storage and meta-analysis. 

Abstract 

Background 

Modern microarray experiments produce data sets that are massively complex and 

difficult, or nearly impossible to interpret beyond understanding the expression changes 

of individual genes. Countless statistical and mathematical techniques have been 

developed in an effort to discover more striking results from these types of data. These 

techniques are generally intended to reduce the collected data to a manageable and 

interpretable form. Many of the more complex methods require mathematical expertise or 

knowledge of advanced statistics beyond the scope of most researchers’ abilities. 

Additionally, commercially available analysis tools, such as spreadsheet programs, are 

incapable of processing the amount of data associated with array analysis in a reasonable 

amount of time, which has lead to the implementation of professional database systems. 

These systems function as a storage and retrieval mechanism for these data, and, when 

combined with interactive software interfaces, create powerful analysis tools suitable for 

microarray exploration by researchers of any caliber of computational, statistical, or 

mathematical expertise. 
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Description 

The Alcohol Research Integrator (ARIDB) is an open source, MySQL-based 

interactive database system that utilizes a web-based Perl program that is capable of 

combining the results from three different microarray analysis methods in a manner that 

allows a researcher to ask detailed biological questions about the data it contains. This 

software is open source, is licensed under the Gnu Public License (GPL), and is freely 

available from http://www.sourceforge.net. Additionally, a suite of command-line driven 

microarray analysis tools accompanies ARIDB. These tools are also open source Perl 

programs that utilize the R statistical platform and assorted packages to accomplish 

microarray normalization, standardization, statistical, and mathematical analyses to 

prepare the data for use with, and to load the data into the ARIDB system. 

Conclusions 

No single statistical analysis or mathematical interpretation of microarray data is 

sufficient to draw biologically relevant conclusions when the dataset is sufficiently large. 

The unique combination of techniques utilized by this database system yielded very clear 

interpretations of the existing data sets, thus leading to the conclusion that a meta-

analysis of this type, combined with the powerful storage and information retrieval 

mechanisms employed in the ARIDB system, provide a powerful platform for detailed 

microarray analysis. 
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Background 

Microarray analysis and interpretation on any level has proven to be challenging 

and non-trivial in the most ideal of situations. As such, researchers have spent 

considerable amounts of time searching for more complete, more efficient, and more 

applicable analysis methods. A score of statistical and mathematical techniques have 

been utilized in this endeavor, from the common t-test (Satagopan and Panageas 2003) to 

more intensive techniques like PLS analysis (Perez-Enciso and Tenenhaus 2003), 

principal components analysis (PCA) (Liu, Zhang et al. 2002), singular value 

decomposition (SVD) (Alter, Brown et al. 2000), and Bayesian approaches to statistics 

(Baldi and Long 2001). While these methods were individually met with limited success, 

their application on a large and biologically relevant scale was small when considered 

individually. Recently, combinations of existing methods have been employed in an 

effort to decode the complex biological information contained in properly performed 

microarray experiment data. These complex analyses are known as meta-analyses. 

Unfortunately, the nature of this type of analysis is not conducive to common 

computational techniques due to the inefficiency of commercially available analysis 

software, the degree of technical error involved in large-scale data entry and analysis, and 

a lack of sufficient computational, mathematical, and statistical knowledge to be able to 

execute such analyses. 

In an effort to streamline microarray analysis, many software packages have been 

developed. The functionality of these tools range from data storage and retrieval (SMD, 

LAD (Gollub, Ball et al. 2003; Killion, Sherlock et al. 2003)), to more complicated 
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statistical analysis packages like SAM (Tusher, Tibshirani et al. 2001), R plugins from 

BioConductor (Gentleman, Carey et al. 2004), software written specifically for 

mathematical packages like Mathematica (Alter, Brown et al. 2000), biologically relevant 

database systems like WebGestalt (Zhang, Kirov et al. 2005), DAVID (Dennis, Sherman 

et al. 2003), and EASE (Hosack, Dennis et al. 2003), and more empirically derived data 

mining systems relating to genetic background like WebQTL (Chesler, Lu et al. 2005). 

Additionally, commercially available software like Pathway Assist (Stratagene 2004) 

have been developed in an effort to derive biologically relevant metabolic pathways from 

microarray data. Unfortunately, these techniques, although individually robust, still yield 

results that are generally too complex to derive useful biological information unless the 

researcher is studying very specific systems about which much prior information is 

known, or the microarray results are profoundly obvious and display very large changes 

is gene expression. 

There is, then, a growing need for integrated, freely available microarray analysis 

systems that are applicable to many platforms of microarray and many experimental 

designs. These tools should allow the user to perform selected analyses via the web and 

store the results in an efficient and easily accessible manner. The results should then be 

able to be combined into a meta-analysis in such a manner as to allow the researcher to 

ask specific, biologically relevant questions based on a range of search criteria. The 

results should be easily interpretable, readily available, and downloadable in their full and 

final form for local storage and further analysis. These needs and specifications are what 

lead us to the development of the ARIDB. While ARIDB is still in a developmental stage 
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and is not yet a fully integrated, web-based system, its individual components are fully 

functional and can be used by virtually anyone with the proper installation and 

instruction. As such, it was important to us to make the software freely available and 

open source while the software continues to be developed and hosted in a functional 

manner on a public web site (http://www.genenetwork.org/ari). 

During the development of this database and analysis system, it was clear that the 

system needed to be very fast, needed to efficiently store and retrieve all data, and needed 

to provide clear results in any form that the researcher requests it in. The stand-alone 

programs that prepare the raw microarray data for entry into the ARI system were written 

to take advantage of the power and speed of R. R is a freely available, statistically based 

programming environment and language that is designed to work with data frames and 

matrices to accomplish complex mathematical and statistical operations. There are 

thousands of packages that have been written for use in R, including a subset of them that 

have been written specifically for biological-type analyses, such as microarray analysis. 

These plug-ins are maintained by a group called BioConductor (Gentleman, Carey et al. 

2004). The BioConductor project is an open source software development project that 

focuses on the analysis and comprehension of genomic data. Many types of analysis 

packages are available to researchers from BioConductor that perform a wide range of 

functions from basic statistical analysis to false discovery rate estimation to PCA. The 

analysis software described in this article was written to take advantage of these analysis 

packages in a user-friendly manner, since the process of learning and understanding R is 

time consuming and difficult. 
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In the sprit of database efficiency and in keeping with the open source model of the 

ARI system and its software components, MySQL was chosen as the database system 

that underlies the majority of the operation of the ARI interface. MySQL 

(http://www.mysql.com) provides an extremely powerful database client and server for 

which many application program interfaces (APIs) exist for many different programming 

languages, including the Perl programming language (http://www.perl.com), which was 

used to write all software discussed in this article. In addition, newer versions of the 

MySQL system provide levels of functionality that equal some of the capabilities of high-

end and extremely expensive database systems such as the Oracle database system. 

MySQL is capable of high-performance, high profile data storage and retrieval and is 

currently in use by industry-leaders like The Associated Press, Yahoo, Google, and 

NASA. 

As the name of the ARIDB suggests, it was developed for use in the field of 

alcoholism research. Microarray experiments in this field have been confounded by the 

prevalence of small but important changes in gene expression. Previous projects have 

used relatively unsophisticated methods like two-fold change to reveal the important 

genes hidden within their data (Daniels and Buck 2002), while still others have utilized 

much more complicated scoring techniques toward the same end (Kerns, Ravindranathan 

et al. 2005). In addition, microarray visualization has been an important aspect of 

organizing and understanding the nature of gene expression changes on a global level. 

The most common form of visualization is cluster analysis. All types of cluster analysis 

has been performed, from hierarchical clustering (Liu, Lewohl et al. 2004), to SVD 
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(Alter, Brown et al. 2000), to k-means clustering (Kerns, Ravindranathan et al. 2005). 

While these analyses have revealed important and interesting sets of genes that may be 

affected by alcohol, it is still difficult to utilize the data as presented to ascertain the 

overarching biological activities that are occurring in these complex systems. The 

ARIDB system and its constituent programs utilize several statistical and dimensionality 

reduction methods in concert in an effort to make the complex and less obvious 

microarray results less difficult to interpret. It is our hope that the final version of this 

software will help to make complex microarray data interpretation more trivial and more 

accessible to the common researcher. 

Construction and content 

The ARI analysis system currently consists of two main components, a command-

line based analysis suite, and a web-based interface to the database that stores the results 

from those analyses. These two stages of data processing are linked by a database loading 

program. All processes described here apply to cDNA microarray data, as it is output 

from Axon GenePix 5.0. Each stage of data analysis is described in detail below. 

Analysis Suite 

Three main stages of program execution are required for the successful analysis of 

microarray data using the ARIDB system. The first step is to normalize the incoming 

data, followed by standardization of all array data to a common reference RNA, then by 

the statistical and mathematical analyses that are currently required by the ARIDB system 
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to function properly. These stages and the programs’ design, algorithms, and interface are 

described in the following sections. 

Normalization 
 

The normalization program (normalize) was written in the programming language 

Perl and was designed to be run on a Unix based operating system. Normalize is a 

wrapper program that functions to adapt existing microarray data to the proper format 

and specifications necessary for data processing and normalization by R. All R-based 

functions are transparent to the user and are controlled entirely by normalize. Since the 

bulk of the normalization calculations are performed within R, it is required that R be 

installed on the system being used for normalization. Normalization is performed under 

the assumption of two-color cDNA microarray experiments that utilize the standard 

flourophores, Cyanine-3 (Cy3) and Cyanine-5 (Cy5), which fluoresce at 532nm and 

635nm, respectively. For the purposes of this report, the Cy3 and Cy5 channels are 

referred to as Channel 1 (Ch1) and Channel 2 (Ch2), respectively.  

The normalization program was designed to work with microarray data in the form 

of GenePix Results (gpr) files from Axon GenePix versions 4 and up. These data files are 

text files that list each spot on the array and all of its intensity measurements. The 

normalization program is capable of batch normalizing any number of gpr files so long as 

their filenames and locations are specified on the command line. The normalization 

program will ultimately output normalized gpr files of the same name as the original file 

with the extension modified from “.gpr” to “.norm.gpr.”  
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During the operation of normalize, each gpr file is read into memory and each 

column is stored in an array named for the column number. The user is then prompted to 

select the type of normalization they wish to perform. The default, and most used option 

in our lab, is within-print tip normalization, which normalizes each block on the 

microarray separately, thus circumventing improper normalization due to print tip 

differences during the printing process. Only the median intensities are processed, the 

mean intensities are left in their original state.  

Prior to the normalization calculations, several pre-processing rules are applied to 

the data. First, each spot is checked for a background subtracted (net) intensity of less 

than or equal to zero. If the intensity matches these criteria, the background intensity is 

altered in such manner that subtracting the background from the foreground will result in 

a net intensity of 1, effectively eliminating negative and zero value intensities. This 

adjustment is accomplished by the following formula: 

! 

bgnew = bg " ( fg " bg +1) 

where bg is the background intensity for either channel, fg is the foreground intensity for 

either channel, and bgnew is the altered background intensity value. Altering the data in 

this manner is inconsequential since the range of valid intensities extends from 0 – 

65535, constituting a 0.001% change in intensity from 0 to 1. Additionally, negative 

intensities have no meaning since they are generally a result of the subtraction of high 

background intensities from unusually low foreground intensities. This intensity 

adjustment is necessary for the retention and proper normalization of low intensity spots 

since zero and negative intensities are excluded from the normalization algorithm. 
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The next pre-processing step involves the effective removal of flagged spots from 

inclusion in the normalization process. Since intensities of zero are excluded by the 

algorithm, flagged data is altered in such a manner that subtraction of the background 

intensity from the foreground intensity results in a net intensity of zero. This operation is 

accomplished by simply setting the background intensity value equal to the foreground 

intensity value, thus excluding it from normalization. Following these pre-processing 

steps, a temporary gpr file is written to the current directory for import into R, followed 

by a scan of the original gpr file for the array dimensions (number of rows and columns 

per block, and number block rows and block columns). This information is utilized in the 

normalization routine in R. 

Next another temporary file is written to the current directory, an R script. This 

script, when accessed by R, loads the appropriate R library, imports the temporary gpr 

file, appropriately sets up the variables used in the normalization routine, executes the 

normalization, outputs the normalized data to a temporary data file, and outputs before 

and after graphs of the quality of the resulting normalization in the form of postscript 

files. Since the intensity distribution present on cDNA microarrays is generally non-

linear, a non-linear normalization routine is used. The R library, SMA (Statistics for 

Microarray Analysis), which is available via Terence Speed’s website 

(http://www.stat.berkeley.edu/users/terry/zarray/Software/smacode.html), uses the lowess 

scatter smoothing algorithm in an intensity independent manner to accomplish non-linear 

normalization. This method is described in more detail elsewhere (Yang, Dudoit et al. 

2002). Once the R script has completed its operations, the normalized data, which are in 
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the form of M and A values, are converted back to intensity values, which are then 

substituted for normalized net intensities. M and A values are defined as follows: 

! 

M = log2
Ch2

Ch1

A = log2 (Ch2 "Ch1)

 

The conversion of these values back to Ch1 and Ch2 normalized net intensities is 

accomplished as follows: 

! 

