
Abstract 

 

BUSHEL, PIERRE ROBERT.  Clustering of Mixed Data Types with Application to 

Toxicogenomics.   (Under the direction of Gregory C. Gibson.) 

 

DNA microarray analysis provides unprecedented capabilities for simultaneous 

measurement of genome-wide alterations in transcription levels.  Toxicogenomics 

bridges gene and protein expression analyses with conventional toxicology to elucidate a 

global view of the toxic outcomes and mechanistic changes elicited by toxicant exposure 

and environmental stressors to biological systems.  Inherent in toxicogenomics data are 

systematic error, stochastic variation and disparate measurement domains and types 

which complicate the acquisition of significant, meaningful and broad biological 

interpretations from analysis of the data.  In this dissertation, a classification regimen 

comprised of analysis of replicate data, outlier diagnostics and gene selection procedures 

was employed to utilize microarray data for categorization of sub-classes of biological 

samples exposed to pharmacologic agents.  To assess contrasts of centrilobular 

congestion severity of the rat liver subsequent to exposure with acetaminophen (APAP), 

microarray data, clinical chemistry evaluations and histopathology observations were 

integrated in a database and analyzed using mixed linear model approaches.  Finally, the 

k-prototype algorithm with a mixed objective function comprised of the sum of the 

squared Euclidean distance to measure the dissimilarity of samples based on microarray 

array and clinical chemistry numeric data features and simple matching to measure the 

dissimilarity of the samples based on histopathology features with categorical values, was 



modified (Modk-prototypes) to the specifications of k-means clustering.   In addition, the 

objective function included weighting terms for the microarray, clinical chemistry and 

histopathology domain data in order to computationally integrate the data as well as 

constrain the clustering of the APAP-treated samples according to similarity of gene 

expression and toxicological profiles.  Simulated annealing optimization of the Modk 

(SA-Modk) –prototypes algorithm was used to validate the clustering of the APAP-

treated samples.  The clusters were vetted for gene expression and toxicological (VETed) 

k-prototypes features that discerned clusters from one another. The VETed k-prototypes 

are shown to be ideal for distinguishing between zero, minimal, and moderate levels of 

necrosis of the hepatocytes and centrilobular region of the rat liver that are end-point 

representations of the clusters of APAP-treated samples. 

 

In this dissertation, chapter 1 is an introduction to general toxicology, microarray gene 

expression array platforms, experimental designs, preprocessing of the data and gene 

selection approaches, toxicogenomics as it applies to compound classification and 

phenotypic anchoring of gene expression, databases and informatics resources for 

toxicogenomics and clustering of mixed data types.  Chapter 2 is dedicated to statistical 

validation and significance of differentially expressed genes as well as sub-categorization 

of samples exposed to phenobarbital and peroxisome proliferators clofibrate, gemfibrozil 

and Wyeth 14, 643.  Chapter 3 presents integration of microarray data with clinical 

chemistry and histopathology data to contrast levels of centrilobular congestion of the rat 

liver by mixed linear modeling of gene expression ratio values acquired from rats 

exposed to APAP.  Chapter 4 describes the utilization of a modified k (Modk) –



prototypes objective function and algorithm, and simulated annealing optimization 

version of the Modk (SA-Modk)-prototypes objective function, for computational 

integration of microarray, clinical chemistry and histopathology mixed numeric and 

categorical data.  It also includes partitioning of APAP-treated biological samples into 

clusters which contain vetted expression and toxicological (VETed) k-prototypes features 

that distinguish between levels of necrosis of the hepatocytes and centrilobular region of 

the rat liver.  In chapter 5, a conclusion of the research, development and analyses 

presented in this dissertation is provided.  
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Chapter 1. 

Introduction 

 
General Toxicology 

 

Basic Principles 
 

Basic principles of toxicology are centered on the tenets of Paracelsus (circa 1500 AD): 

“All substances are poisons; there is none that is not a poison.  The right dose 

differentiates a poison and a remedy.”  Therefore, toxicology is essentially the study of 

the adverse effect(s) of a toxicant on living organisms.  Toxicity of an agent depends on 

the chemical properties of the toxicant, the dose exposed to, and individual as well as the 

inter-specific variation in the metabolism of the agent (Hodgson, 2004).  The relationship 

between the dose of a chemical and the response produced follows a sigmoid curve 

where, for many agents, there is a dose which no effect is observed, a portion of the curve 

where response and dose are linearly related and a maximal response or effect section 

where higher doses of an agent elicits no more effect (Figure 1.1).  At very low amounts 

of certain compounds, a no observable effect level (NOEL) or no observable adverse 

effect level (NOAEL) can be determined.  Dosage of a compound is often described as a 

lethal dose (LD) where the response being measured is mortality (Williams et al., 2000).  

For example, LD50 is the dosage, extrapolated from the dose response curve, which is 

lethal to 50% of the test organisms.  However, for chemical carcinogens acting on the 
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DNA of the living organism (genotoxic in nature), the shape of the curve is debatable and 

for regulatory purposes, assumed to be without a threshold (Klaassen, 2001). 

 

Acute toxicity refers to the immediate adverse effects on, or mortality of, organisms 

following a single or multiple exposures within a short period of time.  On the other hand, 

chronic toxicity describes adverse toxic effects manifested after a long term of exposure 

to a toxicant administered in small quantities.  Acute effects are not elicited and lethality 

is generally not manifested.  Usually, the most frequent manifestation of chronic 

exposure to a toxicant is chemical carcinogenesis; however, other types of chronic 

toxicity such as reproductive toxicity and behavioral effects are possible.  Given these 

differences, the toxicity of a chemical is typically a function of dose, duration and 

frequency of exposure as well as route of administration and target of exposure.  

Therefore, absorption, distribution, metabolism and excretion (ADME) of toxicants are 

central factors that determine the toxicity of compounds.  For instance, certain toxicants 

undergo phase I metabolism by Cytochrome P450 enzymes, which are involved in 

oxidation and reduction reactions to metabolize compounds into intermediates species.  

On the other hand, toxic agents may undergo phase II metabolism by glutathione S-

transferases, for example, which conjugate toxicants with cofactors to form metabolites 

for elimination.  Individual variation (age, gender, genetic, species, and strain 

differences) of an organism affects ADME of a toxicant and hence the toxicity of the 

agent.   
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Since there is the large number of xenobiotic (a chemical that does not occur in a normal 

metabolic pathway) metabolizing enzymes in the mammalian liver, these are the main 

source of metabolism and biotransformation of chemicals, compounds and substances.  

The liver also functions to store fatty acids and glycogen.  Glycolysis and 

gluconeogenesis, the respective processes where glucose is converted to glycogen, stored 

and converted back to glucose when needed for energy, are examples of metabolic and 

biochemical synthesis processes occurring in the liver.  Fatty acids are also metabolized 

and converted to lipids which are then conjugated with proteins synthesized in the liver 

and released into the bloodstream as lipoproteins.  The liver also synthesizes functional 

proteins such as enzymes and blood-coagulating factors.  Fat, fat-soluble vitamins and 

other nutrients are also stored in the liver (Stryer, 1988).   

 

Liver Anatomy, Structure and Pathology 
 

The basic structure of the rat liver consists of median, left, right and caudate lobes (2 

divisions each for the later two) containing hepatic (hepatocytes or parenchymal) cells 

surrounded by sinusoids (spaces) that are perforated by blood capillaries.  The sinusoid 

walls contain Kupffer cells which phagocytize (engulf) and destroy solid particles, dead 

blood cells and other material.  The main blood supply to the liver comes from the 

intestinal vascular system.  In the liver, blood vessels from the spleen and stomach merge 

with the intestinal vascular system to form the portal vein which subdivides and drains 

into the sinusoids.  Blood exits the liver through the hepatic vein.  
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The nature of the injury experienced by the liver depends on the toxic agent, the severity 

of the exposure, type of exposure and whether an acute or chronic toxic response is 

observed (Hodgson, 2004).  For example, acetaminophen, a widely used analgesic that is 

safe at therapeutic dose levels, can cause acute centrilobular necrosis of the liver at toxic 

levels.  Acetaminophen-induced necrosis maybe localized affecting only a few 

hepatocytes or may involve an entire lobe.   Necrosis, in general, is a degenerative 

process that leads to cell death of the tissue. Biochemical events that lead to necrosis 

include binding of reactive metabolites to proteins or unsaturated lipids, disturbance of 

calcium ion homeostasis (sustained equilibrium of biological systems in the cell) or shifts 

in sodium and potassium ion balance, and interference with metabolic pathways and 

inhibition of protein synthesis.  Other types of hepatic injury are fatty liver (accumulation 

of fat in hepatocytes), apoptosis (programmed cell death) distinguishable from necrosis 

by morphological criteria, cholestasis (suppression or blockage of bile flow), cirrhosis 

(deposition of collagen) throughout the liver which restricts blood flow and interferes 

with metabolism and detoxification processes, hepatitis (inflammation of the liver) which 

is usually not observed in animal models but manifested in susceptible humans, 

carcinogenesis (cancer and tumors) and oxidative stress which is caused by reactive 

oxygen species interaction with cellular macromolecules leading to liver cell damage and 

death.  

Mechanisms of Hepatotoxicity 
 
 
Mechanisms of hepatotoxicity involve a series of events whereby a chemical or 

compound is activated to form the toxic agent or reactive intermediate.  Then, the 
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toxicant is either detoxified by the liver or causes molecular changes and\or alterations in 

biochemical processes in the liver cells.  The cells either recover or the mechanistic 

changes are irreversible.  Finally, these non-recoverable alterations in the biochemical 

and biological processes of the liver cells may culminate in necrosis and cell death.  

Hepatocellular injury can be initiated by inhibition of liver enzymes, depletion of 

cofactors or metabolites, depletion of energy stores in hepatocytes, interaction with 

binding receptors or alteration of cell membranes involved with diffusion of chemicals 

across barriers.   The role of biotransformation, to convert chemicals to reactive 

metabolites, has been given much attention as a source of initiation of cellular toxicity.  

Reactive metabolites, such as free radicals, can bind covalently to DNA, RNA, proteins, 

cofactors, lipids and polysaccharides, altering their biological properties and 

characteristics.  For example, phenobarbital increases liver toxicity by inducing 

cytochrome P450 enzyme activation of reactive metabolites whereas inhibitors of 

cytochrome P450 enzyme activity generally decrease toxicity. 

 

 

Microarray Gene Expression Analysis 

 

Microarray Platforms 
 

The advent of toxicogenomics proclaimed the bridging of conventional toxicology and 

evaluation with modern day genomics, including microarray-based gene expression 

analysis (Afshari et al., 1999; Nuwaysir et al., 1999).   The development of 

complementary DNAs (cDNAs) for microarray analysis by Schena et al. (1995) 
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revolutionized monitoring of gene expression analysis.  Rather than assaying the 

expression of genes one at a time, microarray analysis provides the ability to survey 

genome-wide expression of genes simultaneously.  Since its inception, three major 

platforms for microarray analysis have matured (Heller, 2002).  The cDNA array 

technology (Schena et al., 1995) utilizes double-stranded cDNA representatives of 

transcribed genes generated from a cDNA library, spotted with a robotic, contact pin 

arrayer onto a typical 75 x 25 x 1mm glass microscope slide in subarray patterns to 

maximize the density of the cDNA features on the glass substrate.  A similar microarray 

platform which is spotted on a glass slide but differs in the probe features arrayed on the 

slide, is the long-oligonucleotide (oligo) microarray.  Oligo arrays are manufactured by 

synthesis of single-stranded oligonucleotide sequences from particular coding regions of 

expressed genes and deposited onto a glass substrate either by ink-jet fabrication or in 

situ synthesis (Okamoto et al., 2000; Hughes et al., 2001; Lockhart et al., 1996; Pease et 

al., 1994).  The oligo spotted arrays are thought to be better than cDNA arrays for the 

homogeneity of the feature spots, detection of splice variants and efficient production of 

consistent quality microarrays.  Interrogation of the features on the cDNA and oligo 

arrays is by competitive hybridization of fluorescently labeled, or biotinylated, cDNA 

generated from messenger RNA obtained from two or more biological samples for 

comparison to the probes on the array.  Typically in a two-color array setup, one sample 

is labeled with a Cy3 dye and the other with a Cy5 dye.   The two samples are hybridized 

competitively to the array and excited by a scanning laser at 570nm and 670nm 

wavelengths respectively.   Fluorescence emission occurs and is capture, digitized and 

represented as pixel images (Shalon et al., 1996).  A pseudo-color representation of the 
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two images superimposed upon one another visually represents a gene as red if over-

expressed in one samples as opposed to the other, green if under-expressed, yellow if 

equally expressed, and degrees of color between depending on the level of differential 

expression.  Data from the pixel images are acquired using image analysis software and 

ratio values from background subtracted pixel intensity measurements of the features 

from each scanning channel, are derived to represent relative fold change of gene 

expression between the two samples (Chen et al., 1997).  Commercialization of a 

photolithographic process for producing high-density microarrays provides the third type 

of array platform that is commonly used for gene expression analysis (Lockhart et al., 

1996; Pease et al., 1994).  Rather than the oligo being spotted on a glass slide, Affymetrix 

GeneChipTM arrays are generated by synthesizing 25 mer perfect oligos corresponding to 

gene regions directly on silicon wafers.  A corresponding mismatch oligo sequence, with 

a one base change at the 13th position (middle of the oligo), is introduced and synthesized 

on the array directly beside the perfect match to serve as a control for non-specific 

hybridization.  Several (between 9 and 16) perfect match and mismatch probe pairs 

representing different coding regions of a gene, are synthesized through out the array at 

random locations to minimize spatial effects, increase coverage of expression from 

regions of the gene and also to allow for averaging across replicate gene reporters.  The 

GeneChipsTM are also hybridized by fluorescently-labeled or biotinylated cDNAs, but 

from a single sample.  In other words, the in situ synthesized Affymetrix microarrays are 

single color hybridizations to individual DNA chips (Fodor et al. 1993).  The pixel 

intensities acquired from two separate hybridizations and image analyses are then 

compared to generate a ratio of the gene expression levels between the samples.   
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Experimental Designs for Microarray Analysis 
 

Since the advent and early utilization of microarray analysis, the experimental designs for 

comparison of biological samples have become more sophisticated and creative as 

scientific questions and studies have become more complicated.  The goal of setting up 

an experimental design for a microarray experiment is to maximize opportunities for 

gleaning technical or biologically meaningful information from the samples interrogated 

on the array platform.  Fundamentally, a good experimental design should make the 

analysis of data and the interpretation of results simplistic yet powerful, given the 

purpose of the experiment and the constraints of the experimental material (Yang and 

Speed, 2002).  Designing a microarray experiment has been decomposed into three 

distinct parts (Churchill, 2002):  1) replication of biological samples to draw valid and 

significant inferences from the data, 2) technical replication to increase the reliability and 

precision of parallel experiments,  3) selection, randomization and replication of features 

on the array platform to provide quality control and robustness to the experiment.   

 

The reference experimental design for a microarray experiment uses a reference RNA or 

a biological control as a common sample hybridized to each array in a competitive 

fashion with the test sample of interest.  Hamadeh et al. (2002a) performed a reference 

design microarray experiment by comparing samples collected from rat liver specimens 

exposed to chemical agents to a pooled control sample comprised of RNA from a group 

of mock-treated rats.  This type of design permits the acquisition of intensity signals 
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relative to the abundance of mRNA hybridized to a feature on the same array as the 

reference/control sample (Simon and Dobbin, 2003).  The disadvantage of such a 

reference design is that it is an inefficient experimental setup since half of the data 

collected is generated from the extraneous, of-no-interest reference/control sample.   

 

The balanced block experimental design has been proposed as a superior alternative to 

the reference design since it is devoid of a reference sample and doubles the amount of 

information collected from the test samples which are of biological interest to the 

experimenter (Kerr and Churchill, 2001).  For instance, a comparison of breast cancer 1 

(BRCA1) mutated tumor samples to BRCA1 non-mutated breast tumors, whereby equal 

replications of tumor samples are available, is possible on an individual array provided 

that the investigator is not interested in drawing inferences from other cross comparisons.  

The balanced block design has gained popularity for analyzing microarray data since one 

of the many analysis of variance (ANOVA) models can be used for statistical analysis.    

 

The loop experimental design for microarray comparisons features the linking of samples 

competitively hybridized on arrays in a loop pattern such that all pairs of samples are 

contrasted (Simon and Dobbin, 2003).  Using the same number of arrays as the reference 

experimental design, the loop design collects twice as much data on the treatments of 

interest.  More complex experimental loop designs can be devised for microarray analysis 

via series of pairwise direct comparisons among samples arranged in a set of connected 

loops (Churchill, 2002).  However, drawbacks to loop designs for microarray analysis are 

that a couple of poor quality arrays can break the loop, big loops add substantial variance 
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to indirect contrasts and cluster analysis of the data tends to be inferior compared to the 

clustering of the data collected from reference design experiments since the variance 

accumulates as the distance between nodes in the loop increases for a given contrast.   

 

Same vs. same and reverse dye labeling of samples are experimental designs that permit 

controlling for gene variability and dye bias in the microarray analysis, respectively.  In 

the case of the same vs. same experimental design, repeated array analyses of a single 

sample labeled with both dyes and competitively hybridized to the same array are 

performed to construct a gene specific error model that captures the amount of variability 

at the gene level for a given array platform and data acquisition method.  Such error 

models have been shown to be effective for guarding against differentially expressed 

genes detected as false-positives particularly at the low intensity end of the array 

scanning dynamic range where the variance of the measurements tends to be higher 

(Hughes et al., 2000).  On the other hand, reversing the labeling dyes used for two 

different samples to be compared on an array captures dye effects as a source of 

variability in statistical analyses (Wolfinger et al., 2001). 

 

The series experimental design approach is similar to the reference design in that a 

measurement point dose or time is treated as the reference and every other measurement 

is compared with the reference point.  Experimental design choices for microarray series 

experiments such as time-course and dose-response regimens can be of several types 

previously described (Yang and Speed, 2002).  The design options depend on the 

comparison of interest.  For example, in the common reference design a time zero point 
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or untreated sample is used as the common reference for comparison to all test samples or 

used as the lead contrast sample for sequential comparisons between consecutive 

treatment points.  A basic loop experimental design might be more appropriate if 

comparisons between consecutive treatment points are more interesting than those that 

are several intervals apart. 

 

Preprocessing Microarray Data 
 
 
Once the microarray experiment has been setup and the analysis performed, 

preprocessing of the pixel intensity data and ratio values is essential in order to account 

for systematic error and stochastic variation in the data.  Since many models and methods 

for preprocessing and analysis of microarray data rely on an assumed distribution of the 

data, taking either the log2 or log10 of the pixel intensity and ratio values generally 

transforms the data to a more normal distribution (Quackenbush, 2002).  The logarithms 

of gene expression ratio values are symmetrical in that a gene up-regulated by a factor of 

2 has a log2 ratio of 1.0, a gene down-regulated 2 fold has a log2 ratio of –1.0 and a gene 

with an equal level of expression in two samples with a ratio of 1.0, has a log2 ratio equal 

to 0. 

 

Data generated from a microarray experiment are influenced by experimental error 

attributed to variation in specific steps of the analysis and data acquisition processes 

(Brown et al., 2004; Spruill et al., 2002).  Sources of variation have been attributed to the 

arraying process, spatial orientation of features, RNA samples, environmental condition 
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of the lab, the labeling process, gene dye biases, hybridization, scanning, and even the 

data acquisition software, just to name a few (Novak et al., 2002; Draghici et al., 2001; 

Wolfinger et al., 2001; Nadon and Shoemaker, 2002).  This systematic error in the data is 

unavoidable but can be eliminated or minimized using normalization procedures.  A 

general normalization is performed by computing an adjustment factor by summing the 

measured pixel intensity values in both scanning channels and then dividing one by the 

other.  Then, one of the channels is scaled by the adjustment factor to bring the mean 

ratio of the pixel intensity values equal to 1.0.  Scaling individual pixel intensity values 

so that the mean or median intensities are the same within a single array or across all 

arrays, or using a core set of a large number of features which are not differentially 

expressed in either sample, are variations on, or alternatives to, this type of general 

normalization. 