Ch1n = 2
((2"M )#A )

Ch2n = 2
((2"M )+A )

 

where Ch1n is the Ch1 normalized net intensity and Ch2n is the Ch2 normalized net 

intensity. A post-normalization filter readjusts normalized intensities that are greater than 

the maximum intensity (65535) or less than the minimum intensity (1). If the data points 

fall outside of this range, the points are adjusted to either the maximum or minimum 

intensity. Following the data filter, the newly normalized intensities are applied to the 

resulting normalized gpr file. These normalized files have specific columns that are 

modified from the original file while the rest of the columns retain their original data. The 

columns that are altered to reflect normalized values are "F532 Median - B532" and 

"F635 Median - B635". Other selected columns are recalculated to reflect the new net 

intensity values. These columns include "Sum of Medians", "Ratio of Medians 

(635/532)", and "Log Ratio (635/532)". Once the normalized gpr file has been output, a 

series of graphs are produced for quality assessment (QA) purposes. 

Two of the QA graphs, which are initially produced by R during the normalization 

process, depict scatter plots of M vs. A (MA plots) prior to, and after normalization is 
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complete. The MA plots are produced by the SMA package. Normalize then converts the 

postscript version of the MA plots to GIF format images for later incorporation into a 

local HTML file which consolidates all QA graphs into one, easy to observe location. 

Normalize uses the Unix program, pstoimg (part of the Ghostscript package) to make this 

conversion. Next, a second set of QA graphs are produced that display the average log2 

ratio of Ch2/Ch1 per microarray block, along with error bars that represent the ±standard 

deviation for each block. Much like the MA plots, a before and after normalization graph 

is produced. The averages and standard deviations are calculated and output by normalize 

and the resulting graphs are produced by the Unix program, Gnuplot 

(http://www.gnuplot.org). Finally, histograms of the intensity distribution for Ch1 and 

Ch2 are produced for the data condition before and after normalization. The intensity 

ranges are broken into 64 bins, which incorporate intensity spans of 1024 for each bin. 

The data for Ch1 and Ch2 are overlaid so that the shape and distribution can be easily 

compared. Successful normalization results in nearly overlapping distributions for each 

of the channels that have taken on the typical bell-shaped curve indicative of a normal 

distribution. Each of these graphs is then incorporated into an HTML file, which is placed 

in the current local directory, and can be viewed using any modern web browser. 

The normalization method employed by normalize streamlines the highly 

complicated process of performing non-linear normalization on cDNA microarray data. 

Additionally, the batch processing ability of normalize allows rapid handling of large 

experiments with relatively little input on the user’s end. The processed arrays can then 

be further analyzed with the remainder of the tools common to the ARIDB system. 
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Standardization 
 

The next step in the microarray analysis process is to standardize all of the array 

data that will be used for further analysis. Standardization using this software can be 

performed in either an array-wise or gene-wise fashion, and the metrics can be calculated 

using either median or mean values for the gene-wise adjustments (only means are used 

for the array-wise standardization). This process involves the combination of all Ch1 and 

Ch2 net mean or median intensities for all microarrays into two separate files, each one 

representing a different channel. Each file must have a numerical identification column 

(i.e. – CLID) followed by a single annotation column that can contain multiple annotation 

sources separated by the || delimiter (the annotations can be later separated into columns 

using the annotate program, also included in the analysis suite). In order to conform most 

easily to the format of the output files generated by LAD (Killion, Sherlock et al. 2003), 

dummy GWEIGHT column must then follow the annotation column, followed by the 

intensity data for each included microarray in subsequent columns. Each row of the 

resulting files must represent the same gene across all included arrays. Any missing or 

flagged data from the initial data import are represented as blank fields in this table.  

The two independent intensity files are combined to produce a single file of log2 

intensities (in contrast to the field standard of working with log2 ratios). This is 

accomplished by using a common reference RNA in Ch2 in such a manner that all arrays 

in the experiment have the same sample hybridized to them and are labeled with Ch2 

flourophores, usually Cy5. The Ch2 intensities are then log2 transformed, and the mean or 

median Ch2 intensity for each gene, or the mean Ch2 intensity for the entire array is 
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calculated based on user selectable options. This mean or median value is then subtracted 

from each of the log2 transformed Ch1 data points in the other intensity file. The 

algorithms for these operations are as follows: 

! 

gst = go " Mr | r gene( )  (Gene-wise) 

! 

gst = go " r array  (Array-wise) 

where gst is the standardized Ch1 log2 intensity for that spot, go is the original Ch1 log2 

intensity for that spot, Mr is the median log2 Ch2 intensity for all of the spots for that 

gene, and 

! 

r gene  is the mean log2 Ch2 intensity for all spots for that gene. The vertical bar 

in the gene-wise equation represents a logical “or”, which in this context means that 

either medians or means can be used in the standardization. For the array-wise 

calculation, 

! 

r array  represents the mean log2 Ch2 intensity for all spots on all arrays. 

Additionally, a filtering rule is applied to the array data prior to log2 transformation and 

standardization, which consists of checking for all Ch1 and Ch2 intensities with a value 

less than, or equal to zero that are not blank (flagged) and changing their intensities to a 

value of 1. The resulting standardized data is output into a file in the current directory, 

named for the Ch1 file name with the extension changed from .txt to .std.txt. As was 

mentioned earlier, the output file can then be run through the annotate program, which 

will break apart the annotation column into separate annotation columns based on the 

field delimiter ||. 

Standardization is a preferred method to the usage of log2 ratios because the 

resulting values are whole numbers, not ratios. The usage of whole numbers allows for 

the retention of low intensity spots and thus allows for their direct comparison to spots 



 110 

with higher intensities. Therefore, with this method, genes that have turned on or genes 

that have turned completely off can be studied as easily as genes that have measurable 

intensities in all groups. Additionally, working with array data on a log2 intensity scale 

makes the data more directly interpretable by the researcher, since ratios can be confusing 

at times and have the added confound that the researcher must to know the numerator and 

denominator of the ratio prior to analysis (Ch2/Ch1 vs. Ch1/Ch2). The output file from 

either “standardize” or “annotate” is then ready for input and analysis by the stats 

program.  

Analysis 
 

Microarray data that has been normalized and standardized by the ARI analysis 

suite is ready for statistical and mathematical analyses using the program called stats. 

Stats performs several general microarray analysis functions that include t-tests, f-tests, 

false discovery rate estimation (FDR), partial least squares analysis (PLS), and 

imputation of missing data for PLS. Each of these analyses is currently required for data 

entry into the ARIDB system, since the combination of techniques is utilized to return 

biologically relevant gene lists. Stats is a Perl program that utilizes R (Ihaka and 

Gentleman 1996), several R packages from Bioconductor (Gentleman, Carey et al. 2004), 

and internally developed R functions to perform the statistics described above. Stats acts 

as a data organizer and a functional liaison between the user and R to facilitate these 

complex analyses from data formats not conducive to analysis within R. Stats also 

collects the resulting data, compiles the results in the necessary format, outputs diagnostic 
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graphs from the results and outputs the results into files that are easily incorporated into 

the ARIDB system. Stats greatly simplifies complex data analyses by implementing 

interactive user interfaces that, through user input, define the different analysis groups 

and how to compare and group them for proper processing. All interactivity in Stats is 

currently text-based. Additionally, since the interactive setup of Stats is a complicated 

process, the program provides the option to output a script file that stores all of the user’s 

choices and can be entered into Stats in the event that something wasn’t correct before in 

the original data file. Script file generation is functional in all of the Stats analyses. This 

process greatly simplifies and speeds the time it takes to perform such analyses directly in 

R or within spreadsheet programs. Additionally, utilizing Stats in this manner allows the 

user to process extremely large amounts of information very quickly. 

Stats is invoked from the command line with the input data filename as an 

argument. One may optionally specify an argument of –s, followed by a script file name, 

to run the input data file using previously selected options. Execution of Stats without 

any arguments or without the required data file argument will result in the printing of a 

usage statement consistent with the Unix standard for command-line usage statements. 

Once the program is invoked, the data file is read into memory followed by either a 

confirmation of script file usage or the option to store the ensuing session as a script file. 

Next, the program will prompt the user for the type of analysis to perform on the loaded 

data. The options currently supported are ttest, ftest, and pls. The details of the execution 

of each of these options are described below. 

T-test 
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If a t-test analysis is selected, the input file is scanned and a numbered list of header 

names from each of its columns is displayed. The user is then prompted to select the 

column numbers that correspond to descriptive columns in the data file so that they may 

be excluded from the analysis and reproduced in the output file. Once these columns have 

been defined, a new numbered column list is displayed showing the remaining data 

columns. Stats then prompts the user for the number of pair-wise t-test comparisons that 

need to be run. Then, for each of the comparisons, the user is prompted to enter the 

column numbers that correspond to each of the groups being compared in the current t-

test, followed by the name of that comparison (the comparison name cannot contain 

special characters or spaces, which are replaced with an “_” if entered). All column 

number entries may be entered using either column ranges or comma-separated lists (i.e. 

– 1-5,7,9,10-13). Once all of the t-test comparisons have been defined and named, the 

user is prompted for the output file name into which the results of the analysis will be 

stored. Then, the user is asked to select the type of t-test to perform. The t-test types are 

currently limited to those available in the BioConductor package multtest (function 

mt.teststat) and include a two-sample Welch’s t-test (unequal variance), a two-sample 

equal variance t-test, a standardized rank sum Wilcoxon statistic, and a paired t-test. Once 

a test is selected, the t-test calculations begin. 

Stats begins the t-test operations by calculating the mean, the fold change, the 

sample size and the degrees of freedom for each group specified in the t-test setup. Blank 

or missing data are excluded from the sample size calculation for accuracy during the 

degrees of freedom (df) calculation. The fold change calculation occurs as follows: 
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! 

fc = 2
g 
1
"g 

2( )  

where fc is the fold change, g1 is the group 1 mean and g2 is the group 2 mean. The 

number 2 is raised to the power of the subtraction of the means of the log2 intensities for 

each group to convert the fold change into intensity space. In the event that the fold 

change is less than 1, indicating a negative fold change, the negative inverse of the fold 

change is used in its place, thus placing negative fold change values on the same scale as 

positive ones. Once these calculations are complete, any df whose value is less than 1 are 

given a value of “na”, which will exclude that gene from the t-test calculation in R. All 

data is then output to a temporary tab-delimited file followed by the output of an R script 

for t-test execution. 

Stats then invokes R and feeds it the newly created R script for execution. The R 

script instructs R to read in the temporary data file, set up the t-test, and perform the t-test 

calculations. The resulting T-statistics are then converted to p-values using the previously 

calculated df which are then converted to a two-tailed distribution. A copy of the p-values 

is made and all failed t-test p-values are changed from “NA” to p-values of 1 for output 

into a data file from R. The original p-value table is then altered such that all NA values 

are removed. This is done so that FDR can be accurately calculated for that dataset. FDR 

calculation is accomplished using the R package Q-Value (Storey and Tibshirani 2003). 

Once the q-values are calculated, the NA values are added back into the data table as 

blanks at their appropriate locations followed by the output of a histogram with 100 bins 

in postscript format that show the p-value distribution for the current data set. Then, 

several diagnostic plots that are automatically created by the Q-Value package are output 
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in the same manner. Finally, all data is output to temporary files in the current directory 

so that Stats can assemble the data and format the output file. 

Once the temporary files are read back into Stats, the annotations are all re-output 

to the output file in the same manner they were read into Stats. Then, each of the 

specified t-test results is output in a series of three columns in the order of calculation. 

Each column is labeled with the t-test name that was specified during the t-test setup. The 

results are represented by a column of p-values, followed by q-values, and finally 

followed by fold changes for each t-test for each gene in the dataset. At the conclusion of 

the data output, the histograms and q-plots are converted into GIF images and referenced 

in an HTML file that is created by Stats. This HTML file serves to collect all of the 

relevant graphs into one place so that the results of the analysis can be easily viewed and 

printed from any graphical web browser. At the conclusion of the t-test calculations and 

data output, all temporary files are removed and Stats exits cleanly. 

F-Test 
 

The f-test performed by the combination of Stats and R is a one-way analysis of 

variance (ANOVA). The f-test is a statistical method for making simultaneous 

comparisons between two or more means and can tell you if an actual difference exists 

among multiple groups being compared. The setup process for the f-test function within 

Stats is very similar to that of the t-test. Setup begins with the definition of the descriptive 

annotation columns followed by the specification of the number of f-test comparisons 

that the user wishes to perform. Then, the user is asked to define the parameters for each 
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of the f-tests by first entering the number of treatment groups (controls or various 

experimental groups) that are to be included in the current test. Much like the t-test, the 

next step is for the user to define which columns correspond to each of the treatment 

groups specified earlier. Finally, a name is given to the current f-test and the process is 

repeated until all f-tests are defined. Once the output file name has been given, the f-test 

calculations are initiated. 

The majority of the calculation work for the f-test is performed within R with Stats 

functioning as a setup and operation tool that makes the R execution transparent to the 

user. After a number of name definitions and column definitions, a temporary R script is 

created that, when executed, will perform all calculations. The original data file is 

initially read into an R data frame where it is then parsed into an output data frame 

containing all of the original data, which is repeated in the output file. Then the packages 

multtest, and qvalue are loaded followed by the storage of the header names for each of 

the data columns in the file. Then, each of the f-test column numbers is stored in an R 

variable followed by the f-test calculation by mt.teststat (type=”f”). Next, a custom R 

function is loaded into R that dynamically calculates the within-groups df for each gene 

in the data set. This function is then used to apply p-values to the f-statistics. As was 

described in the t-test section, the NA values are then removed from the list of p-values 

and are run through qvalue in order to obtain the FDR q-values for each of the f-tests. 