 

Locally weighted linear regression (Lowess) normalization has been proposed by Yang et 

al. (2002) to account for spatial variation in pixel intensity due to subarray pin-tip 

differences in the arraying process.  Lowess uses a weight function that diminishes the 

contribution of features having values far from the distribution of the data when plotted 

on a ratio by intensity (R-I) plot, where the measured log2 ratio value for each feature is 

viewed as a function of the log10 of the product of the intensities.  The dependence of the 

log2 ratio on the log10 intensity is used, on a gene-by-gene basis, to correct the ratio 

values according to variation in intensity measurement.  Chou et al. (2005) utilized a 

systematic variation normalization (SVN) approach to adjust gene expression data such 

that comparison of expression levels of genes within and across arrays is unbiased by 
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systematic variation.  The first step is background subtraction determined from the 

distribution of pixel intensity values from each data acquisition channel and log 

conversion which allows arithmetic operations on measured gene expression values.  The 

second step is linear or non-linear regression followed by a restoration or correction of 

the distribution of control and test data to rescale intensities for a single array or across 

multiple arrays.   

 

Standardization of gene expression values across arrays or within an array is typically 

performed by mean centering the data or transforming the values to Z-scores.  Filtering 

out gene features based on an intensity cutoff, pixel standard deviations, or modified Z-

score of replicate measurements, and also weighted averaging of gene expression 

measurements across technical and biological replicates, are other preprocessing 

approaches to account for systematic variability in microarray data (Bushel et al., 2002).  

In the case of missing data, imputing the values with the sample group mean, median or 

the average of the features from the k-nearest neighbors in n-dimensional space, are 

common practices in data analysis (Troyanskaya et al., 2001; Jian and Dubes, 1988). 

 

Selection of Differentially Expressed Genes 
 

There are numerous classical methods to detect differentially expressed genes in a 

microarray data set.  These are more sophisticated than selecting genes with expression 

values beyond a 2-fold standard deviation, and typically have either a common statistical 

rigor and\or a computational underpinning to the methodology.  For instance, Chen et al. 
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(1997) developed one of the first statistical methods for identifying differentially 

expressed genes.  The method uses the distribution of the pixel intensity ratio values to 

compute fixed confidence intervals for all the gene features on the array.  The ratio values 

for each gene feature is normalized to either all the genes on the array or a set of control 

genes which have expression values that are not altered in either sample being compared 

on the microarray, in order to balance the two scanning channels to a ratio of 

approximately 1.0.  Genes with a normalized ratio intensity value outside the confidence 

interval are considered differentially expressed.  More recently, Chen et al (2002) 

proposed an adaptive confidence interval approach for detecting differentially expressed 

genes by constructing individual gene confidence intervals which are based on the level 

of quality from the pixel intensity measurements.   Hughes et al. (2000) presented an 

approach to identify differently expressed genes similar to the ratio distribution 

confidence interval method but based on an error-weighted model which captured 

intensity dependent additive and multiplicative error from gene expression 

measurements.  Gene features with ratio values that are computed from pixel intensity 

values that contribute to a high deviation in measurement, are less likely to be determined 

as up or down regulated.    

 

To capture and account for the multiple sources of variation in the pixel intensity values 

from each scanning channel, analysis of variance (ANOVA) models were constructed to 

analyze microarray data for differentially expressed genes.  Kerr et al. (2000) proposed a 

Latin-square design of experiments to ascertain confounding sources of variability and to 

model dye-swap biases in microarray experiments.  Similarly, mixed linear models were 
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developed to assess statistical significance of genes detect as differentially expressed 

(Wolfinger et al., 2001).  The models are considered mixed since they contain fixed and 

random variables terms.   The microarray data is first fitted to a normalization model to 

account for variability in the pixel intensity values from the dye scanning channels.  

Then, residuals from the normalization model are carried into a gene model that assesses 

the significance of gene expression difference between treatments or comparisons.  Given 

sufficient replication, mixed linear models permit genes features with a low probability of 

being detected as differentially expressed by chance (type I error) and small fold 

expression change, to be assessed as statistically significant.  The spread of the 

distribution of –log10 p-values with the fold change of the genes is depicted by a Volcano 

plot where any gene with a p-value above a level of significance are assessed as 

differentially expressed.  Empirical Bayesian methods for ascertaining statistical 

inference on differential gene expression has also been explored (Newton et al., 2001). 

 

Non-parametric approaches for analyzing gene expression data do not rely on any 

distribution model but rather permutation computations to assess significance of 

differential expression.  For comparing gene expression between two samples, Callow et 

al. (2000) utilized a t-statistic on the average difference between average log ratio values 

and permutations of the t-statistics to compute an adjusted p-value for each gene’s test of 

altered gene expression significance.  Tusher et al. (2001) also used a t-statistic for 

significance analysis of microarray (SAM) by assigning a score to each gene on the basis 

of change in gene expression relative to the standard deviation of repeated measurements. 

For genes with scores greater than an adjustable threshold, SAM uses permutations of the 
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repeated measurements to estimate the percentage of genes identified by chance, the false 

discovery rate (FDR).  Draghici et al. (2001) describes an ANOVA model for microarray 

gene expression data that uses estimated noise from replicate gene features spotted on the 

same array to empirically obtain a zero mean error distribution with confidence levels 

that indicate boundaries beyond which genes with expression values are truly 

differentiated. 

 

Pepe et al. (2003) and Yang et al. (2004) both introduced ranking methods for detecting 

differentially expressed gene from microarray analysis.    To identify significance of 

altered expression, the former approach uses receiver operating (ROC) curves to 

characterize separation between distributions of gene expression data and the latter 

integrates differing statistics through a differential expression via distance synthesis 

(DEDS) scheme to rank genes according to strength in the direction of an extreme origin 

of differential expression. 

 

Toxicogenomics 

The State of Toxic Ignorance 
 
 
Paraphrasing Dr. Kenneth Olden’s, the Director of NIEHS from 1991 to 2005, profound 

and provocative statement at the NIEHS, Toxicogenomics Research Consortium meeting 

at the University of North Carolina William and Ida Friday Center , December 6-8, 2004, 

“we are living in a state of toxic ignorance”.   Meaning, although a wealth of data has 

been collected and analyzed by world-wide efforts to asses the risk and human health 
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ramifications from exposure to toxic, environmental and physical stressors, currently 

little is known about the key biological mechanisms leading to idiosyncratic toxicity or 

human genetic susceptibility to toxic agents.   

 

Toxicogenomics offers a new paradigm to the study of toxicology (Inoue and Pennie, 

2003).  Rather than approaching toxicology from a traditional forward (inductive) 

direction starting from the phenotype elicited from exposure to a toxicant and then to the 

analysis for target genes involved in the mechanism of toxicity, a reverse toxicological 

(deductive) approach is deemed more practical and suitable given the access to genomics 

and informatics technologies, to start from a signature of genes and\or protein expression 

which can be mapped back to the biological end-points observed to be perturbed 

following toxic exposure.  The supposition is that toxicogenomics, specifically reverse 

toxicology, opens the door to toxicological investigation on a broader scale from at least 

five aspects: 

 

1) merging scientific disciplines such as pharmacology, toxicology, pathology, 

molecular biology, biochemistry, genetics, statistics and bioinformatics 

2) shifting from “analog science” to “digital science” with respect to leveraging 

computerized data for experiments in silico 

3) visualizing unknown idiosyncratic changes behind homeostasis 

4) inter-species extrapolation 

5) shifting more toward deductive toxicology to discern biomarkers of adverse 

effects. 
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Clearly, the power of toxicogenomics lies in the integration of ‘omics' data generated 

from toxicological experiments, the synergism of disparate computational tools and 

methods for analyzing the data as well as the amalgamation of the multiple scientific 

disciplines and expertise needed to manage the data and interpret the results from the 

analysis of the integrated data.  Being able to discern, on molecular and gene expression 

levels, the difference between pharmacological responses and toxicological responses to 

chemical agents or stressors, will undoubtedly assist in distinguishing the point of 

departure from a physiological state of normality in a cell to one that is subtoxic, toxic or 

lethal to cellular function and human health. 

 

Presently, there are two major problems in toxicology research, drug discovery and 

environmental health risk assessment: 1) the paucity of mechanistic data to explain toxic 

responses and 2) the lack of knowledge of intrinsic toxicity for the large number of 

compounds introduced into the environment or exposed as pharmaceuticals.  The 

quandary is that in the past, simple models and reductionists approaches to understand the 

development of a complex phenotype characteristic of a toxic response, have been 

utilized to assess human risk to chemical exposures, xenobiotics and environmental 

pressures (Hamadeh and Afshari, 2004).  Subsequently, current understanding and 

knowledge of toxicity remains grossly descriptive and the molecular mechanisms elusive.  

Here in lies the current state of toxic ignorance.  Fortunately, toxicogenomics promises to 

bridge conventional toxicology with genomics and expression analyses in order to shed 
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new light on the mechanisms involved in incipient toxicity.  New methods of data 

analysis are needed if this endeavor is to be successful.  

 

Nuwaysir et al. (1999) first introduced the concept of toxicogenomics and how state-of-

the-art microarray technology can be used to identify gene expression signature 

associated with chemical exposure and toxic responses.  However, a prototype of 

toxicogenomics to investigate the inflammatory response to several agents and to identify 

toxicological phenotypes on a smaller genomic scale, was underway by Heller et al. 

(1997).   Since then, and up to now, a couple of hundred review articles and research 

papers on toxicogenomics have been published.  Most, if not all, the manuscripts address, 

in some fashion, toxicogenomics approaches for either toxic mechanism characterization, 

biomarker identification, chemical classification and ascertainment of compound 

signatures, anchoring of gene expression to phenotypes, end-points or pathophysiology of 

a toxic exposure, risk assessment of chemical agents and environmental exposures and\or 

a better understanding of the point-of-departure or bracketed maximum tolerated dose of 

a toxicant for risk assessment, and to fully grasp the molecular dynamics and biology of 

the dose response.     

 

Chemical Classification and Compound Signatures 

 
One of the initial challenges and proof-of-concepts for applying toxicogenomics to the 

genomic-wide study of toxicology, was to classify compounds based on the gene 

expression signature elicited from exposure.  Burczynski et al., (2000) and Hughes et al. 
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(2001) were one of the first to use transcript profiling to determine different classes of 

compounds.  The goal was to distinguish between two mechanistically un-related classes 

of toxicants (cytotoxic anti-inflammatory drugs and DNA-damaging agents) based solely 

on the correlation of approximately 250 gene expression profiles in HepG2 human 

hepatoma cultured cells.  The discrimination of the 100 compounds was not possible 

given the large number of gene profiles and the limited replication in the data set.  

However, when technical and biological replications were introduced into the 

experimental design, a more definitive set of discriminators were obtained to distinguish 

between cisplatin and a pair of non-steroidal anti-inflammatory drugs (NSAIDs).  In 

addition, this more focused finger-print of the compounds was ultimately useful for 

discriminating between the database of 100 cytotoxic anti-inflammatory drugs and DNA-

damaging agents. 

 

A more extensive investigation, albeit less sophisticated data analysis, to discern 

compound class signatures using gene expression was performed by Bartosiewicz et al. 

(2001).  Gene expression patterns, assessed as significantly differentially expressed based 

on a 2-fold criteria, of 5 classes of compounds exposed to liver and kidney tissues were 

distinct from one another.  The liver transcript response from the agents in the kidney 

were, in most cases, less than the response in the liver, primarily due to the fact that some 

of the toxicants have a greater toxicity in the liver, the toxicants reach a higher 

concentration in the liver because of the intraperitoneal route of administration or the 

agents affect a higher proportion of the cells in the liver. 
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Hamadeh et al. (2002a) leveraged a series of analytical approaches to subjectively tease-

out gene expression profiles from the livers of male Sprague-Dawley rats that were 

specific for distinguishing phenobarbital, an enzyme inducer, from the peroxisome 

proliferator agents clofibrate, gemfibrozil, and Wyeth 14,643.  In addition, Hamadeh et 

al. (2002b) used these distinctive gene expression patterns to predict, with a high degree 

of success,  the likeness of  blinded compounds to either a compound in the database or 

not.  A more streamlined, less subjective computational approach to classifying the 

phenobarbital and peroxisome proliferator compounds into classes and subclasses based 

on the gene expression data was done by quality assessment of the data, hierarchical 

cluster analysis, a one-way ANOVA or linear discriminant analysis, and mixed linear 

models approach (Bushel et al., 2002).  Based on the gene expression profiles, the 

phenobarbital samples were distinguishable from the peroxisome proliferator and the 

fibrates (clofibrate and gemfibrozil) were found to be distinct from the Wyeth compound. 

 

A true test of using toxicogenomics to classify compounds, and probably the validation of 

the proof-of-concept, was recently done by Steiner et al. (2004) using support vector 

machines (SVMs, a supervised learning approach) to discriminate different classes of 

toxicants based on transcript profiling.  In the study, the SVMs derived classification 

rules and potential biomarkers which could discriminate between hepatotoxic and non-

hepatotoxic compounds. Furthermore, the correct class of hepatotoxicant was predicted in 

most cases. The investigation also demonstrated that predictive models built on transcript 

profiles from one rat strain could successfully classify profiles from another rat strain, are 
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also able to identify non-responders to the toxic agents, and are able to discriminate 

between gene changes related to pharmacology and toxicity. 

      

Phenotypic Anchoring of Gene Expression 
  

Although chemical classification based on microarray data and derivation of gene 

expression signature patterns for compounds have been successful, utilization of 

toxicogenomics to tie transcription patterns to phenotypes and end-points observed 

following toxic exposure, would be a more fruitful contribution to understanding the 

biological mechanisms involved in toxic responses.  Hamadeh et al. (2002c) embarked 

upon phenotypic anchoring of microarray gene expression data to pathologic 

observations observed in male Sprague-Dawley rats livers exposed to methapyrilene.  

Although gene expression patterns were identified that classified the biological samples 

in accordance with microscopic lesions in the liver, alterations in transcription were 

detected  for a number of genes at low-dose exposure levels that were not observed by 

gross histopathology.  Histopathological alterations such as hepatocellular necrosis, bile 

duct hyperplasia, and other abnormalities were corroborated by gene expression changes 

monitored by microarray analysis.   

 

Gene expression profiles derived from cells give a good indication of the state of the 

organ and the tissue that the cells were derived from.  This phenotype can be defined by 

several means including clinical readings, functional tests, clinical chemistry evaluations 

or histopathological observations (Hamadeh and Afshari, 2004).  Anchoring gene 
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expression to these alterations is key to finding hallmark biomarkers of adverse effects 

and for derivation of testable hypotheses regarding mechanism(s) of action.  Two studies 

demonstrated the feasibility of phenotypic anchoring of gene expression to lesions 

elicited by nephrotoxicants.  In Huang et al. (2001), microarray analysis was used to 

associate gene expression with cisplatin-mediated toxicity in male Sprague-Dawley rat 

kidney samples.  The gene expression pattern elicited suggested the occurrence of 

apoptosis and the perturbation of intracellular calcium homeostasis.  In addition, the 

induction of multidrug resistance genes and tissue remodeling proteins suggested 

development of cellular resistance to the drug as well as tissue regeneration.  In Luhe et 

al. (2003), marked transcriptional changes in genes involved in DNA damage response 

and apoptosis, as well as oxidative stress and inflammation reactions, were detected 

following exposure of male Wistar rat kidneys to a mycotoxin contaminant found in 

cereals.  Another toxicogenomics investigation (Amin et al., 2004) identified putative 

gene-based markers from gene expression profiles that correlated with renal toxicity 

causes and effects that were induced by one of three different nephrotoxicants (cisplatin, 

gentamicin, and puromycin). 

 

An expectation of toxicogenomics is that gene expression data suffice as a “digital 

pathology” representation of the phenotype of toxicity for a given toxicant.  A working 

hypothesis is to define signature patterns of altered gene expression that indicate specific 

adverse effects of chemicals, drugs, environmental pressure or physical stressors (Paules, 

2003).   In this vein, gene expression analysis of rat liver samples exposed to 

acetaminophen for varying durations, revealed indicators of liver toxicity at low doses 
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(subtoxic levels) that are associated with, or indicated depletion of energy (ATP 

utilization) in the rat liver cells as well as ultrastructure mitochondrial damage (Heinloth 

et al., 2004).  Genes in several energy consuming pathways such as gluconeogenesis, 

fatty acid biosynthesis, cholesterol synthesis and porphyrin synthesis were downregulated 

in the rat livers following exposure to 50mg/kg of acetaminophen.  Genes involved in 

energy producing pathways were upregulated after exposure to the subtoxic dose of 

acetaminophen.  In another study, Moggs et al. (2004) used gene expression analysis and 

conventional toxicology evaluations to define the mechanism by which physiologic 

estrogen (17b-estradiol) induces female mice uterine organ growth and tissue maturation 

as well as directs specific histologic changes in the uterus.  The process progressed with 

the induction of genes involved in transcriptional regulation and signal transduction, 

followed by the regulation of genes involved in protein synthesis, cell proliferation and 

epithelial differentiation.   

 

  Databases and Informatics 
 
 

Efforts to build international or community-wide public toxicogenomics databases are 

underway at the National Institute of Environmental Health Sciences (NIEHS) National 

Center for Toxicogenomics (NCT), the National Center for Toxicological Research 

(NCTR), the Mount Desert Island Biological Laboratory (MDIBL) and at European 

Bioinformatics Institute (EBI) in conjunction with the International Life Sciences 

Institute’s Health and Environmental Sciences Institute (ILSI HESI).  The NIEHS 

database system will be a component of the Chemical Effects on Biological Systems 
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(CEBS) knowledge base (Waters et al. 2003).  It will  enable the investigation of systems 

toxicology and facilitate the understanding of hypothesis-driven and discovery research 

that contributes effectively to drug safety and the improvement of risk assessments for 

chemicals in the environment.  MDIBL’s Comparative Toxicogenomics Database (CTD) 

is under development as a community-supported genomic resource for understanding 

genes, proteins and toxic agents of human toxicologic significance with a focus on 

annotating data from aquatic and mammalian organisms (Mattingly et al., 2003; 

Mattingly et al., 2004).   

 

Constructing an expert knowledge-based system for toxicogenomics requires a database 

and relationships that can integrate genomic data with toxicological information and data.  

For instance, the toxicology domain of a microarray gene expression experiment captures 

the clinical chemistry and histopathology of biological samples exposed to toxicants or 

environmental pressures.  This “tox-arm” component of the microarray data is considered 

the metadata that describes biological end-point(s) of the toxicology experiment.  In 

essence, the metadata can be viewed as anchoring the gene expression profile to the 

phenotype observed in the exposed biological sample for identification of early 

biomarkers of toxicity.   

 

NIEHS’ National Toxicology Program (NTP) has developed a Toxicological Database 

Management System (TDMS) to monitor the conduct of subchronic and chronic in-life 

studies and to manage data collected during the in-life and pathology portions of these 

studies for public peer review.  TDMS consists of two components: 1) the Laboratory 
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Data Acquisition System (LDAS) - a microcomputer application and hardware uniquely 

designed to directly collect in-life and pathology study data and to transmit this data to 

the TDMS database facility and 2) the TDMS database and associated software which 

receives and manages the study data transmitted from the individual laboratories.  In 

addition, specifically designed software is used to generate reports for quality control and 

to help evaluate the progress and interpretation of study results.   

 

To date, there has been a pharmacogenomics database developed to integrate large 

databases on gene expression and molecular pharmacology, the Pharmacogenetics 

Knowledge Base (PharmGKB) which links genomic, phenotypic and clinical information 

collected from ongoing pharmacogenetic studies (Hewett et al., 2002), one database to 

manage high-density tissue microarray data associated with pathology and clinical 

outcomes on prostate cancer patients (Manley et al., 2001), and separate published efforts 

to combine results generated from gene expression analysis with data collected from 

toxicology (Burczynski et al., 2000;  Waring et al., 2001; Waring et al., 2003; Boess et 

al., 2003; Hamadeh et al., 2004, Mogg et al., 2004) or molecular pharmacology 

experiments (Scherf et al., 2000; Blower et al., 2002).  There has been no public effort to 

synergize microarray data with toxicological information and data in a database system, 

or to integrate algorithms for computational anchoring of gene expression to phenotypes 

or end-points of toxicity.   
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Clustering Mixed Data Types 

Data Types and Scales 
 
 

Data generated from experimental analyses can be typed as binary, discrete or 

continuous.  A feature which has discrete data has a finite set of values with positive 

integers.  For example, the number of children in a family.  Binary features are a special 

class of discrete attributes in that they consist of exactly two values such as 0 and 1, yes 

and no, male and female and so on.  On the other hand, continuous features have values 

which are uncountable, infinite and bounded to a set of positive integers such that the 

range between any two measurements exists with an infinite number of values.   

Examples of continuous features are height, weight and temperature.  Data can be 

dichotomized into quantitative (interval and ratio) and qualitative (nominal and ordinal) 

scales.  A measurement is quantitative if its values can be interpreted on a natural and 

meaningful numerical scale.  A measurement is said to be qualitative if its values serve 

the sole purpose of identifying an object or a characteristic.  Thus, the value of a 

qualitative measurement has no numerical implication.   

 

The nominal scale consists of the specification of features so that the values can be 

divided into mutually exclusive categories.  These values are simply a generalization of 

binary measurements when the values take on three or more categories.  Nominal scaled 

values cannot be ordered and when numbers are used to designate categories, the values 

have no significance in terms of intrinsic order.  The ordinal scale feature values do imply 

order but the differences among the scaling points cannot be quantified.  For instance, to 
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measure friendliness, a nominal scale can be devised consisting of the categories: 

extremely friendly, very friendly, friendly, slightly friendly and acquainted.  Although the 

scale has a variety of shortcomings with respect to quantification, it does represent an 

order from left to right denoting the amount of friendliness.  Since numbers can represent 

decreasing amount of a quantity, 5, 4, 3, 2, and 1 can be used to represent the respective 

values of friendliness.  The numbers have meaning only in relation to one another.   

 

The separation of numbers has meaning on an interval scale when a unit of measurement 

exists.  An interval scale measures the relationship of one value to another depending on 

the unit of measurement.  For example, a temperature reading of 90o Fahrenheit has a 

very different meaning and implication for level of comfort than does a temperature of 

90o Celsius.  On the other hand, ratio scale data have an absolute meaning, i.e., there is a 

rational zero point for the scale and the data are equivalent.  For example, the ratio of 2 to 

1 is the same as the ratio of 8 to 4.    

 

Proximity and Similarity Measures 
 

The degree of similarity (or dissimilarity) between individual objects being clustered is 

determined using a proximity or similarity measure.  For interval-scaled and ratio-scaled 

data, the Euclidean distance or Manhattan (City Block) distance is commonly used to 

measure dissimilarity between the values in two objects.   

Euclidean distance is defined as: 

∑
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and the Manhattan distance is defined as: 
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where n is the number of interval-scaled attributes in objects  x and y.   However, the 

Pearson correlation between interval-scaled values of two objects is another metric used 

to measure similarity.   

The Pearson correlation coefficient is defined as: 
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where n is the number of interval-scaled attributes in objects x and y, yx and  are the 

mean values for x and y respectively, and 1-r is a measure of dissimilarity.  For nominal-

scaled feature values, the dissimilarity between objects x and y is given by: 

 

p
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where m is the number of matches between values in x and y and p is the total number of 

features.   The Hamming distance is also used for measuring dissimilarity between binary 

data values.  It is defined as: 

rqyxd +=),(  

where q is the number of features with value 1 for the x object and 0 for the y object and r 

is the number of features with value 0 for the x object and 1 for the y object.  For ordinal-

scaled data, since each feature value i in objects x and y might have different number of 

values (Mi), it is often necessary to convert each ordinal feature state to a value on the 
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[0.0,1.0] interval.  Each of the feature values (Mi) are ordered in ascending order, [1…Mi] 

and ranked starting from 1, }...1{ ii Mr ∈ .  The conversion is achieved by: 
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Dissimilarity between x and y can be computed with one of the interval-scaled measures 

using the transformed variables )( j
iz . 

 

Gower's General Similarity Coefficient (Gower 1971) is one of the most popular 

measures of proximity for mixed data types to compare two cases i and j, and is defined 

as follows: 
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where sijk denotes the contribution provided by the kth  variable, and wijk is usually 1 or 0 

depending upon whether or not the comparison is valid for the kth variable. 

 

Clustering Algorithms 
 
 

Cluster analysis involves grouping or partitioning a collection of objects (observations, 

individuals, cases, or samples) into subsets, clusters, or groups, such that those within 

each cluster are more closely similar to one another than objects assigned to different 
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clusters.  Clustering objects that contain mixed data types has been approached using a 

variety of methods.  da Veiga (1996) described ADAGIO, a conceptual clustering 

algorithm that combines a Z-standardized absolute distance to measure similarity between 

object i and cluster prototype P, for q numeric feature values and an equivalent 

transformation for qualitative feature values.  For numeric data: 
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where SPk is the standard deviation of the kth feature in  P. 

For qualitative data: 
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where '
ikP  is the sum of the probabilities associated with all possible values of feature k 

except the one presented by object i.   Similarity of objects with both qualitative and 

quantitative values to the prototype of a cluster is obtained by summing the two distance 

measurements.  Clustering of objects by ADAGIO is performed by a series of merging 

and splitting of clusters of objects using a breadth-first incremental control strategy.  

ADAGIO supports clustering of quantitative, qualitative and mixed data types.  ADAGIO 

builds a probabilistic categorization tree and does not depend on user-specified 

parameters for clustering the data.   Performance of ADAGIO to cluster two well-known 

machine-learning medical data sets was essentially equal to the best reported 

classification accuracies with supervised (artificial intelligence, statistical) methods.  

Unfortunately, manual pruning of candidate nodes within the hierarchical tree introduces 

a great degree of subjectivity into the final results from ADAGIO conceptual clustering.  

More recently, Kasturi and Acharya (2005) proposed a model-free clustering method 
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called information fusion using self organizing maps  Kohonen learning to update the 

weights for clusters and essentially correlate microarray gene expression patterns with 

repeated motifs in the upstream region of genes.   

 

k-means is a partitioning, non-agglomerative (not hierarchical) clustering algorithm 

developed by MacQueen, (1967), which falls in the class of unsupervised classification 

approaches where objects are divided into k groups; each group must contain at least one 

object and each object must belong to exactly one group (Kaufman and Rousseeuw, 

1990).  In other words, there are at most as many groups as there are objects, two 

different groups cannot have any objects in common, and the k groups of objects add up 

to the total number of objects in the data set.  The value of k is usually set before the 

clustering algorithm proceeds, but it can be empirically or heuristically determined by 

running the algorithm to cluster the data with different values of k and selecting k 

whereby either the clusters give the most meaningful interpretation or are optimized 

using a validity index, numerical criterion or goodness-of-fit statistic.   The method is 

unsupervised since the classifier is not privy to the labels of the objects being clustered 

and the labels of the objects are not used in the clustering process (Han and Kamber, 

2001).  In other words, the clustering is based on the data only and not guided by external 

classifications of the objects or prior information.  Given a set of objects with numeric 

features, k-means partitions the objects into k clusters that minimize the within group sum 

of squared error objective function: 
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where p is an object, mi is the mean of the cluster Ci and E is the sum of squared-error for 

all objects.  The basic k-means algorithm proceeds by first randomly choosing k objects 

as the initial cluster centers.  Then, each object is assigned to the cluster to which it is 

most similar using the Euclidean distance function and the cluster centers are updated by 

computing the mean value of the objects for each cluster.  The reassignment of each 

object to the cluster which it is most similar to based on the mean value of the cluster, is 

repeated and updating of the clusters mean values continues until there is no more change 

in cluster assignment.  The k-means algorithm converges to a local minimum of the 

objective function, supports only numeric data and is useful for clustering data with 

clusters that have convex shapes.   

 

For clustering categorical data, Huang (1998) proposed the k-modes algorithm which is 

based on k-means clustering but uses a simple matching dissimilarity measure for 

categorical objects, replaces the mean of each cluster by the mode of the cluster and also 

uses a frequency-based method to find the mode of a cluster.  Letting x and y be two 

objects with m features containing categorical values, the dissimilarity between x and y 

can be defined as the mismatch of the corresponding feature categories of the two 

objects.  The simple matching function is defined as: 
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Thus, the smaller the number of mismatches, the more similar the two objects.  If X is a 

set of objects with m features (A1,…,Am) each containing categorical values and Q a 

vector  (q1,…,qm) containing categorical values, the objective function: 
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where ck,j is the jth feature categorical value for cluster k and Cl is the lth cluster.  In order 

to cluster objects that contained numeric and categorical feature values, Huang (1997, 

1998) developed the k-prototypes algorithm which uses k-means and k-modes approaches 

simultaneously in one objective function for clustering the data in an iterative partitioning 

process similar to the original k-means algorithm.  The clustering algorithm differs in that 

after the random initialization of the algorithm with k objects and update of the 

prototypes, during the recursion of the algorithm, the prototypes of the clusters are 

updated after each individual assignment of an object to the cluster whose prototype it is 

nearest to and the component of the mixed objective function for the features with 

categorical values is weighted by γ  to avoid favoring either type of feature attribute.   

This integration of the k-means-like and k-modes algorithm to form the k-prototypes 

clustering method for partitioning data sets with mixed data type features, was 

demonstrated to be efficient for clustering large data sets and accurate for classifying 

well-known machine learning mixed data sets.  The limitations of the k-prototypes 

algorithm follows those of k-means and k-modes clustering. 
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Bacher (2000) developed a probabilistic clustering approach to group objects with 

variables of mixed data types.  The model uses probabilities, π(k|g) instead of distances 

to compute the likelihood of cluster k containing pattern g.  Using Bayes’ theorem to 

reverse the π(k|g) conditional probability and the expectation maximization algorithm 

(EM) to estimate parameters of the likelihood model, patterns are assigned 

probabilistically to clusters that are formed reliably based on test statistics and goodness-

of-fit validity measures.  However, when determining the number of clusters for a given 

data set, the probabilistic clustering approach can give more than one solution.  In 

addition, local independence of the variables is assumed for the model which may not be 

a valid assumption to make for clustering mixed data sets where correlation of features is 

apparent or expected. 

 

More recently, constrained clustering of gene expression data with pathological features 

has been introduced by Sese et al. (2004).  The approach uses itemset constrained (IC) – 

clustering to generate the optimal clusters, which maximizes the interclass variance of 

gene expression values between groups.  The constraint automatically labels each cluster 

of gene expression profiles with a set of pathological features that characterize the 

cluster.  Using a liver cancer gene expression data set, IC-clustering annotated clusters of 

expression profiles with pathological features labeled as “tumor” and “man” or “except 

tumor” and “normal liver function”, which were not revealed by ordinary k-means 

clustering of just the numeric gene expression data but with the optimal (best) classifier 

expressed by the pathological features and not actually clustered with the data.  

Presumably, the requirement of IC-clustering to express pathological features as binary 
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(positive or negative) data types, loses valuable information about the categorical values 

following transformation.  
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Figure 1.1.  Dose response curve.  The x-axis from left to right denotes increasing 

concentration of a dose of a compound.  The y-axis and arrow denotes % response to the 

dose of the compound. 
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Chapter 2. 

 

Computational and Statistical Selection of  

Differentially Expressed Genes 

 

Abstract 

 

In this investigation statistical methods to select genes with expression profiles that 

partition classes and subclasses of biological samples were explored.  Gene expression 

data corresponding to liver samples from rats treated for 24 hours with an enzyme 

inducer (phenobarbital) or a peroxisome proliferator (clofibrate, gemfibrozil or Wyeth 

14,643) were subjected to a modified Z-score test to identify gene outliers and assuming 

a binomial distribution, to reduce the probability of detecting genes as differentially 

expressed by chance.  Hierarchical clustering of 238 statistically valid differentially 

expressed genes partitioned class-specific gene expression signatures into groups that 

clustered samples exposed to the enzyme inducer or to peroxisome proliferators.  Using 

analysis of variance (ANOVA) and linear discriminant analysis methods we identified 

single genes as well as coupled gene expression profiles that separated the phenobarbital 

from the peroxisome proliferator treated samples and discerned the fibrate (gemfibrozil 

and clofibrate) subclass of peroxisome proliferators.  A comparison of genes ranked by 

ANOVA with genes assessed as significant by mixed linear models analysis (Wolfinger 
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et al., 2001) or ranked by information gain revealed good congruence among the top 10 

genes from each statistical method in the contrast between expression profiles of 

phenobarbital and peroxisome proliferator treated samples.  Building upon a 

classification regimen comprised of analysis of replicate data, outlier diagnostics and 

gene selection procedures, an analysis approach was proposed to utilize cDNA 

microarray data to categorize sub-classes of samples exposed to pharmacologic agents.  
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Introduction 

 

Analysis of microarray gene expression data has been performed using various statistical 

methods to separate and predict the clinical state of biological samples (Alon et al., 1999; 

Golub et al., 1999; Hendenfalk et al., 2001; van’t Veer et al., 2002; Zou et al., 2002).  

The computational challenge of partitioning and predicting subclasses or multiclasses of 

cancer tissue types with a high classification success rate when using gene expression 

profiling has been attempted yet still remains a formidable problem (Ramaswamy et al., 

2001; Sorlie et al., 2001; Zhang et al., 2001). Current gene selection algorithms are 

particularly useful for selecting a subset of predictive genes but fall short of identifying 

informative genes ranked highest for classifying biological samples (Bo and Jonassen, 

2002; Li et al., 2001).  A novel mixed model statistical analysis approach has been 

developed for analysis of cDNA and oligo-based microarrays to assess significant gene 

expression changes irrespective of the magnitude of effect or the level of relative mRNA 

abundance (Wolfinger et al., 2001; Chu et al., 2002).  Utilization of domain expertise and 

improved methods of informative gene selection for supervised classification procedures 

is indeed a pragmatic approach to unequivocally utilize microarray gene expression data 

for prediction of biological samples.   

 

The advent of toxicogenomics brings together parallel analysis of gene expression data 

for discernment of mechanisms of toxicant action and predictive toxicology (Nuwaysir et 

al., 1999).  Recently, efforts have been made to use microarray gene expression profiling 
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for prognosis of toxic endpoint phenotypes, elucidation of mechanism-based toxicity in 

drug safety studies and prediction of chemical compound signatures (Burczynski et al., 

2000; Waring et al., 2001; Hamadeh et al., 2002a; Hamadeh et al., 2002b; Hamadeh et 

al., 2002c).  A clear understanding of chemical compound class- and subclass-specific 

mechanisms of action with identification of distinct, significant and statistically valid 

gene expression signatures will provide improved computational evaluation of 

pharmacological biomarkers and biological surrogate models that better describe the roles 

of gene-environment interactions in human heath and disease.    

 

In this paper the usefulness of replicate experimental and biological microarray analyses 

for selection of significant gene expression profiles from rat liver specimens exposed to 

pharmacologic agents is demonstrated.  Illustrations of the advantage of combining a 

confidence level approach with outlier detection and binomial probability distribution 

modeling to identify altered genes that are statistically valid following chemical exposure 

are provided and results with observations obtained from the data analyzed with a mixed 

model statistical approach are compared.  Single gene analysis of variance (ANOVA) and 

linear discriminant analysis methods are utilized to identify a distinct set of genes with 

expression patterns that individually or in pairs, clearly separate classes- and subclasses 

of biological samples according to the category of the pharmacologic agent treatment.  

Finally, good congruence between informative genes ranked by single gene ANOVA and 

genes ordered by information gain or ranked as significant by mixed linear models are 

shown.        
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 Methods 

 

Gene Expression Data Analysis 
 
 
Data Collection 
 
 
Microarray gene expression data was derived from mRNA samples collected from three 

male Sprague-Dawley VAF+ albino rats per dose group exposed to a single oral dose of 

either phenobarbital, clofibrate, Wyeth 14,643 or gemfibrozil, as well as pooled RNA 

collected from 9 control (untreated) rats.  A liver specimen was collected from each 

treated rat 24 hours later and mRNA extracted from the tissues.  Each RNA sample from 

a treated animal was compared with the pooled control mRNA analyzed in triplicate on a 

custom 1700 rat cDNA microarray chip, Rat Chip v1.0 (Hamadeh et al., 2002a).  

Differentially expressed genes on each chip were detected using a previously described 

ratio distribution method (Chen et al., 1997) and annotated according to UniGene build 

#93.  Briefly, digitized pixel intensity images generated by dual laser scanning of cDNA 

microarray chips hybridized with fluorescently labeled (Cy3 and Cy5) cDNA probes 

were analyzed with ArraySuite v1.3 extensions of IPLabs image processing software 

(Scanalytics, Fairfax, VA).  Pixel intensity values corresponding to each cDNA feature 

on the microarray chip from both scanning channels were adjusted by subtracting the 

local background surrounding each gene target.  The ratio of the pixel intensity values for 

each gene target was normalized to all genes spotted on the chip in order to balance the 

two scanning channels to a ratio of approximately 1.0.  Differentially expressed genes 

were identified using the Chen et al. (1997) probability-based distribution method to 
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calculate a 95% confidence interval for the ratio data.  Genes with a normalized ratio 

intensity value outside of the confidence interval were considered significantly altered by 

the chemical treatment.   

 

Pattern Recognition Analysis 
 
 
Statistical Validation of Expression Profiles  

 

Expression profiles from the differentially expressed genes were managed in the 

MicroArray Project System (MAPS) relational database (Bushel et al., 2001).  In MAPS, 

a modified Z-score, Mi for each gene expression ratio value, x, was calculated for j genes 

using the sample median, x~ , standard deviation, σ, and median of the absolute deviates 

about the median, MAD (Iglewicz and Hoaglin, 1993).  For i =1,2, …., j, 

|}~{| xxmedianMAD ii −= .  Since E(MAD) = 0.6745σ , 

.)~(6745.0
MAD

xxM i
i

−
=  

A binomial distribution (Casella and Berger, 1990) was used to determine the probability 

of detecting genes altered by chance for a given treatment.  That is for k = 0,1,2,….,n 

))((
)!(!

! knk
nofoutk qp

knk
nP −

−
=  

where p is the probability of success in any single trial, q is 1-p and n is the number of 

trials.  For example, scoring genes as differentially expressed at the 95% confidence level 

(2) 

(1) 
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(p=0.05) 4 or more times (k>=4) out of 9 replicate experiments (n=9) has a probability 

(P) of 0.00064 of being detected by chance.  

 
Hierarchical Clustering 

 

A two-dimensional gene expression data matrix with genes as the objects (rows) and 

sample treatments as the attributes (columns) was generated using the set of 238 genes 

that were differentially expressed with at least one of the chemical treatments and had a 

low probability (P < 0.01) of being randomly detected at the 95% confidence level 

(Bushel et al., 2001).  No more than 4 genes out of the 238 altered genes were determined 

by the binomial distribution to be detected as false positive. For each biological sample, 

the ratio intensity values for the 238 differentially expressed genes were log2 transformed 

to approximate normality and averaged across replicate hybridizations.  Two-dimensional 

hierarchical cluster analysis was performed using software and methods as described by 

Eisen et al. (1998) with the following procedures to direct the agglomerative application.  