Next, the NA values are added back to the q-value results and the p and q-values are 

appended to the output data frame as the last two columns. Finally, a histogram showing 

the p-value distribution for the current f-test is created and output as a postscript file to 
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the current working directory. This process is repeated until all of the specified f-test 

calculations have been completed. Finally, all data that was stored in the output data 

frame is written out to a tab-delimited file of the name specified in the f-test setup. The f-

test process is completed with the conversion of the output histograms to GIF images and 

their inclusion into a custom HTML file containing all histograms created throughout the 

process. At the conclusion of the f-test calculations, the temporary R scripts are removed 

and Stats exits normally. 

PLS 
 

The final function currently active in Stats is the PLS function. Partial least squares 

analysis is a generalized combination of principal components analysis and multiple 

regression (Perez-Enciso and Tenenhaus 2003). During the writing of this function, it 

also became apparent that a PLS analysis used programmatically could have very useful 

classification potential for gene expression patterns. It was with these principals in mind 

that the PLS function was generated. 

The setup for PLS is nearly identical to that of f-test. In fact, it is necessary for 

proper loading of the f-test and PLS data into the ARIDB system that the number of tests, 

the groups contained within those tests, and the test names be identical between the PLS 

and f-test analyses. As such, during setup for PLS the user is asked very similar questions 

to those asked during the f-test. The user is first asked to identify the descriptive columns 

followed by specification of the number of PLS grouping they would like to analyze, 

which is basically the number of separate analyses they will be running. Then, the 
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number of treatment groups followed by the definition of which columns from the data 

file contain those groups is entered for each of the PLS groupings identified earlier. 

Finally, a name for the PLS grouping is entered followed by the output file name for the 

PLS results. Prior to the execution of the PLS calculations, the user is asked to select 

from one of four possible PLS analyses. The analyses include, pls1, pls1reg, pls2, and 

pls2reg. The first two choices are univariate analyses, with the first option running the 

entered data through an external fortran routine, thus speeding up the calculations. The 

second two choices perform a multivariate analysis in the same manners as the univariate 

pls1 analyses. The multivariate options are often the best choice for microarray analysis 

and the non-reg routines run much faster than the others. With the setup of the analyses 

complete, the execution of calculations proceeds on the entered data. 

The PLS analyses begin by performing k-nearest neighbors imputation on the 

entered data in order to complete the existing matrix, as PLS analysis requires a complete 

matrix and fails if there are missing data points. The imputation is performed within R 

using the BioConductor package, “impute”, using the function “impute.knn”. Upon 

completion of imputation, preparations for the PLS analysis are completed. The first step 

toward this end is to generate an array a fit codes, or a series of regression lines that 

represent all possible gene expression patterns for the given data set. The fit codes are 

binomial and are given either a 0 or a 1 for each of the PLS groupings specified during 

the setup process. The algorithm derives all possible fit codes by beginning with the 

binary number that represents zero, with the proper number of bits for the number of 

groups, and proceeds to perform binary incrementation of this binary number by values 
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of one. The algorithm functions by iterating through each bit of the current binary 

number in little endian fashion (from left to right). At each bit of this number, the 

algorithm will convert any 0 it encounters into a 1 and then exit. If the number that is 

encountered is a 1, then that number is changed to a value of 0 and the iterations 

continues until another 0 is encountered. Each iteration of counting is stored for later use 

in the PLS calculations. The end result is an array that contains all possible gene 

expression patterns in two dimensions (either up or down regulated) for the given data 

set. Irrelevant codes such as all zeros or all ones, or codes that are exact opposites of 

other, previously derived codes (i.e. – 0110 and 1001), are excluded from the final list of 

possible gene expression patterns. These types of patterns are irrelevant because a PLS 

analysis tests a data pattern with both positive and negative correlation to the fit code in 

question, so removal of these opposite codes reduces the number of calculations being 

performed and reduces the time it takes to complete the analysis, without a loss in results 

resolution. Once the previous steps are complete, a temporary R script is output to the 

current directory that executes all specified PLS analyses and outputs them into separate 

results files that are prefixed with the name given to the PLS grouping, followed by the 

output file name specified in the setup. With the completion of this final stage of 

microarray analysis, the results are ready to be combined and loaded into the ARIDB 

system. 

Database loading program 
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The process of combining and loading the original microarray data and the analysis 

results from the t-test, f-test, and PLS analyses is extremely complex, and a loading 

program needed to be written that would perform this task. In addition, the loading 

program performs benchmarks, classifications, and scores of each gene in a manner that 

improves the quality of the data contained in the database and makes its searchability 

more robust. Loaddb requires that MySQL version 4.1 or higher be installed on the 

machine running it and that the database user specified at the beginning of the perl 

program be enabled with the correct password and has create and delete capabilities. In 

order to properly create the database and load the data into it from the results files, much 

information needs to be collected from the user. As such, the setup process for the 

loading program, called loaddb, is quite extensive. Since many mistakes can be made 

during this process, loaddb, like stats, is capable of saving all of a user’s selections into a 

script file that can be re-executed at a later time. 

The setup process begins by requesting that the user choose a name for their new 

database. If the database exists, loaddb issues a warning and asks if the user wishes for 

the existing database to be replaced by the one currently being created. Then user is then 

asked to provide a brief description of the new database. This description should describe 

the experimental conditions, with extreme brevity, under which the data was collected. 

Next, the user is asked for a title for the database, which should be titled as a manuscript 

title would be, short and descriptive of the results that were found from the data. The 

following series of questions asks the user to describe the various conditions under which 

the experiment was carried out, which includes the tissue source (i.e. – mouse brain), 
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strains, age, sex, experimental treatment conditions (very brief), the labeling method used 

in the microarray hybridizations, and the amount of total RNA used in the experiment 

being loaded. This information is ultimately printed on the main page of the database 

search form under a descriptive content header. 

At this point, the database has been created and the details of its existence are 

entered into an already existing database called genedb (the details of the table structure 

will be discussed in the next section). The descriptive information is entered into its own 

table and the user is asked to enter the location of the original file that was output from 

either standardize or annotate followed by the locations of the results files from the t-test, 

f-test, and PLS analyses that were performed. These are the source files for the data to be 

entered into the database. Then, much as was done during the setup of the stats functions, 

the user is asked to define the data columns that contain annotation information. The user 

is then instructed to select the type of annotation that is contained in each column from a 

list of possible annotations. This list is currently limited to the annotation types currently 

stored in LAD. Following these descriptions, an annotation table is created and all 

annotation information is entered into the database. 

The next step of the setup process is to group the raw (standardized) data into the 

groups that were defined during the f-test and PLS analyses performed earlier. The 

grouping of this data is used to accurately produce the graphs of the expression data 

within the ARIDB system when a user is viewing gene detail information. Toward this 

end, it is important that all information entered correspond exactly with those of the f-test 

and PLS analyses as the PLS output files will not be properly entered without this 
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correspondence. These definitions proceed much as they did during the definition of the 

f-test and PLS input groups, except that the user is now asked to name each treatment, or 

group, not just the over-all comparison being made. This additional information is also 

for graphing purposes. Once all definitions have been made, the association information 

is entered into a descriptive table, followed by the entry of all of the raw standardized 

data into another table for later retrieval by those with access to the database system. 

Before the t-test information is entered into the database, the groups that were 

defined during the entry of the raw data must be associated with the various t-tests that 

were previously performed. Thus, the results file from the t-test is read in, the headers 

processed, and the user is asked to choose the two groups that define each particular t-

test. The groups can be made up of singular t-test groups, or multiple groups that were 

compared simultaneously. Any t-test that has multiple groups associated with them is 

considered a non-graphable group. These pieces of information are important for the 

proper application of the search limits that can be applied during a database query in the 

ARIDB system. Once their entry is complete, the association data is entered into its own 

table followed by the entry of all t-test information (p-values, q-values, and fold change 

values) into another table. Next, the f-test results are entered into a separate table based 

upon the information given in the setup of the raw data entry. At this point, the simple 

data entry into the database system is complete. 

The next stage of data entry involves the loading of the PLS results data into the 

database system. For this step to be successful, all PLS results files must be combined 

without the raw data and entered into a table that stores all the raw PLS loading scores 
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(loading scores represent that particular data set’s ranking of closest fit to the fit code 

being applied relative to all other genes tested against that pattern). Upon entry of the raw 

PLS data into the database system, the PLS scores are ranked for each gene and PLS 

group so that, out of all possible gene expression patterns, the one that the current gene 

best fits will be apparent during the search, thus effectively classifying the gene 

expression pattern based on the PLS results for all possible fit codes. This PLS profiling 

is accomplished in the following manner. First, each column of the raw PLS data, each of 

which corresponds to one of the fit codes discussed earlier, is loaded into a separate array 

in memory. These arrays represent the PLS ranking tables. Second, the mean and 

standard deviations for each of the ranking tables is calculated so that the rank of each 

loading score can be effectively compared to all others (it is assumed that the loading 

scores follow a normal distribution, or the Z-distribution). Third, the absolute values of 

the loading scores for all of the fit codes for each of the genes in the data set are sorted 

and the top loading score’s fit code is selected as the best fit for that gene and stored. 

That loading score’s rank within its ranking table is established by converting it to a Z-

score and then converting that score into a p-value. The smaller the p-value, the better the 

data fits the expression profile in question relative to all other genes in the system. The Z-

score conversion occurs as follows: 

! 

Z =
sg " r g( )
# g

 

where Z is the z-score, sg is the loading score chosen by the classification algorithm, 

! 

r g  is 

the mean for the ranking table that the loading score was chosen from, and 

! 

" g  is the 
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standard deviation for the same ranking table. The p-value conversion is done using the 

Perl function uprob from the Statistics::Distributions Perl module, which available from 

the Perl CPAN repository (http://www.cpan.org). Once the ranking process is complete 

for all genes and groups in the dataset, the results are entered into the database system. 

The final step in the loading process for the ARI database system is to calculate a 

gene score for each gene that is entered into the database system. The gene score was 

created to qualitatively assess the overall significance of the gene expression changes for 

a particular gene. The higher the gene score number, the more significant all of the 

individual tests for that gene are, which includes all t-tests, all f-tests, and the ranked p-

values from the PLS classification. This gene score allows someone searching the 

database to sort the results based on the genes with more significant tests than other genes 

and can be a very useful metric. The gene score is calculated through a simple process of 

z-transformations, and weighted averages. First, all p-values from the t-test, f-test, and pls 

ranking tables are retrieved for each gene. Then, each of those p-values are z-

transformed, or converted from p-values to z-scores using the Perl function udistr, which 

is a part of the Perl module Statistics::Distributions, as mentioned earlier. Then, the z-

scores for the t-tests, f-tests, and pls ranking are averaged separately, then averaged 

together, giving more weight to the tests with smaller numbers of test groups, which is 

generally the f-test and pls rank values. This average z-score is the gene score for that 

particular gene. If, during the z-transformation, a p-value of 0 is encountered, its value is 

converted to 1x10-15, since a p-value of 0 is infinite on the normal distribution. Likewise, 

if a p-value of 1 is encountered, its value is altered to 0.99 (precision 12), since a p-value 
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of 1 is undefined on the normal distribution. Once all of the gene scores have been 

calculated, they are entered into a separate table within the current database. Finally, 

indices are created for the CLID annotation column and the gene scores to increase the 

speed of searches and joins from the various tables that have been created up to this 

point. Once the indices are created, loaddb exits and the database is now ready for 

viewing from the ARIDB system. 

Alcohol research integrator 

 
The Alcohol Research Integrator (ARIDB) is an interactive, web-based program 

that allows a user to create custom gene lists and perform meta-analyses on the entered 

data in such a manner that combines all the various statistics, scoring, and ranking results 

that were discussed previously in this article. The ARIDB is the premier program and the 

cornerstone for the analysis suite from which all results can be analyzed in a controlled 

and dynamic medium. The ARIDB program, called genedb, is a Perl program that 

consists of 36 subroutines and over 4,000 lines of code, quite a large number for a web-

based database system. The program is designed to operate with MySQL 4.0 or higher 

via the CPAN Perl module bundle Bundle::Mysql. Genedb also depends on the system 

having gnuplot 4.0 or higher installed since it is used to create the majority of the graphs 

used throughout the system. The description of the functionality of the ARIDB is broken 

into two categories. First, the database design, layout, and logic are described in detail. 

Second, details about the internal functionality of the genedb program itself are 

described. 
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Database schema 
 

The database design is divided into two main components, the central catalog 

database, and the individual data-containing databases as illustrated in Figure 6. The 

central catalog database functions as an administrative hub for the entire database system. 