The Pearson correlation coefficient (Kaufman and Rousseeuw, 1990) was used as a 

measure to determine similarity between gene expression vectors.  Prior to clustering, the 

gene expression vectors were subjected to 100,000 iterations of a Kohonen (2001) self-

organizing map (SOM) to order the genes within clusters resulting in a smooth transition 

of gene expression patterns between clusters.  The agglomerative clustering (Romesburg, 

1984) was executed iteratively to merge similar gene expression vectors by measuring the 

distance of a gene expression vector or cluster to all other gene expression vectors or 

clusters.  It then merges the two that are most similar.  
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Relevance Analysis 

 
 
To rank the 238 statistically valid differentially expressed genes according to the amount 

of gene expression information each gene contains and to separate the expression profiles 

acquired from the biological samples treated with each class of agent m, the expected 

information based on the separation of samples S{S1, S2,…, Sv} by gene A is determined 

from the expected information needed to classify a sample:  

 

where pi is the probability (si/s) of a sample (si) belonging to class Ci  and the entropy of 

the gene given by its weighted average 

 

where sij is the number of samples in class Ci of subset v.  The information gain from the 

partitioning of the classes on A is defined by 

 

and is used to rank the genes.   
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 Gene Selection for Class Determination 
 
 
Single-Gene Analysis of Variance 

 

Prior to analyzing the gene expression data with single-gene analysis of variance 

(ANOVA) model, the ratio intensity measurements of all the genes were screened for the 

presence of outliers.  An outlier was defined as a value lying more than three global 

standard deviations based on within-treatment pooled deviations from the mean of the 

pharmacological treatment class mean.  Outlier ratio intensity values were replaced by 

the class mean.  Inter-chip variability was reduced by averaging measurements for each 

biological sample treated with a particular pharmacologic agent.  In addition, results were 

post-processed to remove genes unless a minimum global standard deviation of 0.3 was 

observed indicating some minimal measurable treatment effect. 

 

For a particular toxicant treatment, let µ1, µ2, …, µk represent the mean expression values 

for the k competing genes.  If each gene is measured n times, such that Yij represents the 

jth measurement for gene i, then under the one-way ANOVA model ijiijY εµ +=  

where the errors, ijε , are assumed to be independent and identically distributed normal 

random variables, 

∑
=

==
n

j
ijii Y

n
Y

1

1µ̂  

is the estimator for µi (i = 1,2,… k). 

 
 

(6) 
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Linear Discriminant Analysis 

 
Gene expression ratio intensity measurements were screened for the presence of outliers 

as described in the single gene analysis method.  The linear discriminant function is 

based on a normal distribution of the gene expression ratios for each class, with a 

common covariance matrix in all classes (Duda et al., 2001).  Gene-pairs were ranked by 

the likelihood, P(Data|µi,Σ), calculated for the gene expression measurements for the rats 

in the ith treatment (Data) given each treatment’s mean gene expression (µi), and the 

pooled covariance (Σ).  Gene-pairs showing strong, consistent linear separation between 

the treatment effects ranked the highest. 
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Results 

 
 

Differential Gene Expression Analysis  
 
 

Gene Expression Profile Variability 

 
 
A scatter plot of the 24 hours phenobarbital treated sample1 and control sample2 (S1/S2) 

ratio intensity values and the product of the sample intensities (S1*S2) indicated a weak 

dependence of ratios on the intensity values particularly toward the low end of the 

scanning dynamic range (Figure 2.1a).  The upper and lower bounds from the 95% 

confidence interval for the ratio distribution (Chen et al., 1997) fit the distribution of the 

data at the high end of the intensity scale but are not consistent with the spread of the 

ratio values at low intensities. 

 

Differentially expressed genes can be confirmed by comparing replicate measurements of 

microarrays and performing subsequent biological assays to assess the biological 

significance of altered gene expression (Lee et al., 2000; Wittes and Friedman, 1999).  To 

control for experimental and biological variability, replicate cDNA array hybridizations 

were performed in triplicate on each of the mRNA samples from three individual rats.  

The Pearson correlation between two experimental hybridization replicates using the 

same biological sample were greater than 0.8 (data not shown).  Correlation between all 

the log2 ratio intensity values acquired from the analysis of two microarrays of two 

independent rats treated with phenobarbital for 24 hours resulted in a Pearson correlation 
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equal to 0.6 (Figure 2.1b).  The biological variability seen among individual rats 

constrains the degree to which an overall association can be made regarding gene 

expression changes due to a chemical compound treatment across biological samples. 

 

Gene Expression Signature Outlier Detection 

To track and tally individual genes that were consistently altered by chemical exposure, 

experimental information and differentially expressed genes from the peroxisome 

proliferator and phenobarbital treatments were managed in the MicroArray Project 

System (MAPS) relational database (Bushel et al., 2001).  In MAPS, a binomial 

distribution was used to model the occurrences of expressed genes to determine the 

probability of detecting an altered gene by chance at a given confidence level (Casella 

and Berger, 1990).  Assuming a binomial distribution, the 238 genes that changed 

significantly across the experimental replicate hybridizations had a low probability (P < 

0.01) of being detected as differentially expressed in 2 or more of 3 replicate analyses due 

to chance.  A comparison of these altered genes with one-way analysis of variance 

(ANOVA) demonstrated that the assumptions of normality and equal variance for the 

ratio intensity values were likely violated.  A normal quantile plot of the residuals from 

the ANOVA suggests that the distribution is heavy-tailed, since the points on the plot are 

not linear at the highest and lowest values (Figure 2.2a).  These results suggest the 

presence of statistical outliers in the data. 
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To detect and distinguish experimental outliers from biologically differentially expressed 

genes, a modified Z-score using the median of the absolute deviates (MAD) was 

computed on the ratio intensity values.  As shown in Table 2.1, the modified Z-score 

computation detected three outlier ratio intensity values from one of the biological 

replicates expressing the gene for Solute carrier 16 (monocarboxylic acid transporter), 

member 1 (GenBank AA956058) following treatment with gemfibrozil for 24 hours.  

Only a subset of the differentially expressed genes with this treatment is shown.  From 

the microarray analysis it was evident that two of the biological samples repressed the 

gene following treatment whereas the third induced the expression.  Excluding the 

outliers reduced the mean log2 ratio intensity value of the gene for Solute carrier 16 

(monocarboxylic acid transporter), member 1 from 0.01 to a modified mean of –1.12; 

therefore this gene was excluded from further analysis.  The modified Z-score outlier 

detection also recognized two ratio intensity values for the gene for protein phosphatase 

5, catalytic subunit (GenBank AA957215); however, excluding these values had a 

negligible effect on the calculation of the modified mean and therefore this gene was 

retained for further analysis.  Removal of the outlier genes resulted in a normal quantile 

plot of ANOVA residual values demonstrating that the normality condition was met 

(Figure 2.2b).  The plot was linear and all points fell within the 95% confidence bands.  

Filtering the outliers reduced the heteroscedascity among genes, making the assumption 

of equal variance more reasonable. 
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Toxicant Gene Expression Pattern Correlation Analysis 

 

Phenobarbital, a barbiturate and enzyme inducer, has a different mode of action than the 

peroxisome proliferators Wyeth 14, 643, gemfibrozil and clofibrate (Hamadeh et al., 

2002a).  Pairwise comparisons of the 238 altered genes following treatment with these 

agents for 24 hours clearly shows good correlation (r > 0.8) between fibrates (gemfibrozil 

and clofibrate), some correlation (r > 0.5) between peroxisome proliferators and little 

correlation (r < 0.4) between the peroxisome proliferators and enzyme inducer 

(phenobarbital) gene expression profiles (Table 2.2).  The results in Table 2.2 illustrate 

the ability of cDNA microarray analysis to detect similar gene expression patterns 

between chemicals from a particular class of compounds as well as to discriminate 

expression profiles from mechanistically different agents. 

 

Hierarchical Cluster Analysis of Expression Profiles 

 

Two-dimensional hierarchical clustering was performed on the average ratio values of the 

three experimental replicate analyses for the 238 genes that were deemed to be 

differentially expressed in a statistically significant manner relative to the control sample 

in at least one of the agents tested.  Clusters of genes with similar gene expression 

patterns that distinguished samples treated with phenobarbital from samples exposed to 

peroxisome proliferators were identified.  As shown in Figure 2.3, the phenobarbital 

treated samples clustered together and the peroxisome proliferator treated samples 
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clustered similar to each other.  The clofibrate treated samples possessed less similarity in 

gene expression than samples treated with gemfibrozil or Wyeth 14,643.  In particular, 

the clustering clearly demonstrates that two of the clofibrate treated samples are more 

similar to each other in gene expression compared to the third clofibrate treated sample.   

 

Highly correlated nodes of genes with similar expression vectors were identified by 

cutting the vertical axis of the dendrogram and selecting clusters of genes with a high 

degree of similarity (r > 0.8).  As illustrated in Figure 2.3, two nodes contained genes 

with expression patterns that discriminated samples treated with phenobarbital from 

peroxisome proliferator exposed samples.  The node #1 expanded on the dendrogram had 

genes that were induced in the sample following phenobarbital treatment but repressed or 

not differentially expressed following peroxisome proliferator treatments.  Conversely, 

the node #2 expanded on the dendrogram contained genes that were repressed in the 

sample following phenobarbital treatments but induced or not altered in expression 

following peroxisome proliferator exposure.   

 

Gene Selection Using ANOVA and LDA 
 

The simplest approach to identifying genes affected by treatment is the now-standard 

measurement of n-fold change.  However, when replicates are available, it is possible to 

account for some of the biological variability within a treatment and determine not only 

which genes change under treatment, but also which genes are affected most consistently, 

and are least variable.  With a single gene ANOVA model, it is possible to rank the genes 
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by this consistency of effect by comparing ANOVA  p-values calculated by the 

comparison to the standard percentiles of the F-distribution.   

   

To identify genes that separate phenobarbital treatment from peroxisome proliferator 

treatments, gene expression data from biological samples treated with Wyeth 14,643, 

gemfibrozil and clofibrate were pooled together.  Application of the single-gene ANOVA 

clearly identified the gene for cytochrome P450, 2b19 (GenBank AA818412) to have the 

most consistent and dramatic expression difference between phenobarbital and the 

peroxisome proliferators.  Cytochrome P450, 2b19 was the top ranking gene with an 

ANOVA score of 3.4e-07 .  Other genes showing strong separation included 

tripeptidylpeptidase (GenBank AI111901) and organic cation transporter (GenBank 

AA965127).  ANOVA modeling highlighted singleton genes that provided reasonable 

two-class separation.  As shown in Figure 2.4a, the gene for cytosolic phosphoprotein 

(p19) (GenBank AA957519) separated the peroxisome proliferator group from the 

phenobarbital treated samples primarily due to repression of expression of the gene with 

the latter treatment and induction of expression with the chemical treatments in the 

former group.     

 

Since single-gene rankings, like ANOVA or correlation measures, are unable to identify 

gene-pair relationships, linear discriminant analysis (LDA) was applied to each pair of 

genes to identify potentially interesting gene couplings.  LDA modeling of the data 

identified singleton genes that were affected by the different treatments as well as gene-

pairs.  Many of the singleton genes found were the same as those reported by the other 



    

 

69

analysis techniques, but a number of gene-pairs were completely novel.  The genes for 

cytochrome P450, 2b19 and zinc finger protein (kid-1) mRNA (GenBank AA965012) 

ranked highest with a LDA separation score of 151.9 where the score is proportional to 

the negative log likelihood of the separation.  Several of the top ranking gene-pairs 

separating peroxisome proliferator treatments from phenobarbital treatment contained the 

gene for cytochrome P450, 2b19  (Table 2.3).  Furthermore, many of the gene-pairs 

detected were combinations of single genes from the ANOVA modeling that provided 

good separation individually (data not shown).  However, some gene-pairs were not 

intuitively obvious and would not have been selected based on other analyses.  Figure 

2.4b illustrates the broad partitioning of the two classes when the gene for 

tripeptidylpeptidase II mRNA was combined with the gene for nucleoporin p54 mRNA 

(GenBank AI030305). 

 

The ANOVA and LDA methods were successful in separating sub-classes of peroxisome 

proliferator agents exposed to the biological samples.  Interestingly, when all toxicants 

were treated as separate classes, the ANOVA identified the GluR-K3 gene for the 

glutamate receptor (GenBank AA957877) as a single gene separating phenobarbital from 

the peroxisome proliferators while simultaneously separating clofibrate, gemfibrozil and 

Wyeth 14,643 peroxisome proliferator treatments (Figure 2.4c).  The LDA ranked the 

pair of genes for G protein coupled receptor kinase 5 (GenBank AA956162) and for the 

fast nerve growth factor receptor (NGFR) the highest with a score of 57.4 implying 

distinct separation of the samples exposed to the four compound treatments (Figure 2.4d). 

The top five gene-pairs that separated all toxic agents involved the best singleton gene (G 
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protein coupled receptor kinase 5), suggesting that this single-gene effect is most 

predominant for separations of compound classes. 

 

Comparison of Genes Selected as Informative 
 

A novel mixed linear models method of identifying statistically significant genes that are 

differentially expressed has been developed by Wolfinger et al. (2001).  This method has 

its advantages for analysis of gene expression data since it incorporates a factor effects 

model with multivariate terms in order to minimize type I and type II error rates when 

detecting differentially expressed genes.  The mixed linear models gene expression data 

analysis method is essentially a two-step ANOVA procedure that 1) fits the gene 

expression data to a normalization model to account for main effect of treatments, 

systematic effects of arrays, an interaction effect of arrays and treatments and corrects for 

stochastic error and 2) use the residuals from the normalization model for a gene model 

to estimate the gene by array effects and measure the significance of the gene by 

treatment effects.   

 

We compared the ranking of genes using the single gene ANOVA approach with the 

order of genes assessed as significant by mixed models analysis or ranked according to 

information gain, to assess the degree of congruence between the selection of top 

informative genes in a contrast between the phenobarbital treated samples and the 

peroxisome proliferator treated samples.  The scorecard of the comparison depicted in 

Table 2.4 illustrates that the union of the top 10 ranked genes from each analysis method 
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comprises a gene set where 12 of the 21 genes are ranked in the top 20 in each statistical 

approach.  Looking across analysis methods, 8 of the 21 genes are ordered in the top 20 

in two of the three ranking methods.   Interestingly, genes representing mitochondrial 3-

2trans-enoyl-CoA isomerase, cytochome p-450, phenobarbital-inducible and G protein 

coupled receptor kinase (Genbank AA997009, AA818412, and AA956162, respectively) 

are genes ranked in the top 10 in each analysis approach.  Not surprisingly, the other 

mitochondrial 3-2trans-enoyl-CoA isomerase gene on the array (Genbank AA965078 ) 

and Rattus norvegicus tripeptidylpeptidase II  were top 10 ranked genes in two of the 

three analysis methods.  Cytochome p-450, phenobarbital-inducible and G protein 

coupled receptor kinase genes scored first or second in either of the three analysis 

methods whereas Rattus norvegicus phosphoprotein phosphatase (GenBank AA957215) 

ranked second and third in the mixed models and relevance analysis approaches, 

respectively.  R. norvegicus mRNA for cytokeratin type I (GenBank AA956106 ) and R. 

norvegicus mRNA for fetuin (GenBank AA955349) ranked 7th and 8th respectively with 

the single gene ANOVA but fairly low (rank > 100) with the mixed models and relevance 

analysis methods.    
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Discussion 

 

Classification of biological samples is of immense importance in biomedical research to 

determine the clinical pathology of disease states.  Alterations in gene expression that 

reflect mechanistic changes are indicators of the biology within clinical samples. 

Understanding the biological variability within the microarray experimental process is 

key to uncovering important considerations in the survey of specific signature profiles.  

Procedures such as ascertaining the probability of false positives and false negatives, thus 

minimizing the statistical error in the process of analyzing microarray data, are essential 

for applying transcriptional profiling to classification of biological samples (Kerr et al., 

2000; Callow et al., 2000). The advantage of applying the binomial probability 

distribution and modified Z-score computation to replicate microarray gene expression 

data to validate the determination of differentially expressed genes has been 

demonstrated.  The modified Z-score test was essential in our process of detecting 

outliers in ratio intensity values since the median of the absolute deviate about the median 

(MAD) of the data, used to compute the modified Z-score, is an unbiased estimator that is 

minimally affected by outliers (Table 2.1).  Employing the binomial distribution model to 

the genes identified as differentially expressed at the 95% confidence level across 

replicate microarray experiment, permits building upon Bernoulli trials to essentially 

diminish the 5% error of detecting a gene as altered in a single experiment. For instance, 

tallying genes as differentially expressed 4 or more times out of 9 replicate experiments 

has a probability of 0.00064 of detecting a single gene by chance using a 1700 feature 

array. Although the ratio distribution method establishes confidence levels to assess the 



    

 

73

meaningfulness of altered gene expression (Chen et al., 1997), an approach that combines 

the advantages of confidence levels with the benefits of individual gene p-values to 

assess significance of expression will undoubtedly improve the predictive power of 

microarray gene expression data.  Wolfinger et al. (2001) and Chu et al., (2002) have 

embarked on such approaches with the use of statistical mixed linear models to assess 

gene significance in microarray gene expression data irrespective of the magnitude of 

effect or the level of relative mRNA abundance.   Comparison of the top genes from 

single gene ANOVA with genes ranked by information gain or by significance in the 

mixed model approach reveals a good amount of validity and reliability between analysis 

methods in a contrast of phenobarbital vs peroxisome proliferators (Table 2.4).   Clearly, 

varying but valid results are inevitable as was exhibited in the ranking of top classifiers 

detected by our single gene ANOVA and linear discriminant analysis (LDA).  This 

suggests that more attention and application to the statistical analysis of microarray gene 

expression data is required to ultimately uncover a concordance of statistically significant 

gene expression signatures to ultimately classify biological samples with a high degree of 

confidence. 

 

Pattern recognition algorithms have been useful in the discovery of discrete and complex 

associations of multivariate data in high-dimensional space.  The computational 

mechanisms employed in the various classification methods have distinct differences and 

characteristics in the discriminatory process.  Clustering utilizes measurements of 

similarity and distance to determine the degree of resemblance between compared data 

sets.  LDA and single gene ANOVA rely on computing and permuting the arithmetic 
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mean values of data sets to select vectors that separate samples into one of two or more 

mutually exclusive classes.  LDA, single gene ANOVA and hierarchical clustering of 

gene expression data, from samples treated with phenobarbital, a barbiturate and enzyme 

inducer, or one of the peroxisome proliferator chemical compounds, were used to select 

genes with highly correlated expression profiles that separate the treatments of the 

samples with the two classes of agents while simultaneously partitioning sub-classes of 

peroxisome proliferators.  There was concordance between the discriminator genes from 

the different classification approaches suggesting sufficient richness of the microarray 

data, specificity of the discriminating profiles and robustness of the computational 

algorithms to discern gene expression differences in the two-class separation problem.  

However, while the LDA method selected unique gene-pairs that separated the individual 

treatments as well as the fibrate subclass from the peroxisome proliferators class of 

agents, hierarchical clustering and the ANOVA model identified groups of genes, for 

example GenBank accession numbers AA818412, AA964948, AI070587, AA965078, 

AA997009 and AI111901, as genes that can discriminate phenobarbital from the 

peroxisome proliferators.  The cytochrome P450, 2b19 phenobarbital-inducible gene 

(GenBank accession number AA818412) is a pivotal component of phenobarbital 

metabolism (Kemper, 1998) whereas the tripeptidylpeptidase II gene (GenBank accession 

number AI111901), normalizes rates of intracellular protein breakdown required for 

normal cellular function and viability (Wang et al., 2000).  

 

In this investigation a classification process containing sequential steps to use microarray 

gene expression data and pattern recognition techniques to classify chemical treatments 
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of biological samples was presented.  The simplified approach shown in Figure 2.5 

outlines the key computational procedures followed for understanding the adverse 

consequences of exposure to chemical agents.  The results of this investigation suggest 

that discrete genetic markers exist for reactions to xenobiotics in biological systems.  

Additional studies are necessary to ultimately associate gene expression alterations with 

phenotypic changes and biological endpoints and to discern those gene changes 

associated with the toxicity of a xenobiotic from the inherent pharmacological properties.  

Supplementary profiling and classification exercises will demand a more diverse and 

robust database of gene expression profiles in addition to rigorous and enhanced heuristic 

computational algorithms to effectively unearth and fully comprehend the fundamental 

concepts pertaining to the intricate genomic circuitry regulating biological processes. 
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Table 2.1  MicroArray Project System modified Z-score outlier detection of differentially 

expressed genes from samples treated with gemfibrozil. 

 

GenBank Acc. Description log2Cal. Ratios Hyb ID
Modified 
Z-Scores Mean (log2Cal.Ratio)

Modified Mean 
(log2Cal.Ratio)

Median 
(log2Cal.Ratio)

Standard Error 
(log2Cal.Ratio)

-1.29 65 0.76
-1.03 92 0.14
-0.92 93 0.14
-1.15 66 0.43
-1.22 94 0.59
1.99 67 7.15
1.74 96 6.56
1.93 97 7.00
2.46 65 0.10
2.42 92 0.00
2.54 93 0.29
1.10 66 3.26
1.46 94 2.38
1.62 95 1.99
2.14 67 0.71
2.70 96 0.67
2.54 97 0.28
-1.40 65 0.92
-1.18 93 0.00
-1.03 66 0.67
-0.97 94 0.93
-1.51 67 1.43
-1.22 96 0.14
-1.18 97 0.00

AA964507 Inhibitor of DNA binding 2, dominant negative helix-
loop-helix protein

0.19

0.07

2.11 2.35 2.42

-1.21 -1.21 -1.18

-0.97 0.55

AA957215 protein phosphatase 5, catalytic subunit

AA956058 Solute carrier 16 (monocarboxylic acid 
transporter), member 1 0.01 -1.12

Note. Statistics were generated using log2 calibrated ratio values for genes detected as differentially expressed in the methods section.  
HybID denotes the identifier used for the hybridized array.

GenBank Acc. Description log2Cal. Ratios Hyb ID
Modified 
Z-Scores Mean (log2Cal.Ratio)

Modified Mean 
(log2Cal.Ratio)

Median 
(log2Cal.Ratio)

Standard Error 
(log2Cal.Ratio)

-1.29 65 0.76
-1.03 92 0.14
-0.92 93 0.14
-1.15 66 0.43
-1.22 94 0.59
1.99 67 7.15
1.74 96 6.56
1.93 97 7.00
2.46 65 0.10
2.42 92 0.00
2.54 93 0.29
1.10 66 3.26
1.46 94 2.38
1.62 95 1.99
2.14 67 0.71
2.70 96 0.67
2.54 97 0.28
-1.40 65 0.92
-1.18 93 0.00
-1.03 66 0.67
-0.97 94 0.93
-1.51 67 1.43
-1.22 96 0.14
-1.18 97 0.00

AA964507 Inhibitor of DNA binding 2, dominant negative helix-
loop-helix protein

0.19

0.07

2.11 2.35 2.42

-1.21 -1.21 -1.18

-0.97 0.55

AA957215 protein phosphatase 5, catalytic subunit

AA956058 Solute carrier 16 (monocarboxylic acid 
transporter), member 1 0.01 -1.12

Note. Statistics were generated using log2 calibrated ratio values for genes detected as differentially expressed in the methods section.  
HybID denotes the identifier used for the hybridized array.
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Table 2.2  Pairwise correlations of ratio intensity values of genes identifies as 

differentially expressed from a sample treated with phenobarbital or one of the 

peroxisome proliferators. 

 

 

Agents Clofibrate W yeth Gemfibrozil Phenobarbital

Clofibrate 1 - - -

Wyeth 0.57 1 - -

Gemfibrozil 0.83 0.59 1 -

Phenobarbital 0.29 0.24 0.38 1
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Table 2.3  Linear discriminant analysis top ranking gene-pairs separating peroxisome 

proliferators from phenobarbital. 

 

 

Gene1 Gene2 LDA Separation

cytochrome P450, 2b19 zinc finger protein (kid-1) 151.9

tripeptidylpeptidase II nucleoporin p54 70.9

cytochrome P450, 2b19 A2b-adenosine receptor 68.6

cytochrome P450, 2b19 synuclein 1 62.8

cytochrome P450, 2b19 p38 mitogen activated protein kinase 61.1
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Table 2.4  Comparison of differentially expressed genes selected and ranked as 

informative in the phenobarbital vs peroxisome proliferator contrast. 

 

 

 

 

Description GenBank Acc.# Rank Score Rank -logp Rank InfoGain

Rattus norvegicus G protein coupled receptor kinase AA956162 1 2.84E-07 4 29.69 1 1.116

Rat GluR-K3 gene for the glutamate receptor AA957877 2 8.88E-07 22 17.51 44 0.580

Rattus norvegicus peroxisomal multifunctional enzyme type II AA874974 3 5.99E-06 32 14.19 34 0.638

Rat mRNA for mitochondrial 3-2trans-enoyl-CoA isomerase AA965078 4 6.08E-06 12 21.17 10 0.811

Rat mRNA for mitochondrial 3-2trans-enoyl-CoA isomerase AA997009 5 6.08E-06 6 23.99 9 0.811

Rat cytochrome p-450- phenobarbital-inducible AA818412 6 6.72E-06 1 40.18 2 1.048

R.norvegicus mRNA for cytokeratin type I (3' end) AA956106 7 8.93E-06 107 7.04 118 0.445

R.norvegicus mRNA for fetuin AA955349 8 9.29E-06 252 3.30 1677 < 0.001

Rattus norvegicus tripeptidylpeptidase II mRNA AI111901 9 1.18E-05 3 34.50 15 0.771

Rattus norvegicus nucleoporin (Nup98) AA924744 10 1.21E-05 44 12.09 39 0.590

Rattus norvegicus phosphoprotein phosphatase AA957215 11 1.49E-05 2 36.72 3 0.959

R.norvegicus mRNA for ribosomal protein S24 AA997138 13 1.97E-05 10 22.39 36 0.636

Rat serine pyruvate aminotransferase AI029012 23 5.18E-05 19 19.37 6 0.872

Rattus norvegicus mRNA for carboxylesterase precursor AI070587 25 6.42E-05 47 11.60 7 0.857

Rat epoxide hydrolase mRNA AA900551 36 1.73E-04 5 25.09 14 0.780

Rattus norvegicus Sprague-Dawley Ah receptor AA859478 44 3.02E-04 9 22.93 148 0.418

Rat dopa decarboxylase (DDC) AI044610 56 5.15E-04 8 23.71 281 0.339

Rat 5-aminolevulinate synthase AA924489 94 1.48E-03 7 23.88 232 0.361

Rat liver glutathione S-transferase Ya subunit AA818339 157 5.79E-03 20 18.46 5 0.896

Rat mRNA for alpha-tubulin AA957078 187 7.81E-03 51 11.35 4 0.926

Rattus norvegicus beta-1-2-N-acetylglucosaminyltransferase II (Gnt II) AA955301 288 2.09E-02 55 11.01 8 0.833

Single-Gene ANOVA Mixed Models Relevance Analysis

Note. –logp is the negative log10 of the p-value from the gene mixed model hypothesis test. InfoGain is the 
computed information gain for the gene and Score is the one-way ANOVA score for the gene (see methods section).

Description GenBank Acc.# Rank Score Rank -logp Rank InfoGain

Rattus norvegicus G protein coupled receptor kinase AA956162 1 2.84E-07 4 29.69 1 1.116
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Rat cytochrome p-450- phenobarbital-inducible AA818412 6 6.72E-06 1 40.18 2 1.048

R.norvegicus mRNA for cytokeratin type I (3' end) AA956106 7 8.93E-06 107 7.04 118 0.445

R.norvegicus mRNA for fetuin AA955349 8 9.29E-06 252 3.30 1677 < 0.001

Rattus norvegicus tripeptidylpeptidase II mRNA AI111901 9 1.18E-05 3 34.50 15 0.771

Rattus norvegicus nucleoporin (Nup98) AA924744 10 1.21E-05 44 12.09 39 0.590

Rattus norvegicus phosphoprotein phosphatase AA957215 11 1.49E-05 2 36.72 3 0.959

R.norvegicus mRNA for ribosomal protein S24 AA997138 13 1.97E-05 10 22.39 36 0.636

Rat serine pyruvate aminotransferase AI029012 23 5.18E-05 19 19.37 6 0.872

Rattus norvegicus mRNA for carboxylesterase precursor AI070587 25 6.42E-05 47 11.60 7 0.857

Rat epoxide hydrolase mRNA AA900551 36 1.73E-04 5 25.09 14 0.780

Rattus norvegicus Sprague-Dawley Ah receptor AA859478 44 3.02E-04 9 22.93 148 0.418

Rat dopa decarboxylase (DDC) AI044610 56 5.15E-04 8 23.71 281 0.339

Rat 5-aminolevulinate synthase AA924489 94 1.48E-03 7 23.88 232 0.361

Rat liver glutathione S-transferase Ya subunit AA818339 157 5.79E-03 20 18.46 5 0.896

Rat mRNA for alpha-tubulin AA957078 187 7.81E-03 51 11.35 4 0.926

Rattus norvegicus beta-1-2-N-acetylglucosaminyltransferase II (Gnt II) AA955301 288 2.09E-02 55 11.01 8 0.833

Single-Gene ANOVA Mixed Models Relevance Analysis

Note. –logp is the negative log10 of the p-value from the gene mixed model hypothesis test. InfoGain is the 
computed information gain for the gene and Score is the one-way ANOVA score for the gene (see methods section).
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Figure 2.1.  Scatter plots depicting intensity and ratio values dependence and illustrating 

the correlation between biological replicates.  Samples were derived from livers exposed 

to phenobarbital.  Log2 pixel intensity values from treated (S1) and control (S2) samples 

are utilized to assess ratio (S1/S2) and product (S1*S2) values. (a) The pairwise 

comparison of the log2 ratio and product values from all the genes is displayed with 

horizontal dashed lines indicating the upper and lower confidence limits obtained from 

ratio distribution calculations at the 95% confidence level. (b) The pairwise comparison 

of the log2 ratio values of the validated outliers from biological replicates Rat1 and Rat2 

is displayed.  Pearson Correlation (r) is 0.6. 
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Figure  2.2.  Distribution of the residuals from a one-way analysis of variance (ANOVA) 

of the ratio intensity values.  The difference of the group mean subtracted from each 

observation was graphed on a normal quantile plot with 95% confidence intervals, a 

linear fit and plotted as a frequency distribution with a normal distribution curve fit (a) 

before and (b) after outlier removal.  The box plot illustrates the median of the data as a 

line across the middle of the box, and the 25th and 75th quantiles lines extend from the end 

of the box  to the outermost data point that falls within the interquartile range.  The 

diamond inside the box signifies the sample mean and the 95% confidence intervals.    
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Figure  2.3.  Two-way hierarchical cluster analysis of validated gene expression profiles.  

Ratio intensity values of genes detected as differentially expressed with a low probability 

(P < 0.01) of being randomly detected at the 95% confidence level from each biological 

sample following 24 hour treatments were log2 transformed, averaged across replicate 

hybridizations and subjected to agglomerative hierarchical clustering as described in the 

methods section.  The resulting gene expression profile matrix contains the genes as the 

rows and experimental treatments as the columns with red indicating up regulation, green 

#1

#2



    

 

90

denoting down regulation, black signifying no change and gray specifying missing data.  

The branches of the vertical and horizontal dendrograms represent the amount of 

similarity between clustered genes and samples, respectfully.  Two nodes containing 

highly correlated genes (r > +0.8) across experimental samples are expanded for display.      
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Figure 2.4.  Single gene analysis of variance (ANOVA) and linear discriminant analysis 

(LDA).   Subsequent to screening all the ratio intensity values for the presence of outliers 

(see methods section), measurements from the peroxisome proliferators Wyeth 14,643, 

clofibrate, and gemfibrozil were grouped together or all treatments including 

phenobarbital were treated as separate classes.  Classes of treatments are denoted by a 

triangle and are indicated in the graph legend.  Log2 ratio pixel intensity values for genes 

are plotted for the (a and c) single gene ANOVA and the (b and d) LDA.  Figures a and b 

abscissa positions are randomly jittered to assist visualization so that markers do not sit 

on top one another in the ordinate direction. 
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Figure 2.5. Simplified model for the gene expression classification and prediction 

process.  



    

 

94

Chapter 3. 

Integration and Statistical Modeling of Microarray Gene 

Expression Data with Associated Histopathology Observations and 

Clinical Chemistry Evaluations 

 

Abstract 

 

Analysis of microarray data has revolutionized scientists’ ability to condense gene 

expression profiles into a manageable form for interpretation of alterations in 

transcription.  Integrating microarray data, clinical chemistry evaluations and 

histopathology observations and then analyzing the data using statistical models will 

enhance the ability of scientists to classify biological samples.  This challenge was 

approached by acquiring data from cDNA microarray analysis of RNA samples extracted 

from liver specimens of rats treated with acetaminophen. The microarray data and 

experimental information were instantiated in a data warehouse and united with database 

table views of clinical chemistry measurements of samples from the treated animals and 

histopathology observations of the tissue.  Mixed linear modeling of the gene expression 

data identified a “signature set” of 436 genes which were determined to be significantly 

differentially expressed in at least one of 28 multiple comparisons.  To assess contrasts of 

centrilobular congestion severity of the liver subsequent to exposure with acetaminophen, 

mixed linear model analysis of the rat liver histopathology observations with the gene 
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expression data of the signature set as the predictor variables was performed.  From this 

analysis 13 genes were determined to be significant for separating the three levels of 

toxicity response (mild, marked or none).  Two of the genes, thrombomodulin and 

fructose-biphosphate aldolase, have been shown to be specific for, or correlated with, 

necrosis of the liver, while the other eight genes are ESTs or have an unknown annotation 

according to the most recent UniGene build. 
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Introduction 

 
Toxicogenomics bridges conventional toxicology with the innovations brought about 

through genomics.  The ability to integrate transcriptomics, proteomics and metabolomics 

data for analysis, interpretation and knowledge discovery will potentially change the way 

research in applied and regulatory toxicology are administered.  To help organize the 

wealth of data and information collected for toxicogenomics, databases, management 

systems and knowledge bases either have been developed or are under construction 

(Tong et al., 2004; Waters et al., 2003; Tong et al., 2003).  Currently, very little effort has 

been put forward to integrate toxicogenomics domain data, or to use toxicology meta-

data for concerted analysis.   An initial attempt to associate microarray gene expression 

data with toxicological parameters was performed by Waring et al. (2001) where a strong 

correlation between the histopathology, clinical chemistry, and gene expression profiles 

was exhibited in rats following induction by 15 different hepatotoxicants.  More recently, 

significantly differentially expressed genes were successfully categorized and correlated 

to hepatotoxic endpoints in rats (Huang et al., 2004). 

 

Clustering, classification and prediction of data has gained considerable popularity with 

analysis of high-dimensional microarray data (Eisen et al. 1998; Golub et al., 1999; van’t 

Veer et al., 2002).  The ability to group gene expression profiles and\or arrays 

simultaneously facilitates the search for hidden patterns in the data.  For instance, highly 

correlated groups of genes that distinguish peroxisome proliferators from phenobarbital 

(an enzyme inducer) were identified by cluster analysis (Bushel et al., 2002, Hamadeh et 
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al., 2002a; Hamadeh et al., 2002b).  Moreover, supervised learning algorithms have been 

applied to a database of gene expression patterns to discriminate between hepatotoxicants 

and nonhepatotoxicants (Steiner et al., 2004).  Although the use of sophisticated 

algorithms, statistical methods and machine learning tools for analysis of gene expression 

data is becoming more innovative, the joining of mixed biological data for meta-analysis, 

interpretation and visualization remains elusive.  Hamadeh et al. (2002c) proposed and 

demonstrated that a compounded histopathological score representing lesion severity is in 

excellent agreement with the hierarchical clustering of gene expression data from rats 

treated with methapyrilene.  More recently, Goeman et al. (2004; 2005) utilized general 

linear models, linear and logistic regressions to test for groups of genes with expression 

data that are associated with clinical outcomes and survival.  Obvious, and convincing, is 

the notion that leveraging bioinformatics, mathematics, statistics, pathology and 

toxicology is essential for transforming toxicogenomics data into meaningful and useful 

knowledge (Morgan et al., 2004; Waters et al., 2003).  Fortunately, classical statistical 

models and bioinformatics\computational biology methods such as analysis of variance 

(ANOVA),  mixed linear models and decision trees, offer a good framework to begin to 

use microarray data with other associated biological data for analysis (Kerr et al., 2001; 

Wolfinger et al., 2001; Johann et al., 2004; Tong et al., 2003). 

 

Here, an approach for integrating microarray gene expression data with histopathology 

observations and clinical chemistry evaluations to form a meta-data set for down-stream 

analysis is presented.  In addition, a variety of mixed linear models to select genes that 

are altered following treatment with acetaminophen and to tease out highly significant 
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genes that distinguish between levels of centrilobular congestion of the rat liver, are used.  

Two of the genes identified, thrombomodulin and fructose-biphosphate aldolase, are 

specific for, or correlated with, necrosis of the liver. 
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Methods 

 

Microarray Gene Expression Analysis 

 
Microarray gene expression data was derived from liver mRNA samples collected from 

at least 3 male Fischer F344/N rats per dose group exposed to either 50mg/kg, 150mg/kg, 

1500mg/kg or 2000mg/kg body weight of acetaminophen as well as liver mRNA 

collected from control (mock-treated) male rats (Heinloth et al., 2004).  Animals were 

sacrificed either 6, 24, or 48 hr after treatment and mRNA extracted from liver 

specimens.  Each RNA sample from a treated animal was compared with a pool of time-

matched control mRNAs and analyzed in duplicate (dye reversal experiments) on a 

custom 6700 cDNA microarray - Rat Chip v2.0 (NIEHS, RTP, NC).   

 

Acquisition of data from scanned images of microarray chips is as previously described 

(Chen et al., 2002).  Briefly, digitized pixel intensity images generated by dual laser 

scanning of cDNA microarray chips hybridized with fluorescently labeled (Cy3 and Cy5) 

cDNA probes were analyzed with ArraySuite v2.0 extensions of IPLabs image 

processing software (Scanalytics, Fairfax, VA).  Pixel intensity values corresponding to 

each cDNA feature on the microarray chip from both scanning channels were adjusted by 

subtracting the local background surrounding each gene target.   
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Mixed Linear Models Normalization and Gene Selection 
 

Mixed linear modeling of the microarray data to assess statistical significance of 

differentially expressed genes was performed as previously described (Wolfinger et al., 

2001).  Briefly, log2 transformed, background subtracted pixel intensity values from each 

scanning channel were normalized to account for experiment-wide systematic effects by 

fitting the data with an analysis of variance (ANOVA) mixed linear model consisting of 

an over mean value (µ ), main fixed effects for the ith treatment (T) and jth array (A), a 

random effect for the kth dye (D) label, interaction effects of  array and dyes (AD) and 

random error (ε ): 

 

gijkjkkjigijk ADDATy εµ +++++= )(    

 

Residues (εgijk  -> rgijk ) from this normalization model were carried into a gene model 

with terms to account for the gth gene’s over all intensity (G), treatment and dye main 

fixed effects and an array random effect which measures the response of a gene to a given 

exposure in each animal: 

 

gijkkjiggijk DATGr γ++++=  

 

The term γ  denotes the random error for the gijkth gene and it, as well as εgijk  in 

equation (1)  are assumed to be normally distributed random variables with a zero mean 

and variance σ2
γg  and σ2

εg .   