The catalog maintains a list of the active databases, a username, password, and login 

table, and a user access table that keeps track of special restrictions and permissions for 

certain database access privileges. This database is named genedbs, and it contains three 

tables named admin, dblist, and passwd. The admin table has three fields defined; user, 

which has the data type definition of text and functions to hold the username that is 

attached to the access privileges listed in the table, dbs with the data type text also, which 

functions to store the list of restricted databases that the user has access to, and perm with 

data type enum, or enumeration. The perm field can have three possible values, admin, 

user, and guest with guest being the default value for newly created users. Currently, the 

status of user is non-functional. 
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Figure 6. ARIDB database schema. This figure shows the various elements of the 
database design and interactions, which function to store and retrieve microarray 
analyses for the ARIDB system. The database is accessed by the user via a web 
browser through use of genedb.pl. Information on which databases have been 
stored, user information, and access privileges are stored in the central catalog 
database, genedbs. The three tables it contains are admin, dblist, and passwd. 
Admin holds user-wise access privileges. Dblist holds a list of the active data 
containing databases (DBD), a description of each one, and the access privileges 
need to retrieve information from them. Passwd contains usernames, MD5 
encrypted passwords for the users, and valid cookie IDs for authentication of 
existing sessions. For a description of the  DBD tables, their contents, and their 
interactions, see the text of Chapter 4. Table name abbreviations: ttinfo = t-test 
information, ann = annotations, raw = raw spot intensities, pls = partial least 
squares results, plsrank = assigned PLS profiles, ID = unique reference identifier for 
each gene (used to combine information from various tables into a singular output 
based on search queries). 
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The second table defined for the database genedbs is dblist. This table has three 

defined fields as well. The first field, db, stores the names of all existing databases within 

the system and has a data type of text. The second field, descr, contains the database 

description that was given during the beginning of the setup process of loaddb and its 

data type is also text. The last field for dblist is access with data type enum. Access has 

three possible values; open, password, and restricted. Open means that the database can 

be accessed without a valid username and password; it is essentially open to the public. 

Password requires that a valid username and password be entered to access the database 

in question, but has no special restrictions beyond that. Restricted allows an 

administrative user to assign specifically which usernames can access each database 

system. Loaddb, by default, sets this value to password upon creation of a new database. 

The final table contained in genedbs is passwd. This table contains three fields 

called user, password, and valid. Password and valid are both of type blob to ensure case 

sensitivity, while user is of the data type text. As the field names imply, user and 

password store the users’ usernames and passwords. The passwords are stored as MD5 

encrypted hashes for user security. The valid field stores valid cookie ids from web-based 

logins, and upon presentation of an existing cookie to the web server, the cookie id is 

compared against those in the database for the current user. If the number is not there, the 

user is redirected to the login page and the cookie is deleted, otherwise the user is sent 

back to the last database that they were accessing. The tables contained within the 

genedbs database provide central administrative data storage that ensures the proper 

functionality of the remainder of the system. 
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The other, and most important components to the ARIDB are the data-containing 

databases (DCD) (Figure 6). A new database is created for every new dataset placed into 

the system, which, once fully populated by loaddb, contain 10 tables each. The tables are 

named ann, ftest, genescore, graphgroups, info, pls, plsrank, raw, ttest, and ttinfo. As was 

described in the database loading section of this article, the info table contains the 

descriptive information for the database being accessed. Info has eight fields defined that 

are named title, tsource, strains, age, sex, treat, kit, and ugrna. This table contains the 

database title, tissue source, strains (if applicable), age of the tissue, sex of the tissue 

source (if applicable), a description of the experimental treatment, the microarray 

hybridization and labeling method, and the amount of total RNA used during the 

experiment, respectively. This information is entered into a single row of the table and is 

used to display the descriptive information about the experiment on the main database 

search page. 

There are two other informational and setup-type tables that are created under each 

of the DCD. These tables are named graphgroups and ttinfo. As was briefly described in 

the loaddb section, each of these tables contains association information that allows the 

ARIDB system to properly produce detailed graphs of the gene expression data and to 

correctly apply the search limits specified on the main search form to the t-test results 

stored in the database. The graphgroups table contains seven fields. The first field, 

groupnum, assigns a group number to each of the entries in the table (these groups 

correspond the f-test groups specified in loaddb). The second field, treatment, assigns a 

number to the various experimental treatment groups, such as controls, or time points. 
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The third field, samples, contains a comma-separated list of the sample numbers that 

make up that group. These sample numbers correspond to the column numbers in the raw 

table, which will be discussed shortly. The fourth field, descr, is used to describe the 

experimental group. These names are generally single words or phrases that describe the 

treatment type for that group (i.e. – Control, 0hr, 6hr, etc). However, in order to keep 

track of which tissue the treatment was applied to, the groupname and groupsdescr fields 

are created. The groupname field is a short name for the tissue being examined (i.e. – Ce, 

Co, etc.), while the groupdecr, is the long name for the tissue (i.e. – Cerebellum, Cortex, 

etc.). The short names are used to translate the short names stored with the data in the 

database into the long names that are displayed during ARIDB operations. 

The graphgroups table further interacts with the ttinfo table in order to properly 

identify which groups and treatment types make up each of the pair-wise t-tests that were 

performed using stats. The ttinfo table consists of a ttest name, called ttest, which is 

assigned during loaddb operations (and also correspond to the field names in the ttest 

table), and two groupnum and treatment fields, groupnum1, groupnum2, treatment1, and 

treatment2. Each of the groupnum fields corresponds with a groupnum value from the 

graphgroups table, as do the treatment fields (see Figure 6). These associations allow the 

perl interface program to properly apply the specified limits of the results search to the 

retrieved data. 

The vast majority of the results data is contained in the five remaining tables in the 

DCD. These tables are ann, genescore, raw, ftest, ttest, plsrank, and pls. The ann table 

contains all of the annotations for the genes represented in the database, while the 



 130 

genescore table simply contains all of the pre-calculated gene scores, as was described in 

the loaddb section. The raw table contains all of the individual samples’ standardized log2 

intensity values under numbered fields, while the ftest table contains the p-values and q-

values that represent the results of the specified f-tests that were performed using the stats 

program. The t-test table contains all of the p-values, q-values, and fold changes for each 

gene for each of the specified pair-wise comparisons, and the plsrank table holds all of 

the PLS ranking data that was calculated and entered by loaddb during the final stages of 

the database creation. Finally, the PLS table contains all of the loading scores for each of 

the genes contained in the database for each of the possible gene expression patterns that 

were discovered during the PLS analysis portion of the stats execution discussed earlier. 

An additional field that contains a unique identifier, called id, relates each of the rows of 

data contained in these tables to each other, allowing the data to be joined together in any 

pattern necessary for data display, retrieval and storage (Figure 6). The design of this 

database system and its interface with the ARIDB program allows for extremely rapid 

database queries and minimal processor load per search. The methods utilized by ARIDB 

to interface with the database system are described below.  

Perl interface program 
 

The perl interface program, genedb, is the most critical component of the ARIDB 

system. The genedb program controls the user interface via a CGI-based web connection, 

mediates and interprets the users’ input from web-based forms, retrieves and organizes 

the requested data from the database system, formats and displays the resulting data for 
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viewing from any modern web browser, and provides additional visual support in the 

form of data graphs and images to assist in the proper interpretation of the data provided. 

The more notable and complex methods that genedb utilizes to perform these functions 

will be briefly discussed in this section. 

Security 
 

Genedb utilizes a web-based interface to mediate instructions and queries between 

the database system and the user. This form of interface was chosen for use in the 

ARIDB in order to achieve maximum platform-independence and for ease of 

development. Genedb utilizes several security features to ensure the safety of the 

microarray data stored in the system and the security of the host server. Genedb has a 

self-contained, web-based administrative section that allows those with proper access the 

ability to create and delete users, grant varying levels of access to those users, change the 

restrictions for existing databases, and delete existing databases. All administrative 

functions, including user administration and password storage are database-driven and 

are thus kept separate from the remainder of the server system. Passwords are stored as 

an MD5 hash that is initially encrypted using a 64-bit random seed that is used for the 

random selection of the encryption salt from an ASCII character table (very similar to the 

encryption method used by the Unix operating system).  

It is highly recommended that the system be run from a secure web server with a 

properly signed 128-bit Secure Socket Layer (SSL) certificate from a proper signing 

authority (like cacert.org, or Thawte). This environment will protect passwords and 
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valuable data from being intercepted during network transmission by encrypting the 

transmission in a manner that is very difficult to decrypt without the proper keys. 

Additionally, the MySQL user and password are set up with permissions that only allow 

the creation of new databases, the alteration of the databases that were created by that 

user, and limits the deletion of databases to those that were created by that user (the 

username and password can be set by the system administrator upon installation of the 

system).  

The final security measure utilized by genedb is the use of browser-based cookies 

for authentication. Once a user successfully logs in, a cookie is stored in the user’s 

browser under the variable “login,” which contains a three-part string separated by 

colons. The first part of the string is a large random number used for validation of the 

cookie during future access requests, followed by the name of the database that was 

selected for login, and finally by a date/time string that records the time of the last 

successful authentication. The validation string is recorded in the passwd table under the 

field, “valid,” where it remains for a default time of 86,400 seconds (or one year). This 

time frame is also set as the expiration time of the cookie that is placed into the user’s 

web browser. The presentation of a valid cookie to the system upon future accesses to the 

ARIDB results in automatic login, selection of the previously recorded database that the 

user was accessing, and the update of the expiration time of the cookie. Due to this 

feature, a user can only browse one database at a time, and must log out of the system 

(which effectively deletes the cookie from their browser) in order to select a different 
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database. This server-based authentication of browser cookies maintains high security 

and minimizes the risk of falsification of cookie data to gain access to the system. 

Search Form 
 

The main search form for all databases is highly complex and allows for extremely 

detailed queries and combinations of restrictions so that the user may retrieve exactly the 

information that they are looking for. Unfortunately, the more complex a search form 

becomes, the more difficult it becomes to convert the contents of that form into a 

database search query, or select statement. In the case of ARIDB, the search form is 

generated semi-dynamically based on the definitions of analyses that were entered during 

the loaddb run described in the previous section. The form currently requires that all three 

tests (t-test, f-test, and PLS) be present in the database system since all queries request 

information from each of these tables. The annotation section is built dynamically based 

on the content and type of annotations present in the dataset, but requires the presence of 

a gene name and a clone ID (CLID). The PLS pattern search section produces many 

small graphs that are each representative of an individual fit-code that was used during 

the PLS analysis. These graphs are generated on the fly using the Unix-based program 

gnuplot, as described in the preamble of this section. Finally, the data limitation sections 

at the bottom of the page are dynamically generated based on the information entered into 

the graphgroups table. These limits allow the user to restrict the search parameters to 

specific tissues and time points as they were defined during the database creation. The 
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time point limitations only apply to the t-test results, while the tissue limitations may be 

applied to any of the results present in the database. 

Additionally, there are a large number of logical operator (and/or) selectors that 

allow the user to carefully specify how the various search parameters are to be combined 

for the database query. The three global logical operators are defined at the top of the 

search form, which allow the user to specify how they want the different results sections 

(t-test, f-test, PLS), the tissue limitations, and the time point limitations to be combined. 

Choosing “and” vs. “or” for the tissue and time-point limitations drastically alters the 

way t-test data is selected from the database. A selection of “or” will choose any t-test 

that involves either the tissues or the time points that are selected in those sections, 

generally returning results with a broad scope of selection. A selection of “and” requires 

that all tissues or time points be present in the t-test results before that data is selected for 

display by the system. Since the time point data does not apply to the other tests, the 

logical operators for the tissues are applies to the selected data as expected and the 

treatment group limitations are ignored. In addition to the global logical operators, there 

are local options available for the user to specify the manner of combination of the 

multiple search parameters within each search grouping. The search groupings include 

annotations, t-test, f-test, and PLS ranking. There are multiple search options within each 

of these sections and the combination of multiple search parameters can be accomplished 

with either “and” or “or”. For instance, the user may want to retrieve all t-tests with a p-

value <= 0.05, but only those genes that have a greater than two-fold change over 

controls. This combination of search parameters in the t-test section would, of course, 
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require that the parameters be bound by the “and” logical operator. These additional 

options greatly increase the degree to which a user may specify information retrieval. 

Parsing the Search Form 
 

The subroutine within genedb, called parseInput, is one of the most extensive 

subroutines in the entire program. In fact, parseInput makes up nearly 20% of the overall 

program length, and it is only one of 36 subroutines. The complexity of properly 

converting the large number of input variables from the main search form into a series of 

properly formed SQL statements is large indeed. Many special conditions exist, and a fair 

amount of ambiguity is involved in the decisions to form the database query statement 

one way or another. Since this subroutine is far too complex to describe adequately in this 

article, a brief overview of its functions will be given. 

The parseInput subroutine starts from the beginning of the search form and 

proceeds in relative order to its end to form the select statements necessary to retrieve the 

information requested by the user. First, the annotation SQL statement is formed. Each of 

the parameters in the annotation section is analyzed in turn, is combined with the 

necessary operators and is finally connected by the correct logical “and” or “or” to yield a 

complete SQL statement, with the proper order of precedence.  

Once the select statement has been assembled for the annotations, the tissue type 

and treatment limits are processed for the proper retrieval of the t-test, f-test, and PLS 

ranking  data. The specified limits are converted into group numbers and treatment 

numbers by applying the form selections to the graphgroups table. Then, the proper ttest 
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column names are retrieved from the ttinfo table based on the group and treatment 

numbers retrieved in the previous step. When the selected treatment group limits are 

combined with the “and” option, the t-test results that are returned each involve two of 

the selected treatment groups. Alternatively, if the “or” option is selected the t-test results 

that are returned only involve one of the specified treatment groups. During the retrieval 

of data from the f-test table, the treatment group limitations are ignored since all 

treatments are incorporated into each f-test. Only the tissue types are processed. If the 

“and” option is set for the tissue types, the f-test results must match the search criteria in 

all of the tissues selected. If the “or” option is selected, the f-test results returned must 

only match the search criteria for one of the selected tissue types. The same selection 

criteria is applied to the PLS classification section as was done for the f-test section since 

the tests are performed in a similar fashion. 