(1) 

(2) 
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Mixed Linear Model Multiple Comparisons 
 

The following 28 contrasts were used as estimate statements for the gene by gene mixed 

linear model to compute the appropriate linear combinations of the model parameters: 

A comparisons: 

6hr vs 24hr or 48hr, control vs 15mg/kg for 24hr,  

 

B comparisons: 

individual dose controls (across durations) vs 50 mg/kg, 150mg/kg, 1500mg/kg, or 

2000mg/kg (across durations),  

 

C comparisons: 

control (50mg/kg for 6hr) vs 150mg/kg, 1500mg/kg, or 2000mg/kg for 6hr,  

control (50mg/kg for 24hr) vs 15mg/kg, 150mg/kg, 1500mg/kg, or 2000mg/kg for 24hr, 

control (50mg/kg for 48hr) vs 150mg/kg, 1500mg/kg, or 2000mg/kg at 48hr,  

 

D comparisons: 

50mg/kg for 6hr vs 50mg/kg, 150mg/kg, 1500mg/kg or 2000mg/kg for 24hr or 48hr,  

 

E comparisons: 
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average dose effect contrasts from all control vs treated samples, differences between 

repeated 2000mg/kg 24hr treatments, and low dose (50mg/kg and 150mg/kg) vs high 

dose (1500mg/kg and 2000mg/kg).   

 

Contrasts to detect significantly differentially expressed genes that distinguish between 

levels of centrilobular congestion of the liver were designed by first transforming log2 

ratio values (from the Cy3 and Cy5 pixel intensity data) as follows: 

 

ghijkhikjihghijk MNDANMy εµ ++++++= )(  

 

with an over mean value (µ ) , main fixed effects for the hth dose (M) and ith time (N) 

treatments as well as the kth dye (D) label, a random effect for jth array (A) and an 

interaction effect of dose and time (MN).    Subsequently, a gene by gene model uses the 

residues from the normalization model and a random effect for the ith animal number to 

contrast the difference between the jth level (L) of centrilobular congestion as follows: 

 

gijkikjgijk RDLGr γ++++=  

 

resulting in minimal vs mild, mild vs marked and minimal vs marked estimates.  For all 

modeling, Bonferroni correction of p-values was performed to assure an experiment-wise 

false positive probability of 0.05.   

 

(3) 

(4) 



    

 

103

Toxicological Measurements 
 

Histopathological observations (n=14) of the acetaminophen-treated rat liver specimen 

slides and clinical chemistry measurements on biosamples from the treated animals were 

collected as previously described (Heinloth et al., 2004).  Briefly, histopathology 

observations of the rat liver cross sections that were fixed in 10% neutral buffer formalin, 

embedded and Hematoxylin and eosin stained, were made by two independent 

pathologists according to the Pathology Code Tables of standard gross and 

micropathology nomenclature and then stored in the National Toxicology Program 

Toxicological Data Management System (TDMS).  Observations include: infiltration of 

the centrilobular region or region not otherwise specified, necrosis of the centilobular 

region or of hepatocytes, hyperplasia of the centrilobular region or hepatocytes, 

depletion, degradation or regeneration of the hepatocytes or centrilobular region, 

congestion or depletion of the centrilobular region or sinusoid and hyperplaysia of the 

bile duct.  Microscopic qualifiers are categorized as none, minimal, mild, moderate and 

marked.  Discrepancies in histopathology observations were resolved by a team of 

pathologists.   

 

Clinical chemistry evaluations (n=10) of serum samples were performed using a Roche 

Cobas Fara chemistry analyzer (Roche Diagnostic Systems, Westwood, NJ) to 

numerically measure serum enzyme and particulate levels of liver injury.  These included 

Alanine Aminotransferase [ALT], Sorbitol dehydrogenase [SDH], Aspartate 

aminotransferase [AST]), serum glucose and cholesterol [CHOLE] levels, indication of 

renal injury (uera nitrogen [BUN]), assessment of cholestasis – bile flow interruption 
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(total bile acids [TBA], 5’-Nucleotidase [_5_NUC], Alkaline Phosphatase [ALP]), total 

protein (TP) and albumin (ALB) levels. 

 

Hierarchical Cluster Analysis 
 

A two-dimensional gene expression data matrix with genes as the attributes (rows) and 

sample treatments as the objects (columns) was generated using the normalized log2 ratio 

values from the 436 genes which were determined to be significantly differentially 

expressed as a result of at least one of 28 multiple comparisons from mixed linear 

modeling.  Hierarchical cluster analysis of the sample treatments and genes was 

performed using the Euclidean distance as a measure of similarity between gene 

expression vectors.  Average-linkage clustering was executed iteratively to merge similar 

gene expression vectors by measuring the Euclidian distance of a gene expression vector 

or cluster to all other gene expression vectors or clusters, merging the two that are most 

similar.   

 

Data Integration Process 
 
MicroArray Gene Expression Markup language (MAGE-ML) 
 

Microarray gene expression data (raw ratio values and pixel intensity data from each 

scanning channel) acquired from cDNA microarray analysis of RNA samples extracted 

from liver specimens of rats treated with acetaminophen as a function of dose and time, 

was packaged in an abridged MAGE-ML documents containing data and experimental 
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information in the AuditAndSecurity, Description, Experiment and QuantitationType 

MAGE-ML packages (Spellman et al., 2002) sufficient for describing the gene 

expression patterns from the microarray analyses of the samples.  Information and data in 

the XML files were loaded into a data warehouse (database) at the NIEHS.   

 

Structured Query Language (SQL) Join 

 

Views of the gene expression data, clinical chemistry evaluations of samples from the 

treated animals and histopathology observations of the tissue specimens, were created via 

structured query language (SQL) of tables in respective databases of the microarray data 

warehouse, the National Toxicology Program (NTP) clinical chemistry database and 

Toxicology Data Management System (TDMS), joined on animal number and study 

identifiers in order to integrate the respective domain data into data sets consisting of a 

the various combination of the three domains’ meta-data.  Only the records from the 

subset of the rats which had integrated data that spanned the microarray, clinical 

chemistry and histopathology domains were retained for subsequent analysis.   
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Results 

 

Data Management and Integration 
 

As depicted in Figure 3.1, acetaminophen project, experimental and quality control 

information were stored in the MicroArray Project System (MAPS; Bushel et al., 2001), 

microarray gene expression data for the acetaminophen study was managed in the 

ArrayDB analysis information management system (Ermolaeva et al., 1998) and 

histopathology observations of the rat liver tissues and clinical chemistry evaluations of 

the rats biofluids were captured in TDMS.  Management of the data in separate 

distributed databases according to domains permits efficient structuring, administration 

and performance of the systems.   

 

Structured query language (SQL) and extensible markup language (XML) were then used 

to package the experimental information and microarray data into abridged MicroArray 

Gene Expression Markup Language (MAGE-ML) documents.  Figure 3.2 shows a 

sample of the microarray data and experimental information tagged using elements and 

attributes in the AuditAndSecurity, Description, Experiment and QuantitationType 

packages.  As can be seen, data such as raw pixel intensity values, ratios, background 

signal, measurement type error, the feature identifier and name are organized adequately 

for converting to a relational form.  Rectangularization of the data in the MAGE-ML 

documents was accomplished using an XML parser to identify and map entities to a 
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database table, its rows and column boundries (Figure 3.3a).   A view of the microarray 

data merged with the histopathology and clinical pathology data in TDMS, was created 

using an SQL statement, similar to the one shown in Figure 3.3b, to select the database 

records.  As indicated in the SQL where clause the records from the microarray and 

histopathology domains were joined on the animal number (annum) and study (testid) 

identifiers.  The meta-data captured as a whole for analysis was determined to be the 

minimal information required for a rudimentary statistical analysis of acetaminophen 

hepatotoxicity in the rat animal model (Figure 3.4).   

 

Selection of Differentially Expressed Genes 
 

Mixed linear model comparison of all treatment doses at the 6hr duration vs at the 24hr 

duration detects a group of genes which are differentially expressed across all the dose 

levels of acetaminophen treatment.  As revealed in Figure 3.5a, 120 genes were detected 

as significantly differentially expressed.  Figure 3.5b displays the 108 genes selected 

from all treatment doses at the 6hr duration vs at the 48hr duration comparison which are 

significantly differentially expressed.    There are 54 genes in common between the two 

comparisons and fewer genes are down regulated in the 6hr contrast with the 48 hr 

treatments in comparison to the 6hr contrast with the 24hr treatments.  However, a 

number of genes with either cell organization and biogenesis function, protein or 

macromolecule biosynthesis function, are no longer differentially regulated between 24hr 

and 48hr durations after treatment (Table 3.1).  Interestingly, the biological process 

macromolecular catabolism is activated as determined by regulation of mitochondrial 
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processing peptidase beta, proteosome (prosome, macropain) subunit beta type 9 and 26S 

subunit ATPase-4. 

 

Hierarchical clustering of the 160 genes detected as significantly differentially expressed 

from the comparison of low dose samples (all 15mg/kg, 50mg/kg and 150mg/kg 

treatments and controls) vs the high dose samples (all 1500mg/kg and 2000kg/kg 

treatments and controls) separates all the 24hr samples (except for the 2000mg/kg repeat) 

and the 50mg/kg for 48hr sample from the other samples (Figure 3.6).  The samples 

treated for 6hr cluster together regardless of the amount of acetaminophen used for 

treatment.  However, the150mg/kg for 24hr exposure and control are most dissimilar to 

the other treatments. 

 

There were 329 genes identified by mixed linear modeling of the data which are altered 

according to an average dose effect.  In addition to the regulation of genes involved in 

macromolecule and protein biosynthesis, genes that play a role in the directed movement 

(i.e. transport) of substances (such as macromolecules, small molecules, ions) between or 

within cells were regulated.  To determine the variability between biological replicate 

experiments, mixed linear model analysis of the rat liver samples exposed to 2000mg\kg 

of acetaminophen for 24hr was performed.  Table 3.2 lists the 16 genes which were 

identified as having significantly different expression between repeat treatments of 

2000mg/kg for 24hr.  Only two of the genes have a fold change difference greater than or 

less than 1.2 and five of the genes code for ribosomal proteins. 
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Separation of treatments by principal component analysis on the least square mean 

channel pixel intensity values of animals according to dose and duration group, was 

accomplished using the list of genes selected as significantly differentially expressed 

from at least one of the “C” comparisons in the methods section (Figure 3.7).  Separation 

of treatments by PCA using the genes from the “D” comparison resulted in a similar 

graph as Figure 7.  The percent variability captured by the principal components 1, 2, and 

3 is 52.4, 11.8 and 10.0 respectively.  The 150mg/kg for 24hr treated samples (yellow-

solid circle) is separated furthest from the other treated samples by principal component 

3.  The 50mg/kg, 1500mg/kg and 2000mg/kg treated samples (black-open circle, grey-

asterisk and pink-solid rectangle respectively) for 24hr (except the 2000mg/kg for 24hr 

repeat), group well together.  Interestingly, the 1500 mg/kg and 2000 mg/kg samples 

treated for 6 hr are the only samples which do not group close to their respective controls.  

The two treated samples group very near to each other and are separated from the other 

samples by principal component 2.  The controls for these two treated samples actually 

group closely with the 1500mg/kg and 2000mg/kg for 48hr, 50mg/kg and 150mg/kg for 

6hr, and the 2000mg/kg for 24hr repeat samples.  The 15mg/kg for 24hr samples are 

shown to be separated by principal component 1. 

 

Approximately 360 genes were selected as differentially expressed from at least one of 

the “B” class of multiple comparisons listed in the method section.  A parallel plot of the 

least square mean pixel intensity value of each control and treated sample reveals four 

distinct patterns of expression across the dose and time points.  A subset of genes were 

selected to represent the patterns (Figure 3.8).  One set of genes are highly expressed in 
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control and treated samples at 6hr, reduced in expression level at 24hr and then resumes 

high level expression at 48hr.  This pattern exists for all dose amounts.  Another set of 

genes are consistently upregulated (relative to controls) in the samples treated with the 

high doses of acetaminophen (1500 and 2000 mg/kg) at 6, 24 and 48hr durations.  There 

is little or no change in expression of these genes in the samples treated with the low 

doses of acetaminophen (15, 50 and 150 mg/kg).  Conversely, there is a set of genes 

consistently downregulated (relative to controls) in the samples treated with the high 

doses of acetaminophen (1500 and 2000 mg/kg) but only at the 6hr duration.  The profile 

of this set of genes is relatively unchanged in the samples from the other treatments.  

Interestingly, one gene, fatty acid desaturase 1 (Fads1: GenBank acc. AI137778), exhibits 

a large decrease in expression in 15mg/kg for 24hr control and treated samples, recovery 

of high level expression in the low dose treated-samples at 24hr, but repression of 

expression relative to controls in high dose treated samples for 24hr.  The expression of 

Fads1 is high but essentially not altered in samples treated for 6 or 48hr.  

 

Modeling Centilobular Congestion of the Liver  
 

The advantage of general linear models is that the underlying model can contain both 

nominal (qualitative) and interval (quantitative) variables (Rao, 1997).  Mixed linear 

models for analysis of microarray data proposed by Wolfinger et al. (2001) has the 

flexibility to model any of a number of microarray experimental designs using fixed and 

random variables.  We constructed a mixed linear model using the normalized log2 ratio 

values from the rat liver acetaminophen -treated samples as the response (dependent) 
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variable, congestion of the centrilobular region of the liver and the orientation of the 

labeling dye as the explanatory (independent) variables, in order to detect significantly 

differentially expressed genes that distinguish between marked vs none, mild vs none and 

marked vs mild centrilobular congestion of the liver level contrasts.  As shown in Figure 

3.9a, the mild vs none comparison detects only one gene, an EST (GenBank acc. 

AA859100) highly similar to the gene that synthesizes the MSTP043 protein [sorting 

nexin 25 ] in Homo sapiens, as significantly differentially expressed (slightly repressed).  

The marked vs none contrast identifies 9 differentially expressed genes, two (ESTs) are 

induced over 2 fold where as the other 7 are repressed by no more than 1.5 fold (Figure 

3.9b).  The down regulated genes includes the EST highly similar to the gene for the 

MSTP043 protein, three other ESTs (GenBank acc. AA901074, AA955942 and 

AA956013), and the genes for voltage-dependent anion channel (Vdac1), parathymosin 

(Ptms) and thrombomodulin (Thbd) represented by GenBank accs. AA875489, 

AA899878 and AA900918 respectively.  Finally, the comparison to contrast marked vs 

mild revealed two ESTs that are induced and one gene, Aldoc aldolase C, fructose-

biphosphate (GenBank acc. AA996833) which is repressed. Table 3.3 lists the p-value 

and fold change for each of the genes identified as significantly differentially expressed 

in at least one of the centrilobular congestion of the liver level contrasts.   
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Discussion 

 
Systems biology is a new field of science for applying the analysis and interpretation of 

biological and genomic data in an attempt to better understand how biological systems 

function on an organismal level.  The ability to combine transcriptomics, genomics, 

proteomics, metabolomics, bioassay data and biological interpretation of data into a 

concerted meta-analysis, promises to pay tremendous dividends to biologists, biomedical 

scientists and researchers beginning to comprehend how biological mechanisms and 

biochemical processes influence complex diseases, biological systems and\or evolution.  

For instance, Ideker et al. (2001) demonstrated the value of integrating genomics, two-

hybrid physical interactions of known proteins, microarray and proteomic data to 

construct models of perturbed cellular pathways in yeast in order to infer regulation of 

galactose utilization.  Motivated by this effort, a systems toxicology approach to the 

study of the perturbations by chemicals and environmental stressors on biological 

systems while simultaneously monitoring conventional toxicological parameters and the 

changes in cell molecular expression, is currently underway to describe the functioning 

organism from a toxicological insult point of view (Waters et al., 2003).  In order to 

accomplish this ambitious goal, the Chemical Effect in Biological Systems (CEBS) 

knowledge base will need to be developed, populated with relevant, high quality 

biological, genomic and toxicological data, and be equipped with sophisticated, yet easy 

to use, analysis tools for visualization as well as interpretation of the integrated data.   

 



    

 

113

The integration and statistical analysis of microarray data coupled with toxicological data 

was explored as a model of CEBS.  Data collected from histopathological observations of 

the lesions in the liver of the rats and clinical chemistry evaluations of the biofluid from 

the same rats following acetaminophen exposure, was joined with the microarray data 

acquired from analysis of the rat liver samples (Figures 3.1 and 3.3).  The minimal 

experimental information and biological data required to integrate and perform cursory, 

but informative, analyses of data from a toxicogenomics study involving acetaminophen -

treated rat livers samples was deemed manageable by packaging specific microarray data 

in an abridged version MAGE-ML and staging salient toxicological parameters in a 

database view (Figures 3.2, 3.3, and 3.4).  Other attempts (that are published) to integrate 

and analyze toxicogenomics data are ongoing by academic, industry and government 

partners (Tong et al., 2003; Tong et al. 2004, Mattes et al., 2004, Mattingly et al., 2003; 

Mattingly et al., 2004).  A more formal and comprehensive standard format for managing 

toxicogenomics data would provide an advance for the integration process and would be 

of considerable value for a more rigorous systems toxicology investigation. 

 

There are several ways proposed in the literature to analyze microarray gene expression 

data (For a review and background material see Quackenbush, 2001; Johnson and Lin, 

2002; Aittokallio et al., 2003; Hariharan, 2003).  Often times, the analysis of the same 

dataset using two different analysis approaches leads to similar biological conclusions; 

but, in some cases, the analysis can lead to conflicting interpretations (Johnson and Lin, 

2001).  While much attention is given to determining the best approach to analyzing 

microarray data , little effort has been devoted to the analysis of gene expression data 
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with associated biological information.  Initial attempts to correlate microarray gene 

expression data with toxicological measurements were performed by Waring et al. (2001) 

and Huang et al. (2004) and a histopathological score representing lesion severity was 

associated with the hierarchical clustering of gene expression data (Hamadeh et al., 

2002c).   However, statistical modeling of microarray data with histopathology 

observations and clinical chemistry evaluations has been elusive.  Several mixed linear 

models were used to normalize microarray data, select differentially expressed genes and 

identify sets of altered genes that distinguish samples between contrasts of the different 

levels of centrilobular congestion of the liver following acetaminophen exposure (Figure 

3.9 and Table 3.3).  The models were designed such that the normalized log2 ratio values 

from the rat liver acetaminophen-treated samples and orientation of the labeling dyes 

were the independent variables and congestion of the centrilobular region of the liver was 

the dependent variable.  Thirteen genes were detected as being significantly altered 

between the three levels of toxicity response.  Eight of the genes are ESTs or have 

unknown function according to the most recent UniGene build and thus have biological 

function discovery potential.   However, two genes, thrombomodulin and fructose-

biphosphate aldolase have been shown to be specific for, or correlated with, necrosis of 

the liver (Khan et al. 1998, Takatori et al. 1999).   

 

Mixed linear models are becoming more practical for analysis of toxicogenomics data.  

The challenge to modeling complex data in this fashion is that adding more variables to 

the model decreases the degrees of freedom of the analysis.  Clearly, good judgment and 

sound decision-making will be required by the analyst to narrow down or prioritize the 
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explanatory variable(s) for modeling of the data.  Nevertheless, the advantages and power 

of statistical linear models for analysis of mixed biological data types will undoubtedly 

elevate the mining of indicators of toxicity to higher levels and serve biologists and 

toxicologists well in their strive to use toxicogenomics data for system biology and 

toxicology purposes. 
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Table 3.1  Biological categories of genes from comparison of APAP-treated samples at 

6hr vs samples at 24hr or 48hr. 

 

 

Biological Category T6 vs T24 T6 vs T48
macromolecule biosynthesis 13 8
protein biosynthesis 11 5
cell organization and biogenesis 8 3
macromolecule catabolism 0 3
muscle development 4 3
nucleotide metabolism 3 3
muscle contraction 3 0
protein modification 3 0
protein catabolism 3 3
unclassified 97 93
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Table 3.2  Genes identified as significantly differentially expressed between repeat 

treatments of samples with 2000mg/kg APAP for 24hr. 