Upon the proper combination of all t-test, f-test, and PLS search criteria, and once 

all of the selected limits are applied, each of the results sections are retrieved and stored 

into memory. Once there, the t-test and f-test data are combined as specified by the 

results section logical operator. If the “and” operator is selected, then genes that occur in 

both results lists are stored for later retrieval, while the others are discarded. If the “or” 

option is selected, both lists are combined and duplicates removed. Next, the t-test and 

plsrank results lists are combined in the exact same manner. Finally, the two previously 

combined results lists are joined together, the duplicate IDs are removed, and the list of 

results is retrieved from the database system. The list of results is simply a list of the 

unique IDs assigned to each gene as previously described. Then, the annotation, t-test, f-
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test and PLS ranking data for each ID are retrieved. Since MySQL is known to become 

exponentially slower when joining data from multiple tables and multiple records at once, 

each ID is fetched individually and stored in memory (this workaround is described in 

detail on the MySQL website). Once the data is retrieved, it is sorted by a complex and 

highly specialized sorting routine that was written especially for this program. The final 

search results are then displayed in a table ordered by the default sorting option 

(descending order by gene score). The user is then free to browse the details for any of 

the genes listed, to resort the data, to modify the search parameters, or to save the current 

gene list. These functions are outline in the user interface section. 

Sorting Algorithm 
 

The final function that merits explanation is the sorting algorithm. As was 

mentioned earlier, the sorting of retrieved data is performed by genedb rather than by 

MySQL. The reason for this is that MySQL has a limited ability to join together multiple 

tables of information when multiple rows are being returned. In fact, the efficiency of 

MySQL slows down exponentially with an increased numbers of rows being returned 

during a join operation. In order to circumvent this issue, genedb fetches only one row of 

data at a time until all rows have been stored in memory. This alteration in methodology 

removes MySQL’s ability to sort the data upon output since MysQL would need all data 

retrieved to be able to properly sort it. As such, genedb assembles and then sorts the data 

according to either the default sort order, or the user defined sort order as will be 
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described later in this article. Additionally, the nature of some of the annotations 

associated with microarray data requires special handling when sorting is involved. 

There are essentially two forms of data sorting, lexical and numeric. As the name 

implies, numeric sorting specifically orders numbers according to their values in either 

descending or ascending order. Lexcial sorting is a little more complicated and is 

sometimes described as Unix sorting. This form of sorting is mostly alphabetical, 

beginning with special characters, then numbers, then capitol letters, then lowercase 

letters. In a lexical sort, numbers are not ordered according to their value, but are instead 

ordered according to the left most number, followed by the next numerical place in from 

the left, much as alphabetical sorting works (i.e. – 0, 1, 10, 11, 2, 3, 4, 5, 6, 7, 8, 9). 

Notice in this example that the numbers 10 and 11 have been sorted between the 1 and 2 

because lexically, that is where they sort. Microarray annotations such as CLID can be 

numbers, letters, or a mixture of numbers and letters, thus making them fall outside of the 

scope of either of these two basic sorting methods. What is then required is a combination 

of numerical and lexical sorting. 

The sorting algorithm written into genedb, then, begins the sorting process by first 

discovering the type of data that is to be sorted and in what order. Since annotations are 

the sole source of the sorting problem, the algorithm will call a special sort subroutine 

that tricks the system into sorting both lexically and numerically, with numbers occurring 

first. This is accomplished by temporarily adding up to 10 places of zeros to the 

beginning of any annotation that begins with a number, depending on the original size of 

the number. Once the zeros are added, the data is passed through a typical lexical sorting 
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routine. Because of the large number of zeros preceding any number, they are correctly 

sorted as numbers by the lexical sorting algorithm while the rest of the annotations are 

sorted alphabetically. In the event that genedb is sorting based on non-annotation fields, 

such as the genescore, sorting occurs numerically since all remaining data contained in 

the database is numeric by nature. Sorting operations as the user experiences them are 

described in more detail later in this article.  

Utility and Discussion 

User Interface 

The user interface for the ARIDB system is a web-based, interactive search engine. 

A web interface was chosen due to the ease of development, the broadness of utility, and 

the relatively unlimited platform viability that web-based interfaces provide. It was 

necessary for the web interface to provide a great degree of flexibility to the user and for 

it to be intuitive at the same time. Therefore, a great amount of thought was put into the 

development of the layout and logic associated with the operation of the interface. This 

layout and logic is described in the next few sections. 

Login and Database Selection 
 

A user wishing to access the ARIDB system is first presented with a login page. 

This page has form entry locations for a username and a password and the ability to select 

the database that the user wishes to access from a dropdown menu. Additionally, the 

available databases are listed at the bottom of the page along with short descriptions of 
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their content and the level of access required to login to that database (access restriction 

levels were previously described in the Security section). Once a user logs into a 

database, a cookie that validates the current login is stored in that user’s browser. The 

cookie is valid for one year. If the user wishes to change databases, they must logout of 

the current database and login to another one. Otherwise, upon re-entry to the website, 

the user will be directed back to the previous database that they were browsing. There are 

currently no mechanisms in place that would allow a user to log into multiple databases 

at once, or search across multiple databases. Such implementations can be slated for 

future development. 

In the event that a database’s access restriction is set to “open,” no username and 

password is required in order to gain access. The user may simply select the database 

from the drop down menu and press the login button. Much like the normal login process, 

a cookie is still generated and stored in the user’s browser and that user must log out of 

the current database before accessing another one. If a user needs to gain access to a 

restricted database, they must contact the site’s system administrator or curator. 

Main Page and Search Form 
 

Once a user has successfully logged into the system, they are presented with the 

main page for the ARIDB system. This page contains a brief summary of the 

experimental conditions under which the study was performed along with a large, and 

highly detailed search form. As was alluded to in the previous sections, the complexity of 

this search form was designed to allow the researcher to ask biological questions about 
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the data in a manner that combines the various tests into a single search in the database. 

The combination of test results as is utilized by ARIDB constitutes a meta-analysis that 

can yield results that were otherwise not possible, or that were highly difficult to obtain. 

The search form covers all of the pertinent information stored in the database for 

each gene. Thus, there are five major subsections in the form consisting of the annotation 

section, the t-test section, the f-test section, the PLS section, and the limits section. The 

annotation section allows the user search based on any or all annotation fields in the 

database. All entries into these fields are treated as partial matches and the ARIDB will 

therefore interpret the phrase as being surrounded by wildcards for maximum search 

flexibility. The annotation section’s content can change between different databases 

depending on which types of annotations were included when the database was created. If 

chromosome number is included in the annotations, a drop-down menu will appear with 

all of the relevant chromosome information currently in the database. Additionally, one 

can choose whether to combine the search parameters by “and” or “or” so that either all 

parameters much match one gene in that section or any of them can match, respectively. 

The t-test section is divided into three subsections: fold-change, p-value, and q-

value. The fold-change section allows the user to either specify a range of fold changes or 

apply a fold change cutoff. The p-value section works in much the same way, either 

allowing a p-value range or a cutoff to be specified, as does the q-value section. 

Precedence is given to the range fields so that, if both a range and a cutoff are specified, 

the parameters entered into the range fields are used in the query. Like the annotation 

section, the user has the option of combining the search parameters for the t-test results 
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by “and” or “or,” which much the same consequences as the annotations, thus adding a 

high degree of flexibility to the extent of data returned by the search. 

The f-test section is arranged in almost exactly the same manner as the t-test 

section. The exception is that there is an absence of a fold-change section. This is due to 

the fact that fold changes are neither calculated nor applicable to an Analysis of Variance 

(ANOVA), and no data for that parameter exists in the database for the f-test data. 

The PLS section is arranged in a very different manner when compared to the other 

sections. A variable sized table complete with small graphs that are each representative of 

the various possible gene expression patterns that were discovered during the PLS 

analysis are shown. Each pattern has two lines, a red and a black one, representing the 

fact that the pattern could have matched either of the lines, since they are each the inverse 

of the other. The user may select which of the graphs they wish to limit the search to by 

checking the box next to each of the graphs. One may also specify whether they wish for 

all of the checked patterns to be present or only some of them my selecting either “and” 

or “or” from the top of the section. The presence of the PLS section adds a new 

dimension to the search parameters that allows the researcher to ask specific biological 

questions, while limiting the data returned based on statistical values. The user can 

interpret what the various patterns might mean with regard to the experimental design 

and apply the search parameters as they see fit, greatly increasing the usefulness of this 

type of analysis as it applies to microarray data. 

The final section, the limits section, was described programmatically earlier in this 

article. From the user’s perspective, this section contains two subsections; the tissue type 
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and the treatment groups. The tissue type allows the user to limit the scope of the search 

to specific tissues (if there are more than one included). The tissues are listed out in this 

section with checkboxes next to them to allow for their selection. The tissue type 

limitation applies to all of the test results sections and can be combined with either “and” 

or “or” using the global selector at the top of the search form labeled, “Combine Tissues 

With.”  

Treatment groups are defined as the various experimental conditions that the tissue 

types were collected under. These groups can be time points, strains, dosages, behavior, 

or any other experimental treatment that can be devised. Treatment group limitations 

apply only to the t-test since the individual experimental conditions are only compared in 

the t-test. This subsection is arranged in much the same way as the tissue type section. 

Each of the defined treatment groups is listed with a checkbox beside it for user selection. 

The user may join the treatment groups with “and” or “or” by changing the global 

selector at the top of the search form labeled, “Combine treatments with (ttest).” If the 

“and” binding option is selected, two of the checked treatment groups must be present in 

a pair-wise comparison for that gene to be included in the search. For instance, if the 

“and” option is selected, there are three time points and a control treatment group and all 

t-tests compare a time point to the control group, the user must select the control group 

and at least one of the time points in order for any of the results to be selected. If the “or” 

option is selected the user need only check one of the treatment groups for the results to 

be returned. These limits allow for highly specific search parameters to be entered and 

very dynamic gene lists to be generated with relative ease using the ARIDB system. 
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There is one additional “and” or “or” selector at the top of the search form. This 

selector is labeled, “Combine results sections with.” If the selector is set to the “and” 

position, all of the results sections (annotations, t-test, f-test, and PLS) that have search 

parameters entered into them, will be combined in such a fashion that all results section 

parameters must be met in order for the search to return results. The other option, “or,” 

which is selected by default, Allows for all the results sections to act independently so 

that any of the specified parameters can be true to return a result. 

The highly diverse and complicated nature of the search form employed by the 

ARIDB system affords the user great flexibility in the formulation of their search 

parameters. The system is so flexible, and combines the results of the various statistical 

and mathematical tests in such a way that the user may ask specific biological questions 

about the data that they are browsing, taking a step towards the trivialization of 

microarray analysis. 

Results Display 
 

Once a search is initiated, the user is taken to the display results page. Various 

useful messages are printed at the top of the page to help the user identify whether they 

properly formed their search or not. At the conclusion of the search (which is described in 

detail earlier in this article), a results table is displayed along with the number of results 

that the search returned. If the number of results is large, a web-browser will take a few 

seconds to properly display all of the information. The resulting table includes a column 

for each of the annotation fields contained in the database as well as a genescore column 
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(described earlier). By default, the data is sorted in descending order by the genescore, 

which places the gene with the most significant tests overall at the top of the page, and 

the one with the least at the bottom. The form that allows the user to alter the sort order is 

located at the top of the results table, along with a button for gene list generation. In 

addition, the CLID field is linked for each of the returned genes, and when the link is 

clicked, the system takes the user to the gene detail for that gene. These aspects of the 

user interface are described below. 

Resorting Results 
 

Once the results from a search have been retrieved and displayed, a list of the 

returned IDs is stored in a hidden variable on the web page for two purposes. First, so 

that the data can be easily resorted without the need to repeat the search entirely, and 

second, so that the data stored on the page can be easily transferred to a data download 

subroutine. The first of these functions, resorting the data, is designed to provide the user 

with maximum flexibility with regard to data sorting and display. The current sort order 

is displayed as the selected items in three drop down menus at the top of the output 

search results. Each of the drop-down menus holds the selectable resorting options, which 

consist of all of the results fields present in the current database. There are three orders of 

sorting criteria, each one building on the previous sort selection in such a way that the 

first sort affects all results, the second order is applied within duplicate results from the 

first order, and the third order sorts duplicates from the second order. Additionally, if a 

sorting field is selected which was not originally on the results display page, a column is 
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added to the results page to display the selected data field. As such, if there are no 

duplicates in the previous order, no additional sorting will occur, but the column will be 

redisplayed on the results page. The dynamic nature of the sorting options used in 

ARIDB make it easier for the user to make proper selections of interesting genes from 

their results lists. 

Gene Detail 
 

When a user has happened upon an interesting gene, they may click on the linked 

CLID for that row to show the detailed results for the gene in question. The gene detail 

displays a great deal of information. First, the system accesses the graphgroups table and 

uses the combination of that information and the data contained in the raw table to 

produce graphs of the expression data. These graphs are generated on the fly when the 

gene detail is displayed. The graphs’ main titles are named for the groupdescr field in the 

graphgroups table and the x-axis labels are taken from the descr field in the same table. 

The raw data columns are retrieved from the samples field and then those column 

numbers are accessed and the data from each group averaged, and the standard error 

calculated for each. The average for each group is plotted on the graph along with error 

bars for each data point by the Unix program gnuplot. The graphs are output as images 

into a temporary directory on the web server and then are called from the gene detail 

page. These graphs provide a clear view of the data behavior in a manner that assists in 

the interpretation of the results for that gene. 
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In addition to the graphs, all of the results of all of the tests performed using stats 

are displayed on the gene detail page. First, all of the annotation information is presented 

at the top of the page, including a linked accession number that will take the user to the 

corresponding Genbank entry. Next, all of the t-test results are displayed. Each of the 

pair-wise comparisons is shown in a table such that each comparison makes up one row 

of the table. The p-value, q-value, and fold change is shown for each comparison. 

In much the same manner, the f-test and plsrank results are displayed beneath the t-

test results. The f-test section shows the p-value and q-value for each f-test comparison 

that was run while the plsrank table shows the expression profile that was assigned to that 

tissue type, followed by the p-value indicating how well the actual expression data fits 

the given pattern. The PLS profile is displayed as an image of a graph that is also 

produced on the fly by the same subroutine that creates the images for the search form on 

the main page. Displaying the profiles in this fashion allows the user to easily compare 

the assigned profile to the actual data, which is conveniently graphed on the same page. 

In addition to the simple display of the results, ARIDB highlights those data fields in the 

gene detail display that matched the original search criteria, thus adding another visual 

dimension to the detailed results to assist the user in the formulation of their conclusions. 

Gene List Generation 
 

The user has the option of selecting and downloading any of the information 

contained in the database that they are currently browsing. The resulting gene list will be 

comprised of the results from the previous search, as they are displayed on the search 
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results page. At the top of this page, there is a button labeled, “Download Gene List.” 

Upon clicking this button, the user is taken to a selection page that has seven sections. 

Each section represents one of the data containing tables depicted in Figure 6 (all of them 

are connected by the ID field) and includes ttest, ftest, raw, ann, pls, plsrank, and 

genescore. Each field from each of these tables is displayed on this page with a checkbox 

beside it, which allows to user to include anything from the raw standardized intensity 

values, to the original PLS loading scores in their final gene list download. Once the 

desired fields are selected, the user may click on the button at the bottom of the page 

labeled, “Generate Genelist.” The resulting tab-delimited text file is then dumped to the 

screen and the user may save it off of the web page and into a file. This file is formatted 

so that it can be readily imported into a spreadsheet program, statistical package, or a 

clustering program for further analysis. The extreme flexibility inherent in the design of 

the gene list download section allows for the maximum degree of sharing of microarray 

data, which is often desired and important for the further exploration of such complex 

data sets.  

System Performance 

Specific measures have been undertaken to ensure maximum performance from the 

ARIDB system. First, the database schema was designed for maximum accessibility of all 

of the relevant data and for ease of retrieval. Second, the method of data retrieval, which 

was previously discussed in the sorting section, accomplishes very high levels of 

performance for searches as complex as the ones being performed for ARIDB. Third, the 

system reacts very quickly because most of the heavy calculations are performed prior to 
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loading the data into the database (Since the results of the tests are not going to change 

dynamically, the most logical course of action was to pre-calculate all of the results and 

use the database system as a storage medium). The only aspects of the ARIDB system 

that require extensive on-the-fly calculations are those involved in graphing the gene 

detail expression data.  This layout and design perform well when compared to other 

systems like WebQTL (Chesler, Lu et al. 2005) and WebGestalt (Zhang, Kirov et al. 

2005), however these systems perform on-the-fly calculations, thus slowing their 

performance considerably. 

The ARIDB system was developed on a dual AMD Athlon MP 2400+ 1.2GHz 

processor system with 1.5GB of RAM and about 400GB of disk space. The operating 

system is Mandrake Linux 10.1 running MySQL v4.0.28 and Apache v2.0.50. Under 

these conditions, the system will successfully retrieve 20 records in 0.02 seconds and 

6,000 records in 11.1 seconds. As was mentioned previously, the time required to draw 

the results table is dependent upon the user’s computer and browser. Overall, the 

performance of the ARIDB system is very good and requires small amounts of processor 

time per search. 

Intended Uses 

The ARIDB system was developed to be a repository for alcohol related microarray 

experiments, hence the name, the Alcohol Research Integrator. Thus far, all data loaded 

into the ARIDB is of this nature, but it is conceivable that microarray experiments of any 

sort could be successfully loaded into the system. ARIDB and its suite of analysis 

software are freely available and are publicly accessible from 
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http://www.genenetwork.org/ari. Public use of the contained data and public use of the 

system for alternate microarray analyses falls within the intended use of the system. 

Future Development 

The ARIDB system and suite of analysis software is very much in its infancy of 

development. Currently, you must have a unix-based system with all of the prerequisite 

external programs and modules correctly installed to be able to use the analysis suite or to 

install the genedb program. Additionally, all of the installation procedures are manual and 

should be carried out by an experienced system administrator. The system will be further 

developed in such a manner that the entirely of the analysis suite is web-based and so that 

the loaddb functions will be carried out mostly automatically upon completion of the 

analysis stages. Making the system entirely web-based and simplifying the loaddb 

process will ensure cross-platform viability of the system and will make the system 

highly accessible to anyone who wishes to analyze their microarray data in the manner 

described in this paper. Additionally, titles for results fields will be processed through a 

translation matrix that will make the result headings more apparent the user. 

The loaddb function will be further developed to more completely gather 

descriptions of the experimental procedures performed, along with a brief abstract that 

accurately describes the experimental design. The presence of this detailed information 

would vastly improve a user’s ability to perform meaningful searches on any particular 

database. 

Automated user registration will be added to the system in order to minimize the 

amount of direct administration required to operate the system. Newly created users will 



 151 

have access to any databases that they create, as well as databases with the open and 

password access restrictions. User’s will have the ability to alter the access restrictions to 

their databases and will be able to grant permission to other users to access their 

restricted data. Users will also have the ability to delete their own databases, thus giving 

the user full control over their data once it is loaded into the system. As the program 

exists currently, a user with administrative privileges must alter the status of existing 

databases and grant users permission for access. 

Finally, while the final tool itself will be publicly available and free for use, people 

may want to install their own versions for internal use. As such, a viable installation 

package will be developed that minimizes and fully documents the process required for 

successful installation on a new system. The installation tree will most likely still require 

installation on a linux based server, since the Windows operating system does not have 

some of the required tools for the proper operation of the system. 

The NIAAA has kindly approved a grant for $70,000/year for five years to be used 

toward the further development of the ARIDB system. A programmer/system 

administrator and equipment to install the system on will be the primary source of 

spending of this grant money.  

Conclusions 

The ARIDB system is a highly complex, highly dynamic, and highly versatile 

database system and analysis suite that was designed to achieve maximum flexibility for 

the user, while remaining intuitive in nature. The analysis suite nearly trivializes the types 
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of complex microarray analysis performed by the system and greatly reduces the 

necessity for knowledge of advanced statistics and mathematics, leaving researchers 

ample time to determine the important aspects of their microarray data.  

Likewise, the ARIDB interactive database system provides a highly accessible 

method for complex data meta-analysis and provides an excellent medium for data 

sharing. While the number of available search options is very large, they allow the user to 

perform extremely detailed searches of the data in almost any manner they can think of. 

The sorting mechanisms allow the user to reorganize the data in any manner that suits 

their needs and the gene details section provides both visual and numerical results 

making it relatively easy for the user to draw conclusions based on the data. In the event 

that further analysis is required, the user has the option of downloading the results of a 

search into a gene list, which can include any of the data contained in the database for 

that gene. The combination of these functions creates an environment in which the user 

can ask biological questions and get answers quickly, a task that has previously been non-

trivial when contemplating microarray data. 

The importance of freely sharing scientific data is reaching levels of critical 

importance. As the amount of data gathered increases exponentially, the scientific 

community must act in collaboration to accomplish any sort of meaningful interpretation 

of these data. A database such as this provides an open source, open access method for 

providing previously collected and published microarray data to those that require access 

to the information. In the age of genomics, proteomics, and transcriptomics, the efforts of 

the entire scientific community will be required to complete our understanding of human 
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genetics and to provide a useful map of all genes and their functions. This database 

system was created with these values in mind, and more systems like it will be created in 

this spirit.  
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Chapter 5 – Discussion 

The results and methods presented in this dissertation represent among the largest 

sets of data ever simultaneously collected for an alcohol study, nearly 1.5 million of 

them. Consequently, the amount of time and effort necessary to truly grasp the depth of 

the results and to abstract the overarching consequences of chronic alcohol withdrawal on 

the various brain regions of DBA/2J mice is substantial. Through the creation, 

refinement, and combination of methodologies from a large diversity of disciplines that 

include molecular and animal science, computer science, mathematics, and statistics, 

interesting, unexpected, and relevant conclusions were drawn that could impact the future 

understanding and study of alcoholism. Here, 1) I discuss the implications of the results, 

2) draw parallels to known research, and 3) postulate the potential impact of these results 

and conclusions for the future understanding of neurobiology and addiction. 

Genetic targets of alcohol 

Studies in both animal and human subjects have led to the understanding that key 

behavioral abnormalities associated with addiction are extremely long lived. Alcohol use, 

and the development of alcoholism is thought to specifically result from perturbations in 

normal brain activities such as learning, attention, emotion, and cognition (NIAAA 

2000). In this manner, long term exposure to a drug can cause permanent changes in the 

neurophysiology of the subject and can ultimately lead to the condition of addiction as 

was described earlier in this document. The ability of the brain to adapt and change in 

response to a drug (or any stimulus) is known as plasticity. Progress has been made in 
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identifying the mechanisms that contribute to long-lived neural and behavioral plasticity 

related to addiction (Nestler 2001). Progress has been made in identification of drug-

induced changes in gene transcription, in RNA and protein processing, and in synaptic 

structure (Nestler 2001). Recent work has suggested possible mechanisms that could be 

involved in this process, but the specific changes in neural plasticity known thus far are 

too short-lived to account for all of the permanent changes that occur during addiction. 

As such, there are many new potential gene targets for exploration included in these data, 

including a few that are already known. 

The complexity of alcoholism as a behavior is equally paired with its complexity 

on a molecular level. While there are certain, more vulnerable molecular mechanisms that 

have been identified as targets of ethanol action, it is apparent that ethanol tends to 

penetrate into the cell and perturb many of its functions. To date, a decent number of 

gene products (proteins, enzymes) have been identified as targets for ethanol action, and 

many have been attributed to specific alcohol-related behavioral responses, many through 

the use of knockout mice and QTL analysis (Crabbe 2002a). Among these genes are the 

excitatory NMDA1 subtype of glutamate receptors (Swartzwelder, Wilson et al. 1995; 

White 2003; Mameli, Zamudio et al. 2005; Zhang, Hendricson et al. 2005) and the 

inhibitory γ-amino-butyric-acid (GABA) responding GABAA receptors (Harris, 

Valenzuela et al. 1998; Davies, Crawford et al. 2004). Alcohol affects these receptors by 

decreasing the excitatory actions of NMDA and increasing the inhibitory actions of the 

GABAA receptors, which is one of the reasons that ethanol is classified as a depressant 
                                                 
1 NMDA receptors are named for a synthetic agonist called N-methyl-D-aspartate, which 
also binds to and activates this receptor. 
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(NIAAA 2000).  The NMDA and GABAA receptors are each linked to ion channels that 

allow the flow of specific ions into or out of the cell. The rapid accumulation of these 

ions on either the outside or the internal side of the cell membrane can alter the cell’s 

electrical balance.  

Other neurotransmitter systems of specific interest in the field of alcoholism are the 

dopamine (Dickinson, Lee et al. 2003; Hitzemann, Hitzemann et al. 2003; Zapata, 

Gonzales et al. 2005), serotonin (5-HT) (Czachowski 2005; Rodd, Bell et al. 2005), and 

opioid receptors (Bechtholt and Cunningham 2005). Each of these receptors acts through 

a second messenger system that starts a signal cascade throughout the cell. These second 

messenger systems often result in metabolic changes that can have a broad range of 

effects. Dopamine has been recognized as having two major roles in the CNS, to 

coordinate the execution of complex motor activities and to modulate motivational 

behavior. Alcohol causes a general increase in the amount of dopamine released in the 

nucleus accumbens (NAc), which is a part of the mesolimbic dopamine pathway and is 

considered to be the processing center for reward (Figure 7) (Nestler 2001). Nearly all 

drugs of abuse, including cocaine and amphetamines, has been shown to increase 

dopamine levels in the NAc, making its role in development and maintenance of 

addiction extremely important (Nestler 2001).  
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Figure 7. Key neural circuits of addiction. Dotted lines indicate limbic afferents to 
the nucleus accumbens (NAc). Blue lines represent efferents from the NAc thought 
to be involved in drug reward. Red lines indicate projections of the mesolimbic 
dopamine system thought to be a critical substrate for drug reward. Dopamine 
neurons originate in the ventral tegmental area (VTA) and project to the NAc and 
other limbic structures, including the olfactory tubercle (OT), ventral domains of 
the caudate-putamen (C-P), the amygdala (AMG) and the prefrontal cortex (PFC). 
Green indicates opioid-peptide-containing neurons, which are involved in opiate, 
ethanol and possibly nicotine reward. These opioid peptide systems include the local 
enkephalin circuits (short segments) and the hypothalamic midbrain β-endorphin 
circuit (long segment). Blue shading indicates the approximate distribution of 
GABAA (γ-aminobutyric acid) receptor complexes that might contribute to ethanol 
reward. Yellow solid structures indicate nicotinic acetylcholine receptors 
hypothesized to be located on dopamine- and opioid-peptide-containing neurons. 
(ARC, arcuate nucleus; Cer, cerebellum; DMT, dorsomedial thalamus; IC, inferior 
colliculus; LC, locus coeruleus; LH, lateral hypothalamus; PAG, periaqueductal 
grey; SC, superior colliculus; SNr, substantia nigra pars reticulata; VP, ventral 
pallidum.) (Nestler, 2001). 