 
6.6050.445Sparc Secreted acidic cystein-rich glycoprotein  (osteonectin)AA957962

5.2050.632Spnr double-stranded RNA-binding protein p74AA956776

6.1100.560ESTs, Highly similar to RS28_HUMAN 40S ribosomal protein S28AA925982

5.6230.829Rps21 ribosomal protein S21AA925760

6.5530.861ESTs, Highly similar to GTK1_RAT Glutathione S-transferase, mitochondrial (GST 13-13) AA925527

6.1921.082RATACOA1 acyl-coA oxidaseAA924697

5.6541.066Prps2 Phophoribosylpyrophosphate synthetase, subunit IIAA924597

6.0140.814S100a10 S-100 related protein, clone 42CAA900235

8.528-5.236Mta1 metastasis associated 1AA899830

5.3430.508Rps3a ribosomal protein S3aAA899448

7.024-1.239ESTsAA899392

5.708-0.902ESTs, Highly similar to  RIKEN cDNA 0610010I12 AA899390

5.5680.558Rps8 ribosomal protein S8. AA874997

5.8130.575ESTs, Highly similar to RL8_HUMAN 60S ribosomal protein L8 AA866268

5.2380.535Gnb2l1 guanine nucleotide binding protein, beta polypeptide 2-like 1. AA859083

6.0750.662Rps7 ribosomal protein S7. AA819435

NegLog10p-valueLog2FoldChgDescription_from_UniGene
GenBank

Acc.

6.6050.445Sparc Secreted acidic cystein-rich glycoprotein  (osteonectin)AA957962

5.2050.632Spnr double-stranded RNA-binding protein p74AA956776

6.1100.560ESTs, Highly similar to RS28_HUMAN 40S ribosomal protein S28AA925982

5.6230.829Rps21 ribosomal protein S21AA925760

6.5530.861ESTs, Highly similar to GTK1_RAT Glutathione S-transferase, mitochondrial (GST 13-13) AA925527

6.1921.082RATACOA1 acyl-coA oxidaseAA924697

5.6541.066Prps2 Phophoribosylpyrophosphate synthetase, subunit IIAA924597

6.0140.814S100a10 S-100 related protein, clone 42CAA900235

8.528-5.236Mta1 metastasis associated 1AA899830

5.3430.508Rps3a ribosomal protein S3aAA899448

7.024-1.239ESTsAA899392

5.708-0.902ESTs, Highly similar to  RIKEN cDNA 0610010I12 AA899390

5.5680.558Rps8 ribosomal protein S8. AA874997

5.8130.575ESTs, Highly similar to RL8_HUMAN 60S ribosomal protein L8 AA866268

5.2380.535Gnb2l1 guanine nucleotide binding protein, beta polypeptide 2-like 1. AA859083

6.0750.662Rps7 ribosomal protein S7. AA819435

NegLog10p-valueLog2FoldChgDescription_from_UniGene
GenBank

Acc.



    

 

126

Table 3.3  Genes identified as significantly differentially expressed in at least one of the 

centrilobular congestion of the liver level contrasts. 

 

 

 

 

 

 

 

 

6.113-0.8840.0670.0284.1320.913Aldoc aldolase C, fructose-biphosphate

7.7052.5900.4000.3294.140-2.261ESTs

0.149-0.0936.345-1.4393.725-1.346ESTs

0.413-0.1117.899-0.8694.251-0.758ESTs

0.6630.3536.2181.6242.7821.271EST

0.1130.0577.8931.3364.8691.278ESTs

0.016-0.0098.372-1.3865.482-1.377ESTs

0.1230.0816.098-1.4594.273-1.540Thbd thrombomodulin

0.2270.1196.894-1.3725.065-1.491Ptms parathymosin

0.2920.0876.880-0.8115.192-0.899Vdac1 voltage-dependent anion channel 1

3.5030.5436.639-0.8428.643-1.385ESTs, Highly similar to  MSTP043 protein  [H.sapiens]

8.6990.9520.7130.1704.334-0.782Rps6 ribosomal protein S6

6.5071.2960.2570.1303.596-1.165EST

NegLog10pLog2FoldChgNegLog10p Log2FoldChg NegLog10pLog2FoldChgDescription

Marked_vs_MildMarked_vs_NoneMild_vs_None

6.113-0.8840.0670.0284.1320.913Aldoc aldolase C, fructose-biphosphate

7.7052.5900.4000.3294.140-2.261ESTs

0.149-0.0936.345-1.4393.725-1.346ESTs

0.413-0.1117.899-0.8694.251-0.758ESTs

0.6630.3536.2181.6242.7821.271EST

0.1130.0577.8931.3364.8691.278ESTs

0.016-0.0098.372-1.3865.482-1.377ESTs

0.1230.0816.098-1.4594.273-1.540Thbd thrombomodulin

0.2270.1196.894-1.3725.065-1.491Ptms parathymosin

0.2920.0876.880-0.8115.192-0.899Vdac1 voltage-dependent anion channel 1

3.5030.5436.639-0.8428.643-1.385ESTs, Highly similar to  MSTP043 protein  [H.sapiens]

8.6990.9520.7130.1704.334-0.782Rps6 ribosomal protein S6

6.5071.2960.2570.1303.596-1.165EST

NegLog10pLog2FoldChgNegLog10p Log2FoldChg NegLog10pLog2FoldChgDescription

Marked_vs_MildMarked_vs_NoneMild_vs_None
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Figure 3.1.  Storage domains for the Toxicogenomics data.   Microarray experiment 

information is stored in the MicroArray Project System (MAPS) which is linked to the 

microarray data stored in ArrayDB by hybridization identifier.  The histopathology data 

is stored in the Toxicology Data Management System (TDMS) whereas the clinical 

chemistry data is managed in the Clinical Chemistry database (ClinChemDB).  Records 

in MAPS, TDMS and ClinChemDB are linked by study and animal number identifiers.   

ArrayDBMAPS
NTP

TDMS
ClinChem

Data
files

ArrayDBMAPS
NTP

TDMS
ClinChem

Data
files
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Figure 3.2.  Abridged MicroArray Gene Expression Markup Language (MAGE-ML).  

Microarray gene expression data (raw ratio values, pixel intensity data, background 

signal, measurement type error, the feature identifier and name from each scanning 



    

 

129

channel) acquired from cDNA microarray analysis of RNA samples extracted from liver 

specimens of rats treated with acetaminophen as a function of dose and time was 

packaged in the AuditAndSecurity, Description, Experiment and QuantitationType 

packages  
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Figure 3.3.  Mapping MAGE-ML to relational schema and database table view. (a) The 

data in the MAGE-ML documents (left panel) were mapped to a column and row 

relational schema format (inset) to store records of the data.  Name denotes the table field 

representing the measured signal type and value denotes the table field storing the data. 

a) b)
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(b) Structured query language (SQL) used to generate the view of the microarray data 

joined to the histopathology data.  Testid denotes the study identifier and annum denotes 

the animal identifier.  The join of records across databases is made on testid and annum. 
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Figure 3.4.  Meta-data captured and integrated for analysis.  Clinical Chemistry 

parameters and histopathology observations are specific for APAP-treated rat liver 

samples.  The microarray data captured was determined to be sufficient for describing 

and analyzing the gene expression patterns from the microarray analyses of the samples. 

 

 

 

• Microarray
• Ratio values
• 2 channel intensity
• Background measurement
• Measurement error assessment
• Gene identifiers and description

• Clinical Chemistry
• Serum enzymes of liver injury

• Alanine Aminotransferase (ALT), Sorbitol
dehydrogenase (SDH), Aspartate
aminotransferase (AST)

• Serum glucose and cholesterol

• Indicator of renal injury
• Urea Nitrogen (BUN) 

• Evaluation of cholestasis (bile flow interruption)
• Total bile acids, 5’-Nucleotidase, Alkaline 
Phosphatase (ALP)

• Total Protein and albumin

• Histopathology
• Topography, site, system
• Morphology
• Severity code
• Chemical (amount, duration)
• Vehicle 
• Route of exposure
• Study type (acute, chronic)
• Strain, gender, age
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Figure 3.5.  Volcano scatter plots displaying significantly differentially expressed genes 

from comparisons of 6 hr treated samples to 24 hr or 48 hr treated samples.  The p-values 

and log2 fold change from the mixed linear model analysis of comparisons of all 

treatment doses at the 6hr duration vs at the (a) 24hr and (b) 48 hr durations are plotted.  

p-values were converted to negative log10 and plotted against the log2 change.  The 

dashed red line denotes the Bonferroni corrected p-value cutoff to assure an 

experimentwise false positive probability of 0.05.  Genes above the cutoff are considered 

significantly differentially expressed.  

gg

a) 

b) 
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Figure 3.6.  Two-way hierarchical clustering of samples and significantly differentially 

expressed genes from the low dose vs high dose comparison.  Hierarchical clustering 

performed by the average linkage method and using Euclidean distance was performed 

on the normalized and standardized log2 least square means pixel intensity channel data 

from the control and treated samples of the 160 genes detected as significantly 

differentially expressed from the low dose samples vs the high dose samples comparison.  

The samples are clustered across the y-axis of the dendrogram and the genes clustered on 

the x-axis.  Red signifies down regulation, blue up regulation and white no change.  
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Figure 3.7.  Principal component analysis (PCA) on genes selected as significantly 

differentially expressed from at least one of the “C” comparisons.  PCA was performed 

on the normalized log2 least square means pixel intensity channel data from the genes 

selected as significantly differentially expressed from at least one of the “C” comparisons 

in the methods section.  Prin1, 2, and 3 denoted principal components 1, 2, and 3 

respectively.  The percent variability captured by Prin1, 2, and 3 is 52.4, 11.8 and 10.0 

respectively.  Samples are denoted using the following color and symbol combination: 

blue-triangle, 15mg/kg for 24hr; red-plus, 50mg/kg for 6hr; black-open circle, 50mg/kg 

for 24hr; yellow-z, 50mg/kg for 48hr; blue-x, 150mg/kg for 6hr; yellow-solid circle, 

150mg/kg for 24hr; green-Y, 150mg/kg for 48hr; green-open square, 1500mg/kg for 6hr; 

grey-asterisk, 1500mg/kg for 24hr; blue solid square, 1500mg/kg for 48hr; orange-
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diamond, 2000mg/kg for 6hr; pink-solid rectangle, 2000mg/kg for 24hr; aqua-open 

rectangle, 2000mg/kg for 24hr repeat; red-solid circle, 2000mg/kg for 48hr.    
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Figure 3.8.  Expression profiles of the genes selected as significantly differentially 

expressed from the “B” class of multiple comparisons.   The normalized log2 least square 

means pixel intensity channel data from the genes selected as significantly differentially 

expressed from at least one of the “B” comparisons in the methods section were plotted 

across treatments.  The y-axis denotes the normalized log2 least square means pixel 

intensity  and the x-axis depicts the sample from which the data was derived.  A subset of 

the approximately 360 genes identified as differentially expressed were selected to 

represent the four major expression patterns illustrated by lines colored in blue, red, black 

and green.    
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Figure 3.9.  Volcano scatter plots displaying significantly differentially expressed genes 

from contrasts of levels of congestion of the centrilobular region of the rat liver.  The p-

values and log2 fold change from the mixed linear model analysis of contrasts of levels of 

congestion of the centrilobular region of the rat liver are plotted. p-values were converted 

to negative log10 and plotted against the log2 fold change. The x axes are labeled as log2 

fold change from (a) mild vs none, (b) marked vs none and (c) marked vs mild 

comparisons.    The dashed red line denotes the Bonferroni corrected p-value cutoff to 

assure an experiment-wise false positive probability of 0.05.  Genes above the cutoff are 

considered significantly differentially expressed.   

 

a) b) c)
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Chapter 4. 

Clustering Biological Samples Based on  

Microarray Gene Expression and Toxicological Data Using a  

k-Prototypes Objective Function 

 

Abstract 

 

Clustering microarray gene expression data is a useful approach to classify biological 

samples.  Due to the inability of clustering metrics to handle mixed data types, associated 

biological data and background knowledge about the samples that consist of both 

numeric and categorical values, are not included in the clustering process.  To test the 

utility of the k-prototypes algorithm to constrain the clustering of numeric microarray 

gene expression data and clinical chemistry evaluations with histopathological 

observations as categorical values, a modified k-prototypes (Modk-prototypes) algorithm 

was developed.  It was implemented to obtain optimal clustering results of simulated 

numeric data as well as two empirical data sets consisting of heart disease or 

acetaminophen (APAP) gene expression and toxicological mixed numeric and categorical 

data.  A dynamic validity index for numeric data was modified with a category utility 

function to determine the number of clusters in the mixed type data sets.  The k-means 

algorithm and Modk-prototypes algorithm outperformed the original k-prototypes 
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algorithm (Huang, 1997) for classifying the simulated numeric data.  A simulated 

annealing optimization (Kirkpatrick et al., 1983) version of the Modk-prototypes 

algorithm (SA-Mod k-prototypes) finds the global minimum of the k-prototypes objective 

function.  Finally, through Modk-prototypes clustering of the acetaminophen data with 

equal weighting of the domain data, “vetted” expression (genes statistically evaluated and 

Gene Ontology annotated) and toxicological (VETed) k-prototypes are obtained from 

clusters that are descriptive of, and phenotypically anchored to, levels of necrosis of the 

hepatocytes and centrilobular region of the rat liver.     
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Introduction 

 

Clustering biological samples based on microarray gene expression data has been a 

commonly used practice with clinical, biological, toxicological and pharmacological data 

(Alon et al., 1999; Hedenfalk et al., 2001; Golub et al., 1999; Hamadeh et al. 2002a).  

Unsupervised clustering of data does not take into account the labels or categories of 

objects being grouped together as the classifications are determined only by the patterns 

in the underlying data (Han and Kamber, 2001).  Supervised learning to cluster data relies 

on a training model which is informed of the class each sample belongs to (Hastie et al., 

2001).    Therefore, one advantage of unsupervised clustering of data over supervised 

clustering is that the classifier is not biased by information about the objects being 

grouped together.     

 

Most classification of biological samples based on gene expression profiles using 

clustering techniques and an objective function for optimization, are not capable of using 

associated biological data for constraining the clustering process and\or cannot 

accommodate data of mixed types.  For instance, k-means clustering is an example of an 

unsupervised classification approach utilized extensively for partitioning data into 

clusters.  It only uses numeric data, by way of the Euclidean distance metric in the 

objective function to measure dissimilarity to cluster objects (MacQueen, 1967; Kaufman 

and Rousseeuw, 1990).  Likewise, the k-modes algorithm doesn’t rely on predefined 

classes or class-labeled training examples but clusters objects based on categorical data 
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only (Han and Kamber, 2001, Huang, 1998).  The k-modes algorithm supports 

categorical or qualitative data through a simple matching objective function as a measure 

of dissimilarity.  On the other hand,  fuzzy k-means combines fuzzy representation of 

either numeric data or categorical values in an objective function comprised of the 

Euclidean distance augmented with fuzzy membership values and a fuzzifier (Sarkar and 

Leong, 2001).    

 

The inability of clustering algorithms to incorporate biological data of mixed data types 

in the classification process to constrain the clustering of the samples ignores important 

information and data which could potentially improve the overall classification outcome 

(Jian et al., 1999).  In certain applications, neglecting valuable data in a clustering process 

can be disadvantageous to the classification of samples or can cause tremendous 

resources and valuable time to be wasted.  In other words, constraining the clustering of 

samples with associated biological data and\or background knowledge should facilitate 

the diagnosis and treatment of diseases in clinical settings as well as aid in the elucidation 

of informative groups of similar samples in a research application. Clustering techniques 

which can use associated biological data of mixed types will be of tremendous value to 

general biological classification exercises as well as to the classification analysis in a 

system biology framework where value can be added by simultaneous analysis of data 

from different biological domains, and of various\mixed data types. 

 

Incorporating associated biological mixed data types and a priori knowledge about 

samples into clustering microarray gene expression data has gained recent attention in the 
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bioinformatics and statistical communities.  Sese et al. (2004) describes an itemset 

constrained clustering (IC-Clustering) method, which computes the optimal cluster that 

maximizes the interclass variance of gene expression between groups, to coerce the 

clustering of gene expression profiles from liver cancer samples with pathological 

features.  Informative gene expression clusters annotated with disease descriptions of the 

liver were revealed by IC-Clustering but overlooked by the k-means method.  Although 

IC-Clustering is advantageous over k-means in the discovery of the pathological features 

for a specific cluster of gene expression patterns, the method requires examination of 

different outcomes of the algorithm when the interclass variance index is replaced with 

other objective functions.  More recently, Kasturi and Acharya (2005) proposed a model-

free clustering method called information fusion using self organizing maps  Kohonen 

learning to update the weights for clusters and essentially correlate microarray gene 

expression patterns with repeated motifs in the upstream region of genes.   

In another case, Cheng et al. (2004) used Gene Ontology descriptions of genes to 

influence the clustering of expression profiles from neutrophil maturation experiments.  

The GO-Guided Cluster Algorithm (GO-GCA) generated gene clusters where 

correlations between biological function and expression profiles were evident and 

clusters more stable.  Hierarchical clustering, k-means and self organizing maps (SOM) 

analysis of the same data produced discrepancies in the results particularly due to genes 

lying close to a cluster borderline of similarity.  While GO-GCA provides an effective 

method to drive clustering of gene expression data by GO annotation of genes, the 

approach depends on a greedy representation of the similarity between nodes to address 

cases where multiple inheritance of GO nodes are evident.  Understandably, the 
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development of additional methods to constrain the clustering of microarray gene 

expression data with mixed biological data and associated background knowledge is 

warranted. 

 

Gower’s general similarity coefficient to compare two objects is one of the most popular 

measures of proximity for mixed data types (Gower, 1971; Everitt, 1993).  However, the 

quadratic computational cost makes it unacceptable for clustering large data sets such as 

microarray data integrated with toxicological parameters.  Since the k-means and k-

modes algorithms are efficient for processing large numeric and categorical data sets 

respectively, the combination of objective functions for dissimilarity measures has been 

applied in the k-prototypes algorithm as a practical approach to extend the k-means-like 

algorithm for clustering large data sets with categorical values (Huang, 1998).  The k-

prototypes algorithm uses the Euclidean distance and simple matching in a combined 

dissimilarity plus simple matching objective function in order to accommodate both 

numeric and categorical data respectively.   

 

To test the utility of the k-prototypes algorithm for constraining the clustering of numeric 

microarray gene expression data and clinical chemistry parameters with histopathological 

observations as categorical values, a modified k-prototypes (Modk-prototypes) algorithm, 

according to the traditional k-means specifications and randomization of initialization of 

the algorithm, was developed.  It was used to obtain optimal clustering results of 

simulated numeric data as well as heart disease and acetaminophen (APAP) gene 

expression and toxicological mixed numeric and categorical data sets.  The strategy 
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involved constructing and objective function with the sum of the squared Euclidean 

distance for numeric data and simple matching for categorical values in order to measure 

dissimilarity of samples.  Separate weighting terms were used for microarray, clinical 

chemistry and histopathology data to balance the influence of the domains among each 

other during clustering.   A dynamic validity index for numeric data was modified with a 

category utility function for determining the number of k-clusters in the mixed type data 

sets.    A simulated annealing optimization version of the Modk-prototypes algorithm 

(SA-Modk-prototypes) finds the global minimum of the k-prototypes objective function 

and confirmed the clustering results.  Finally, using a Chi square test and Gene Ontology 

annotations of selected genes which significantly distinguish differences between 

prototypes of clusters of the acetaminophen data set across all three data domains, 

“vetted” expression and toxicological (VETed) k-prototypes were obtained which were 

descriptive of, and anchored to the phenotype of necrosis of the hepatocytes and 

centrilobular region of the rat liver.     
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Methods 

 

Microarray Gene Expression Analysis 

 
Microarray gene expression data was derived from liver mRNA samples collected from 

at least 3 male Fischer F344/N rats per dose group exposed to either 50mg/kg, 150mg/kg, 

1500mg/kg or 2000mg/kg body weight of acetaminophen as well as liver mRNA 

collected from control (mock-treated) male rats (Heinloth et al., 2004).  Animals were 

sacrificed either  6, 24, or 48 hr after treatment and mRNA extracted from liver 

specimens.  Each RNA sample from a treated animal was compared with a pool of 

matched control mRNAs and analyzed in duplicate (dye reversal experiments) on a 

custom 6700 cDNA microarray - Rat Chip v2.0 (NIEHS, RTP, NC).   