Opioid receptors also play an important role in the addiction process. Like the 

dopaminergic neurons of the ventral tegmental area (VTA), opioid releasing neurons also 

terminate in the NAc. These receptors respond to opioid peptides that are released 

naturally to influence a broad range of physiological functions, including pain. The 
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effects of over-stimulating these receptors are similar to those produced by morphine and 

heroine, in which a person feels a general sense of euphoria. Alcohol acts via primary and 

secondary systems to facilitate the release of dopamine in the NAc by opioid neurons, 

thus increasing the rewarding effects of alcohol (Nestler 2001) (Figure 7). Additionally, 

serotonin1 receptors are of interest to the field of alcoholism since alcohol-induced 

activation of certain serotonin receptor subtypes can lead to increased dopamine release 

in the NAc, potentially increasing the rewarding effects of alcohol intake (Valenzuela 

1997). Other serotonin receptors play roles in tolerance, withdrawal, and intoxication. 

Many of the genes that contribute to the noted receptor subtypes have appeared as 

regulated in the study presented in this document. Gabra1 (GABAA receptor, subunit α1) 

and Gabra2 (subunit α2) are up regulated in the hippocampus during intoxication and do 

not return to base line throughout the course of the experiment (profile C, Figure 5). 

Additionally, Gabra6 (subunit α6) is up regulated at the 24hr time point only (profile E) 

in the olfactory bulbs. There are also changes the Gabrb1 (subunit β1) such that it is 

down regulated in the hippocampus from intoxication onward (profile C), and it is down 

regulated in the olfactory bulbs during intoxication, then returns to baseline (profile A). 

Finally, Gabrg2 (subunit γ2) is down regulated in the striatum during intoxication and 

does not return to baseline (profile C). The number and degree of detected changes found 

for GABAA receptor subunits are consistent with previous findings that GABAA receptors 

play major roles in neuroadaptation in response to ethanol treatment (Suzdak, Schwartz et 

                                                 
1 Serotonin is involved in many important processes, including regulation of mood, sleep, 
body temperature, appetite, and many other physiological functions. 
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al. 1986; Mihic, Ye et al. 1997; Buck, Metten et al. 1999; Hood and Buck 2000; Blednov, 

Jung et al. 2003; Blednov, Walker et al. 2003; Hanchar, Wallner et al. 2004). The 

changed subunits are consistent with the distribution of the more common subunits that 

GABAA receptors are composed of, and they are localized to the expected brain regions. 

The neuroadaptation of up regulation of the α1 and α2 subunits, the down regulation of 

the β1 in the hippocampus, suggests a restructuring of the active GABAA receptors in that 

region to account for the over-stimulation of GABAA receptors by alcohol. The additional 

γ2 down regulation in the hippocampus could signify removal of GABAA receptors from 

synaptic sites, and relocation to extra-synaptic locations, since γ2 is often associated with 

synaptic localization (Luscher and Keller 2004). The many individual genes represented 

in this dataset each present a unique and interesting target for study; however, 

microarrays can offer a more global view of the consequences of the test condition being 

studied. 

Comparative Analysis 

Numbers of Changes 

One of the simplest, and easiest types of analysis to perform is a comparison of the 

number of genes changes per condition in an experiment. This task simply involves 

counting the number of genes that met the detection requirements for significance for 

each brain region and time point, as in my data set. The presence of the ARIDB made this 

process extraordinarily simple, and the results were placed in Figure 3. As was previously 

mentioned, most of the brain regions maintained similar numbers of changed genes per 
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brain region and time point. The Cerebellum, midbrain, and St all averaged around 500 

changed genes per time point. The Cortex and olfactory bulbs had around 600 changed 

genes for all time points except 6hr in the olfactory bulbs. Additionally, the 6hr and 24hr 

time points for the hippocampus are roughly on par with all of the other brain regions’ 

numbers. However, the 0hr time point has more than twice the number of the maximum 

number of changes in any other brain region or time point. This extreme difference in 

genes indicates without much doubt that something interesting is occurring within the 

hippocampus during chronic intoxication. The hippocampus has certainly been 

implicated as being a major contributor to the behavioral effects of alcohol intake (White 

2003), and it has been shown that hippocampal neurons undergo a period of hyperactivity 

during withdrawal from chronic alcohol exposure (Whittington and Little 1990). 

Overlap Analysis 

The next logical step to take in the analysis of these data was to look at the number 

of genes that overlapped between the brain regions and time points. Since this process 

can be tedious to perform manually, a program was written to create an overlap matrix of 

all treatment groups against all other treatment groups, as displayed in Table 1. This 

analysis revealed that there was less than a 7% overlap of changed genes between brain 

regions and time points. The analysis also showed that there was a larger degree of 

overlap between time points within brain regions, up to 30%. These results suggest an 

incredible distinctiveness in the brain regions and their homeostatic responses to the 

administration of ethanol. Despite the ubiquitous nature of ethanol, each brain region 

modulates its gene expression levels in a manner that is different from all others. While 
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this finding may have been understood on some level in the field of alcoholism research, 

the phenomenon has never been shown as clearly as it is in these data. It is also apparent 

that the increased overlap within brain regions represents the genes that change at some 

point during the intoxication/withdrawal process, and then stay changed for at least some 

amount of time. The independent nature of expression modulation observed in these data 

could simply be due to the fact that each of the brain regions have vastly different 

functions and therefore express distinctive complements of genes in times of normal 

physiological conditions and otherwise. As obvious as this statement is, these results 

signify the first hard evidence that each of the brain regions expresses a unique set of 

genes over the course of chronic alcohol withdrawal. 

The next step of this investigation involved the application of the overlap analysis 

to the various expression profiles, to see if gene expression patterns were also 

independently modulated. As Table 2 shows, this was indeed the case. In fact, the amount 

of overlap between each of the expression profiles (A – F) was nearly as distinct as the 

overlap analysis performed between the time points and did not exceed 7.6% overlap 

between any brain region or expression profile. Internally to each of the expression 

profiles, there was less than a 5.8% overlap of genes, which is in stark contrast to the 

internal overlap of the time points within the brain regions. This low degree of overlap is 

expected between the expression profiles since a single gene should not belong to more 

than one expression profile for a single brain region. Such overlap likely represents 

multiple copies of the same gene on the microarray, and may possibly represent the 

degree of hybridization error associated with multiple cDNAs from the same gene.  
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Functional Analysis – The Hippocampus 

Upon the discovery that the brain regions all respond in a highly independent 

fashion over the course of withdrawal from alcohol, it became apparent that the depth and 

magnitude of potential conclusions that could be extracted from this data set was indeed 

large. As such, the next logical step in the analysis was to perform what is now termed 

functional analysis. This type of investigation places the perspective of the researcher on 

yet a more distant and abstract level that does not consider individual genes, but rather 

how the alteration of many genes would ultimately affect the brain’s physiology. There 

are many forms of this style of analysis that stem from specific biochemical pathways to 

understanding the protracted consequences of prolonged stimulus exposure. The level of 

analysis utilized in this study takes the latter, more abstract approach to functional 

analysis in an effort to gain insight into the most pivotal, overarching, and basic 

consequences of chronic alcohol withdrawal. 

The extent to which this type of study is possible is indeed limited by the amount of 

available time and patience of the researcher. Since there are no definitive databases that 

bring GO categories together into physiologically relevant functions on a per tissue basis, 

much of the work is performed in inference (see Chapter 2 – Methods). However, a 

single database that combines all literature for as many known genes as possible to infer 

each gene’s function is contained in Pathway Assist. Although this program was written 

as a tool to help link genes together into biochemical and regulatory pathways and 
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networks, it turns out that the database assembled in order to provide this functionality is 

more useful than its intended function. The reason for this is that there are simply too 

many possible interactions between distantly related genes that function to perform the 

same gross physiological tasks or adaptations. The result of the pathway analysis is often 

a giant web that fails to provide any insight into the consequences of the biological 

treatment. But, since the functional annotation of the underlying database is so extensive, 

this information can be extracted from the database alone. 

It is apparent that the curators of the ResNet 3.0 database for Pathway Assist 

retrieved the gene functions from literature cited from the gene ontology database system, 

AmiGO (http://www.godatabase.com). The functional analysis used for this study 

originally utilized the same system to provide the functional annotations for each of the 

genes of interest. In order to perform functional analysis using AmiGO, the gene symbol 

of each over-represented gene from each of the gene lists from the expression profiles 

were pasted into the amigo system. The relevant records for that gene were then 

identified from the results of the search followed by a perusal through all of the attached 

literature evidence for the assignment of the GO category to the gene. Once a function 

was established for each gene, it was written next to the gene in an Excel spreadsheet 

while keeping the up and down regulated genes separated. Once all of the genes had been 

functionally annotated, one or more conclusions about the overall consequence of those 

gene expression changes were made. The performance of the analysis in this manner was 

greatly limited by the interface to the AmiGO system and the amount of time to took to 

read through the attached literature if there wasn’t an obvious gene function listed, which 
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was often. The discovery that the curators of the Pathway Assist database had already 

performed this task for a great many of the genes in their database, was one that saved a 

tremendous amount of time. However, the scope of the analysis was limited to the 

hippocampus since the data from that brain region are exceptional in every respect and 

another researcher may easily perform this analysis on the other brain regions through the 

use of Pathway Assist. Thus, as is shown in Table 3, functional analysis was performed 

on the hippocampus across all expression profiles exhibited in Figure 4. 

The hippocampus1 is located inside the temporal lobe and forms a part of the limbic 

system. The major functional roles for this brain region involve memory and navigation. 

The hippocampus is among the oldest regions in the brain phylogenetically and is most 

prominent in primates and Cetaceans2. This brain region is made up of five distinct 

subregions, which include the dentate gyrus, fields CA1 – CA3, and the subiculum. 

Information flow through the hippocampus proceeds through from the dentate gyrus to 

CA3 to CA1 to the subiculum and can receive additional input information from each 

stage. Hippocampal output occurs from CA1 and the subiculum to other brain regions, 

such as the frontal cortex. CA2 represents a very small region of the hippocampus and is 

generally excluded from the normal functioning of the brain region. It has, however, been 

surmised to act as a backup system in times of particular stress or damage, such as 

epilepsy. The main source of input for the hippocampus is the entorhinal cortex (EC), 

which integrates and pre-processes information from inputs such as the eyes and ears. 

                                                 
1 The word hippocampus is derived from the Greek word hippocampus, which means 
seahorse. It was so named because of its shape. 
2 Cetaceans: sea mammals (e.g. – whales, dolphins, etc.) 
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The EC can also receive inputs from other cortical regions such as the associational, 

perirhinal, and parahippocampal cortices, as well as prefrontal cortex (Eric R. Kandel 

2000; Wikipedia.com 2005). 

The hippocampus’ role in general memory formation appears to be limited to 

episodic or autobiographical memory, and is, in general, declarative in nature, meaning 

that the memories could be verbally vocalized. This form of memory would include the 

storage of facts in addition to the events that a person has experienced. There is evidence 

that the hippocampus plays a crucial role in the retention of memory prior to 

consolidation when the memories are transferred to the temporal lobe of the cortex. There 

is also evidence that links the hippocampus to spatial memory and navigation. It is 

thought that specific cells map out one’s surroundings and fire when the area is 

recognized. These cells are called place cells, which form a cognitive map, or a neural 

representation of the layout of the environment (Eric R. Kandel 2000). Alcohol primarily 

interferes with the ability to form new long-term memories. But, one can retain the ability 

to keep previously consolidated long-term memories and the ability to establish new 

short-term memories. The amount of alcohol consumed is linearly related to the degree of 

memory impairment, with the maximal effect being complete amnesia, or blackouts 

(White 2003). Since many of the behaviors associated with alcohol intoxication involve 

memory, both declarative and spatial, the hippocampus has been a brain region of 

extreme interest in the field of alcohol research. Thus, it is fitting that the largest degree 

of perturbation of gene expression in the current study comes from the hippocampus 

during intoxication. 
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Ethanol induced oxidative stress 

Functional analysis revealed that one of the major processes affected by chronic 

alcohol withdrawal in the hippocampus is the condition of oxidative stress. It has been 

postulated that ethanol might cause oxidative damage to tissues through lipid 

peroxidation. This is thought to occur through the production of hydroxyethyl free 

radicals, which are much longer lived than hydroxyl free radicals. Hydroxyethyls are a 

more persistent and can cause more damage to the surrounding tissues. Ethanol can also 

enhance the activity of reactive oxygen species (ROS) formation by inducing cytochrome 

P-4502E1 (CYP2E1), which is widely distributed in the brain. Also, chronic alcohol 

ingestion may cause mitochondrial damage and reduce the efficacy of antioxidant 

defense mechanisms by adversely affecting enzymes like glutathione peroxidase. Thus, 

chronic alcohol consumption may directly or indirectly accelerate oxidative mechanisms, 

which may result in increased cell death and tissue damage (Sun, Ingelman-Sundberg et 

al. 2001). 

Ethanol induced oxidative stress tends to cause cell death in brain tissue. Since the 

condition of oxidative stress occurs mainly while ethanol is present in the system, it is 

fitting that genes that are modulated during intoxication (profile A) should be related to 

apoptotic mechanisms. The genes that are up regulated in this category are associated 

with anti-apoptotic mechanisms, increased metabolism, the inflammatory response and 

suppression of mitochondrial dependent apoptosis. At the same time, the down-regulated 

genes are associated with defense response, immune chemotaxis, other anti-apoptosis 

mechanisms, and overall metabolic activity (including decreased ascorbate levels due to 
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the inhibition of glutathione peroxidase). By this data it would appear that the cells are 

both protecting themselves and preparing for apoptosis at the same time. This 

contradiction in functions could be indicative of neuroprotective mechanisms activating 

in the face of cell death, but it is more likely that the results are from multiple cell types, 

and probably multiple regions within the hippocampus. After all, it was postulated earlier 

that CA2 may be particularly resilient during periods of extensive cell death and may 

provide, at least reasonable functionality during times of stress and damage.  

The period of oxidative stress appears to be certainly limited to intoxication. 

Functional analysis of the genes that change during intoxication and stay changed during 

withdrawal (profile B) reveal an overall decrease in the response to oxidative stress and 

an increase in cellular repair mechanisms and cell growth. This is accomplished by the 

down regulation of genes activated during oxidative stress, such as DNA repair enzymes, 

protection mechanisms against oxidative injury, negative regulation of cell proliferation, 

and many transport mechanisms. Up regulated genes include functional activities such as 

ATPase production, vesicular transport from the endoplasmic reticulum (ER) to the 

plasma membrane (PM), zymogen activity, anti-apoptosis, and morphological structure 

control. These data could indicate a significant period of cellular repair that begins during 

intoxication and persists through withdrawal, possibly decreasing the amount of 

neurodegeneration that may have otherwise occurred. 

In addition to these affected systems, genes that are modulated during withdrawal 

and remain changed through the 24hr time point (profile D) seem to be involved in the 

response to inflammation of the hippocampus. The result may be a decrease in the degree 
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of cell morphogenesis, which is likely an important aspect of the proper functionality of 

the hippocampus. Similarly, genes that are only changed during withdrawal (profile F) 

appear to be involved in the activation of the inflammatory response, which would have 

the effect of involving immune cells in the recovery of the damaged tissue. Also during 

this time point, genes involved in oxidative stress response are down regulated. The 

activation of tissue inflammation could be an important aspect of the physiological and 

behavioral responses observed during withdrawal from alcohol. It follows that oxidative 

tissue damage in the brain would ultimately lead to inflammation and then to a non-

standard operational state such as that observed during withdrawal. 

Neural Plasticity and Long-term Potentiation 

One of the primary, and most important functions of the brain is its ability to 

undergo structural and functional changes. This process is known as neural plasticity. It is 

a necessary process that allows us to learn from our environment and adapt to its 

irregularities. However, not all plasticity has a positive effect. Drugs of abuse, 

specifically alcohol, can have strong neuroplastic consequences that lead to changes in 

the brain that result in permanent addiction (Chandler 2003). There are many receptors 

and metabolic events that occur in the brain are in some way involved in plasticity, 

making it very difficult to pinpoint the mechanisms by which alcoholism is formed by 

plastic events and to what degree key inherited risk factors play a role in that 

development. Plasticity events can occur on multiple levels ranging from whole neuron 

reactions, such as the formation or breakage of synapses with other neurons, to the 

addition or removal of various receptor types and numbers of them on the cell surface, to 
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alterations in the complement of subunits that a particular receptor may be composed of. 

Synaptic plasticity is of particular importance in the hippocampus. 

Synaptic plasticity is the functional modulation of the effects of neurotransmission 

from a presynaptic nerve terminal to a postsynaptic membrane. Alterations may occur in 

the numbers, types, and composition of neurotransmitter receptors present in that 

synapse. These modulations can occur on many levels, which include phosphorylation of 

existing receptors (thus altering their activity), the removal of receptor clusters from the 

synaptic membrane via endocytosis, and via second messenger systems which causes a 

change in the gene expression levels and ultimately the types of receptors the neuron may 

present in the synapse (Chandler 2003; Wikipedia.com 2005). 

The functional analysis of the genes changed in the hippocampus has revealed the 

modulation of genes that may be related to synaptic plasticity. The previously mentioned 

changes in the gene expression levels of GABAA receptor subunits qualify as a synaptic 

plasticity event. Additionally, decreases in the expression of cytoskeletel genes and other 

remodeling events suggest that neuroplastic activity is reduced during intoxication 

(profile A). This change could signify that the major changes that occur in the 

hippocampus that may contribute to the long-lasting effects of chronic alcohol use may 

not occur until after the termination of intoxication. These changes could also signify the 

advance of plastic events within the cells that could ultimately lead to the alteration of the 

postsynaptic neuron’s response to neurotransmission. 

Long-term potentiation (LTP) is the process by which the connection between two 

cells is strengthened over the course of repeated signaling. In living cells, the effects of 
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LTP can last for minutes or months. One of the primary sites of LTP in the brain is in the 

hippocampus. In this process, the activation of the NMDA receptor on the postsynaptic 

cell allows Ca2+ to enter the cell, which sets off a chain of events that lead to long-term 

changes in the cells structure or function, or both (White 2003). Alcohol has been shown 

to selectively inhibit NMDA receptors (Swartzwelder, Wilson et al. 1995). This 

interference prevents the influx of calcium and thus prevents LTP from occurring in these 

cells. This process of interference is thought to be the underlying mechanism by which 

LTP is diminished by alcohol intake. 

The functional analysis of the hippocampus of genes that are changed during 

intoxication and remain changed throughout the duration of the experiment (profile C) 

revealed only a few over-represented genes, since the number of overall genes detected in 

this category was small to begin with. However, Ntrk2, which works with BDNF to 

regulate both short-term synaptic functions and long-term potentiation of brain synapses 

was up regulated along with Atp10a, which is largely responsible for the regulation of 

cell shape. Additionally, Arhgap5, which negatively regulates RHO GTPases, a family 

that may mediate cytoskeleton changes by stimulating the hydrolysis of bound GTP, is 

down regulated. The combination of these processes may ultimately lead to increased 

LTP and subsequent synaptic remodeling in these hippocampal neurons. Since the 

changes in gene expression are long-term, these changes could signify a potential 

mechanism for the long-term neuroadaptations that lead to addiction to alcohol. 

Finally, genes that change only at 24hrs in the hippocampus were functionally 

analyzed. The nature of the changes in these systems revealed increases in the expression 
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levels of genes involved in such processes as cell growth, biogenesis, cytoplasm 

organization, lipid transport, and steroid biosynthesis. The analysis also revealed the 

down regulation of genes involved in cell cycle arrest. These changes could represent an 

overall increase in neurogenesis, or cell growth. While certain types of neurogenesis are 

considered neuroplastic in nature, it is likely that these processes are involved in the total 

recovery of the hippocampus after alcohol exposure and withdrawal, in order to repair the 

damaged cells. After all, the hippocampus is among the only brain regions that are 

capable of regenerating cells that have died off (Wikipedia.com 2005). 

Conclusions 

Much of the nature of how alcohol intake affects the brain is unknown. Given that 

many of the individual components associated with the development of alcoholism have 

been discovered, science still lacks a decent understanding of how those known pieces 

are linked together to yield the complete behavior we know as alcoholism. The process of 

forming a complete picture of neurobiology of alcohol addiction involves the 

identification of many more intermediate genes that are associated with direct targets of 

alcohol and are altered indirectly by the presence of alcohol. The development of a 

metabolic map that defines alcohol’s affects on the brain will likely yield unexpected 

results. Due to the complexities associated with the development of such a map, it is 

necessary to apply new, unbiased, massively parallel, genomic methodologies such as 

microarrays in order to obtain new hypotheses regarding the neurobiology of addiction. 

These hypotheses can then be tested for their involvement in addiction. 
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Although much alcohol research utilizing microarrays has been published, 

microarrays have been underutilized. Since the technology is fairly new to science, and 

the amount of information retrieved from even small experiments is overwhelming at 

best, the interpretation of the results has been largely limited to focusing on individual 

genes and how they are responding to, in this case, ethanol exposure. Also, much effort 

has been applied to developing techniques for reducing the amount of effectively 

analyzable data so that more discrete conclusions can be drawn from the data. Only 

recently has the microarray field focused their attention on higher-level analyses of 

collective gene functions and interactions. These types of analyses have been gaining 

popularity and are beginning to provide new and intrinsic hypotheses that pertain to the 

larger biological systems that are being analyzed. The analysis techniques utilized in the 

study presented in this dissertation along with the amount of available information, the 

diversity of available databases, and the existing and newly developed computational 

methodologies are allowing for much higher level analyses and the realization of over-

arching biological conclusions from very large amounts of underlying data.  Here in lies 

the inherent power in microarray experiments; it is possible to provide global insight into 

the effects of very complicated biological interactions given the proper methodology, 

available tools, and powerful bioinformatics techniques1. 

Using a multi-layered investigation strategy, the microarray data collected in this 

experiment was analyzed with increasing levels of abstraction, beginning on the level of 

individual genes. This level of analysis provided extremely useful information regarding 
                                                 
1 For a more detailed discussion of the bioinformatics methods utilized in this study, see 
Chapter 4. 
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how the individual brain regions react to the chronic intoxication and subsequent 

withdrawal from alcohol. The results clearly show that they each may act in a highly 

independent manner regarding gene expression changes. Each brain region selectively 

alters different sets of genes with less than a 7% overlap between them. While this 

outcome could be relatively easily postulated by considering that each of the surveyed 

brain regions have vastly different functions, the nature and degree of independence has 

never been quantified in this manner. Additionally, gene expression in the hippocampus 

appears to be specifically perturbed during intoxication, suggesting a particular 

vulnerability to alcohol. This outcome, again, could be postulated based on prior 

available data, but has not been previously categorized in this manner, and the fact that 

the hippocampus has more than twice the number of changed genes than all of the other 

brain regions would have been difficult to surmise. Thus, this analysis has generated two 

new hypotheses to be tested regarding alcoholism; 1) that the brain regions are altering 

distinct sets of genes to compensate for alcohol’s alterations in physiology, and 2) that 

the hippocampus is particularly vulnerable to the intoxicating effects of alcohol. 

Upon further abstraction of the microarray results, each gene was assigned an 

expression profile that best fit its expression pattern throughout the time course utilized in 

this study. This assignment allowed for the categorization of the various gene expression 

patterns based on biological relevance, and it was applied universally to the data. This 

analysis yielded a separation of the varying levels of effects of chronic alcohol 

withdrawal into six major groups. These expression profiles included genes that change 

only during intoxication, those that change during intoxication then return to baseline 
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only after withdrawal is complete, genes that change during intoxication and remain 

changed through 24 hours, genes that change during withdrawal and stay changed, genes 

that only change during withdrawal, and genes that only change after withdrawal has 

completed. Each of these groups offers a unique perspective on the types of gene 

expression changes occurring that could range in consequence from immediate 

behavioral response to the current condition of the brain to the long-term addictive effects 

of a chronic alcohol exposure such as this. 

The next, and final level of abstraction utilized gene lists generated on a per 

expression profile basis for the hippocampus. Functional analysis was applied to the gene 

lists, which revealed possible functional consequences that both verified past experiments 

and offered new insight into the nature of alcohol withdrawal in this brain region. The 

hypotheses that were generated through the course of this analysis included the 

following; 1) during intoxication, there is an overall decrease in synaptic remodeling 

during intoxication, which could help to explain ethanol-induced amnesia in the 

hippocampus, 2) the hippocampus is under significant oxidative stress and that certain 

subpopulations of cells activate neuroprotective pathways, while still others undergo 

apoptosis, 3) this period of oxidative stress is limited to the period of intoxication and is 

followed by a concomitant increase in cellular repair and activation of inflammatory 

responses that corresponds with withdrawal from alcohol, and 4) upon recovery from 

withdrawal, the hippocampus permanently increases its LTP processes and undergoes 

increased neurogenesis, which could be related to either LTP or the replacement of lost 

cells due to oxidative stress.  
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This analysis allowed for the inference of potential functional consequences of 

alcohol exposure and withdrawal throughout the time course of the experiment, thus 

elucidating new hypotheses that could lead to a generalized roadmap of the consequences 

of chronic alcohol exposure and withdrawal. This information, combined with the 

assigned expression profiles, the statistical metrics associated with each of the genes, and 

basic information about each gene provides a global, brain region associated map of 

chronic ethanol withdrawal in DBA/2J mice. These data will likely provide years of 

future research to more carefully verify and explore the fundamentals of the 

consequences of ethanol exposure on the brain, and bring us one step closer to fully 

understanding and hopefully curing the devastating disease of that is alcoholism.   
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