 

Acquisition of data from scanned images of microarray chips is as previously described 

(Chen et al., 2002).  Briefly, digitized pixel intensity images generated by dual laser 

scanning of cDNA microarray chips hybridized with fluorescently labeled (Cy3 and Cy5) 

cDNA probes were analyzed with ArraySuite v2.0 extensions of IPLabs image 

processing software (Scanalytics, Fairfax, VA).  Pixel intensity values corresponding to 

each cDNA feature on the microarray chip from both scanning channels were adjusted by 

subtracting the local background surrounding each gene target.   
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Histopathology Observations and Clinical Chemistry Evaluations 
 

Histopathological observations (n=14) of the acetaminophen-treated rat liver specimen 

slides and clinical chemistry measurements (n=10) on biosamples from the treated 

animals were collected as previously described (Heinloth et al., 2004).  Briefly, 

histopathology observations of the rat liver cross sections that were fixed in 10% neutral 

buffer formalin, embedded and Hematoxylin and eosin stained, were made by two 

independent pathologists according to the Pathology Code Tables of standard gross and 

micropathology nomenclature and then stored in the National Toxicology Program 

Toxicological Data Management System (TDMS).  Observations include: infiltration of 

the centrilobular region or region not otherwise specified, necrosis of the centilobular 

region or of hepatocytes, hyperplasia of the centrilobular region or hepatocytes, 

depletion, degradation or regeneration of the hepatocytes or centrilobular region, 

congestion or depletion of the centrilobular region or sinusoid and hyperplaysia of the 

bile duct.  Microscopic qualifiers are categorized as none, minimal, mild, moderate and 

marked.  Discrepancies in histopathology observations were resolved by a team of 

pathologists.   

 

Clinical chemistry evaluations of serum samples were performed using a Roche Cobas 

Fara chemistry analyzer (Roche Diagnostic Systems, Westwood, NJ) to numerically 

measure serum enzyme and particulate levels of liver injury.  These included Alanine 

Aminotransferase [ALT], Sorbitol dehydrogenase [SDH], Aspartate aminotransferase 

[AST]), serum glucose and cholesterol [CHOLE] levels, indication of renal injury (uera 

nitrogen [BUN]), assessment of cholestasis – bile flow interruption (total bile acids 



    

 

148

[TBA], 5’-Nucleotidase[_5_NUC], Alkaline Phosphatase [ALP]), total protein (TP) and 

albumin (ALB) levels. 

 

Simulation of Numeric Data 

 
A data set comprised of numeric data with 64 attributes and 64 objects was simulated 

from a normal distribution with mean 0 and standard deviation of 20.  The 6 sets of data 

from which the normal deviates were drawn at random had the same mean and standard 

deviation.  Four of the distinct classes of simulated data contained 11 objects while the 

remaining 2 contained 10 objects.   

 

Heart Disease Mixed Data 

 
Heart disease data from the Cleveland Clinic heart disease database maintained at the 

University of California at Irvine (UCI) repository for machine learning was acquired as 

a data set with mixed features to evaluate the performance of the clustering algorithms 

that can handle mixed data types.  The data set consists of 303 patients defined by 13 

features.  Five are numeric (age, resting blood pressure, cholesterol, maximum heart rate 

achieved during stress test and electrocardiograph –ECG-ST depression) and eight 

categorical or nominal (gender, chest pain type, fasting blood sugar, resting 

electrocardiographic, chest pain during stress test, ECG ST segment slope on exertion, 

fluoroscopy indication of calcification of major cardiac arteries and thalium scan).  The 

fluoroscopy indication of calcification of major cardiac arteries feature had some missing 
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values.  The data has two classes:  165 individuals with no heart disease (buff) and 138 

individuals with heart disease (sick [severity (s1, s2, s3, or s4)]).   

 

Hierarchical Clustering 
 

A two-dimensional data matrix with all the 436 significantly differentially expressed 

genes log2 ratio values or simulated data attributes values in the rows and biological 

samples or simulated objects in the columns was generated for clustering using software 

and methods as described by Eisen et al. (1998) with the following procedures to direct 

the agglomerative application.  The Pearson correlation coefficient (Kaufman and 

Rousseeuw, 1990) was used as a measure to determine similarity between gene 

expression vectors.  Prior to clustering, the gene expression vectors were subjected to 

100,000 iterations of a self-organizing map to order the genes within clusters resulting in 

a smooth transition of gene expression patterns between clusters.  The agglomerative 

clustering was executed iteratively to merge similar gene expression vectors by 

measuring the distance of a gene expression vector or cluster to all other gene expression 

vectors or clusters.  It then merges the two that are most similar.    

 

Modified k (Modk) -Prototypes Algorithm 

 
The Huang (1997) k-prototypes algorithm which combines the k-means and the k-modes 

objective functions for clustering numeric data and categorical values respectively, was 

modified to the specifications of the general k-means algorithm and also optimized to 
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search for a clustering solution acquired near or at the global minima of the objective 

function.  Briefly, the data for the numeric features were scaled to the 0-1 range so each 

feature yields a contribution between 0 and 1 to the similarity measure.  In addition, a 

separate numeric objective function was utilized for the microarray and the clinical 

chemistry data resulting in the following Modk-prototypes objective function: 

 

  

 

where Xi is the ith sample, for i = 1 to N number of samples, Ql is the lth prototype, for l = 

1 to K number of clusters,  mr is the number of microarray numeric attributes, ms is the 

number of clinical chemistry numeric attributes, mc is the number of histopathological 

categorical attributes, α, β and γ denote the ith weight (w) for the microarray, clinical 

chemistry and histopathology data domain similarity measures respectively.  The sum of 

the weights is constrained to 1.0 and wi > 0.  Letting n represent r for microarray numeric 

data or s for clinical chemistry numeric data, the distance between n
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For categorical (c) feature values, the dissimilarity measure between  c
l

c
i QX and   is 

defined by the total number of mismatches of the corresponding feature attribute category 

of the object and the prototype c
l

c
i QX and  respectively such that  
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For a large number of B times the Modk-prototypes algorithm initialization is seeded by 

the domain data vector of a randomly selected sample for each of the k clusters.  Iterative 

recursion is used to update the prototypes in order to optimize the determination of the 

cluster assignment of the samples, by finding the configuration of the initial k-prototypes 

which ultimately results in the minimization of the objective function close to the global 

minima.   

 

Simulated Annealing of the Modk (SA-Modk) -Prototypes Algorithm 

 
Simulated annealing is a simple and general algorithm for locating global minima.  The 

process follows the cooling of a physical system whose possible energies correspond to 

the values of the objective function being minimized.  Kirkpatrick et al. (1983) 

(4) 

(5) 
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demonstrated the use of the Metropolis algorithm for Monte Carlo approximate 

numerical simulation in simulated annealing.  The simulated annealing procedure 

involves a slow cooling process where a temperature starts out high and then is gradually 

lowered until a frozen state of the system is reached (Salamon et al., 2002).  At each 

temperature, the state of the system is perturbed many times to avoid initialization 

dependency.  The process decreases the temperature along a predefined cooling schedule 

until the system reaches thermal equilibrium at a low temperature and on the basis of a 

decreasing energy objective function.  For a given temperature T, the fraction of the time 

spent in any state w is proportional to exp(-E(w)/T) and the states visited by the 

Metropolis algorithm have frequencies which follow the Boltzmann distribution with the 

probability of accepting a state of the system being  

 

0)exp( >∆−= TKT
Ep  

 

where K is Boltzmann’s constant and ∆E is the difference in the energy objective 

function between the trial and current states.  In the simulated annealing Modk-prototypes 

algorithm (SA-Modk-prototypes) implementation, the state is the cluster assignment of 

the samples and the energy objective function is equation 1.  If w0 and w1 denote current 

and trial cluster assignments respectively, with E(w0) and E(w1) denoting the energies of 

the objective function for the current and the trial states respectively, then w1 is accepted 

according to the acceptance probability  

 

(6) 
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else keep the current state (w0) of the cluster assignment. 

 

Determination of Cluster Number (k), Validation and Accuracy of 

Cluster Assignment 

 
To determine the number of k clusters in a data set, several cluster validity indices were 

used.  For numeric data only, the general silhouette of a clustering result (Famili et al., 

2004), or the intra\inter ratio validity index measuring the compactness of objects in a 

cluster and isolation amongst clusters (Ray and Turi, 1999; Jian and Dubes, 1988), or the 

Shen et al. (in press) dynamic validity index (DVI) based on the intra\inter ratio validity 

index that also includes scaling of the intra and the inter cluster distances, was used.   

The general_silhouette of a clustering result is   
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m is the number of clusters, C and A are clusters, and the range of s(Xi) is between –1 and 

+1. 

Intra\Inter ratio =  
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and N is the number of objects, K is the number of clusters and Qi is the ith cluster 

prototype. 

 

Dynamic Validity Index: 
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and N is the number of objects, K is the upper bound number of clusters, and Qi is the 

prototype of the cluster Ci. 
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For the mixed data with numeric and categorical data, the DVI was modified to include a 

category utility (CU) function (Gluck and Corter, 1985) which defines the probability of 

matching a categorical feature value given a cluster versus the probability of the 

categorical feature value given the entire data set: 

 

 

   

 

where P(Ai = Vij) is the unconditional probability of feature Ai taking on the value Vij, 

P(Ai = Vij | Ck) is the conditional probability of Ai = Vij  given cluster Ck, and k is the 

cluster number from 1 to m.  The DVI modified with CU  

 

 DVI)  (1/CU  DVI_CU +=  

 

has each component of the equation scaled to range between 0 and 1 and is minimized 

over all k sets for each run of the Modk-prototypes and SA-Modk-prototypes clustering 

algorithms. 

 

Validation of cluster assignment by any of the clustering algorithms was carried out using 

the adjusted Rand index (Yeung et al., 2001; Hubert and Arabie, 1985; Jian and Dubes, 

1988).  Let nij be the number of objects that are in both class ui and cluster vj of the U and 

V partitions.  Let ni. and n.j be the number of objects in class ui and cluster vj  respectively 
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and n.. = n, the total number of objects.  Assuming a hypergeometric distribution as the 

model of  the U and V partitions being picked at random such that the number of objects 

in the classes and clusters are fixed, the adjusted Rand index is: 
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and ranges between 0 and 1.  When two partitions agree totally, R’ is 1 and when the 

partitions are selected by chance, R’ is 0 . 

 

Generation of Vetted Expression and Toxicological (VETed) k-

Prototypes 

 
The process for obtaining vetted expression and toxicological (VETed) k-prototypes is to 

1) assess and acquire significance of gene differential expression, 2) integrate these 

differentially expressed gene expression numeric data with clinical chemistry evaluations 

and histopathology observations of the samples as associated toxicological quantitative 

and qualitative values, 3) discern valid groups of the samples using the Modk-prototypes 

algorithms for clustering the mixed data and finally to 4) extract histopathological feature 

value labels, clinical chemistry measurements and genes from the prototypes of the 

cluster that can distinguish between pathological outcomes and best represent the 

underlying biology of the data.  The gene expression ratio differences of all pairwise 

(16) 
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comparisons of the prototypes from each cluster derive the expected change in gene 

expression of a given gene across all clusters.  Given the observed difference between the 

expression ratio of the ith  gene from the prototypes of two clusters, and assuming 

independence and an approximately normal distribution of differences, genes which have 

expression ratios which significantly distinguish between prototypes of clusters are 

evaluated using a standard Chi square (Χ 2 ) goodness-of-fit test (Rao, 1997): 
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where the null hypothesis is that the expression value of the ith gene does not distinguish 

between prototypes of a pair of clusters that are compared, the alternative hypothesis is 

that the expression value of the ith gene does distinguish between prototypes of a pair of 

clusters that are compared.  The null hypothesis is rejected at a level of α, the probability 

of a type I error, if  ),,12(22 αχχ −≥c  where  ),12(2 αχ − is the α-level critical value of 

a χ2-distribution with 1 degrees of freedom.  An α of 0.05 gives reliable results.  Genes 

from a comparison of two prototypes which significantly distinguish the clusters are 

annotated for biological function and process(es) using the Gene Ontology database 

(Gene Ontology Consortium, 2001; Ashburner et al., 2000).   

 

(17) 



    

 

158

 

Results 

 

Clustering Simulated Numeric Data 
 

A test of the ability of a clustering algorithm to group objects is typically performed by 

cluster validation of a simulated or a real data set, either of which contains data types that 

the algorithm can analyze and where the number of clusters and classes of the objects 

being grouped are known a priori.  Figure 4.1 is an illustration of the dendrogram and a 

portion of a heat map from the hierarchical clustering of simulated data that contained 64 

features and 64 samples.  The data were generated such that the samples belonged to one 

of six classes.  Samples that belong to the same class are1-11, 12-22, 23-32, 33-43, 44-

54, and 55-64.  As depicted from the dendrogram, all the samples within each class 

cluster tightly together with samples 1-11, 12-22 and 44-54 grouping together more 

similarly than samples 23-32, 33-43 and 55-64.  The heat map reveals the pattern of the 

data each feature contains across the samples.  The range of data values span between 

shades of green and red colors.  The similarity in feature patterns between samples 1-11 

and 12-22 as well as inverse feature patterns between samples 33-43 and 55-64 makes the 

classification of the samples by hierarchical clustering or any other algorithm, more 

challenging. 

 

To cluster the simulated data into groups of samples, the traditional k-means algorithm 

(MacQueen, 1967; Han and Kamber, 2001), original k-prototypes algorithm (Huang, 
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1997) and modification of the original k (Modk) -prototypes  algorithm were used.  Since 

it is known that k-means and k-means-like clustering results depend on the initialization 

of the algorithms, the implementation of the Modk-prototypes algorithm to incorporate 

traditional k-means clustering steps, also includes B iterations of the algorithm at each 

setting of k, in order to search for the configuration of the initial prototypes that 

ultimately brings about the greatest minimization of d(Xi, Ql), which is the k-prototype 

objective function (Figure 4.2a).  To investigate whether global optimization of the 

Modk-prototypes algorithm would be an improved and practical solution for finding the 

global minimum of the algorithm objective function, and hence the validation of 

clustered samples independent of the initialization of the algorithm, clustering by 

simulated annealing of the Modk (SA-Modk) -prototypes algorithm was implemented for 

evaluation (Figure 4.2b).  Following random initialization of the SA-Modk-prototypes 

algorithm, setting of a cooling schedule and the determination of the current state of the 

cluster assignment of the samples, the energy of the objective function d(X, Q) for the 

current state was determined.  Using the Metropolis algorithm for Monte Carlo 

simulation of trial states, re-assignment of samples to a new cluster was continued 

according to the Boltzmann acceptance probability distribution until a final temperature, 

denoting a frozen state, is achieved.  For comparison of clustering results, the k-means 

algorithm and the original k-prototypes algorithm were both designed to search over B 

iterations of the algorithms at each setting of k to find the configuration of the initial 

prototypes resulting in maximal minimization of respective objective functions.  

Determination of k in the simulated data set was achieved by plotting the intra\inter ratio, 

dynamic validity index (DVI) and general silhouette clustering evaluation measures that 
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were derived from clustering the data at various k settings, against the value of k used for 

clustering.  As shown in Figure 4.3a, the intra\inter ratio is not a good measure of cluster 

validity for this dataset since the minimization of this measure is at k = 2 for all three 

algorithms tested.  On the other hand, the general silhouette (Figure 4. 3b) and DVI 

(Figure 4.3c) are good measures of cluster validity since their respective optimization of k 

for the simulated data is at k = 6.  The general silhouette measure is maximized at k = 6 

for all three algorithms whereas the DVI index in minimized at k = 6 with the k-means 

and the Modk-prototypes algorithms.  The k-prototypes algorithm minimized at k = 2 

using the DVI index.   

 

Table 4.1 lists the results of the validation of the clustering using the SA-Modk-

prototypes algorithm on the simulated data with k set at 6, an initial temperature of 1.0, 

final temperature of 0.01, and 100 Monte Carlo simulations via the Metropolis algorithm.  

Cooling rates 0.1, 0.01 and 0.001 all resulted in perfect agreement of the cluster 

assignments of the samples as measured by the adjusted Rand index, R’ (Yeung et al, 

2001, Jain and Dubes, 1988).  However, due to the exponential cooling schedule, the run 

time (with a 2.66 GHz Xeon processor) of the algorithm to completion, increases 

exponentially in minutes from 11 to120 to 1200 using cooling rates 0.1, 0.01 and 0.001 

respectively.  Although the most conservative parameters for the SA-Modk-prototypes 

algorithm were used for clustering of the simulated data set, the use of the algorithm to 

determine k clusters of samples was not practical given the dependency of the run time of 

the algorithm based on the initial parameter settings and cooling schedule selected for the 

algorithm. 
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To establish the ability of DVI and the general silhouette clustering validity measures  to 

sustain optimization of the determination of the cluster number for a data set over all 

possible k, the validity measures were derived from Modk-prototypes clustering of the 

simulated data with k set from 2 to 64 (the number of samples) and plotted against k.  As 

revealed in Figure 4.4a, although the general silhouette measure peaks initially at k = 6, 

the measure steadily increased from k of 45 beyond the peak at k = 6 until it maximizes at 

k = 64, the total number of samples in the data set.  Conversely, the DVI index has only 

one minimum, k = 6, for the clustering of the simulated data set with k set from 2 to 64 

(Figure 4.4b).   

 

Validation of Clustering Simulated Numeric Data 
 

To validate the clustering of the simulated data using the k-means, k-prototypes and 

Modk-prototypes algorithms with k set at 6, an adjusted Rand index R’ was used to 

compare the results of clustering the samples against the known grouping of the sample 

for a measurement of agreement.  The range of R’ spans 0 to 1 with a perfect agreement 

between the cluster assignment of the samples and the true cluster membership being 1.  

R’ computed for the cluster assignments from the 100 clusterings of the simulated data 

using the k-means, k-prototypes and Modk-prototypes algorithms were plotted by the 

count of the number of times R’ was scored in a particular range (Figure 4.5).  As can be 

seen, both the k-means and the Modk-prototypes algorithms scored 41 and 40 cluster 

assignments respectively where the grouping of the samples were in perfect agreement 
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with the true cluster membership of the samples.  The k-prototypes algorithm performed 

poorly in cluster assignment concordance with the true cluster membership of the 

simulated data samples as only 10 of 100 clustering assignments scored an R’ of 1.  Most 

(n=45) of the k-prototypes cluster assignments scored an R’ between 0.75 and 0.80.  A 

large number of the k-means and Modk-prototypes cluster results scored an R’ in the 

range of 0.7 and 0.8. 

 

 

Determining k and Clustering Mixed Data 
 

To use the Modk-prototypes algorithm for determining the number of k clusters in mixed 

(numeric and categorical value) data sets and for clustering of the data, the DVI cluster 

validity index for numeric data was integrated with a category utility measure (Gluck and 

Corter, 1985) to cluster two empirical data sets.  First, the Cleveland Clinic heart disease 

data consisting of 303 human patient subjects partitioned into two groups using 13 

features (5 numeric and 8 categorical) was analyzed.  Second, an acetaminophen data set 

comprised of microarray (436 gene features) and clinical chemistry (10 evaluations) 

numeric data with the histopathology (14 observations) features with categorical values 

(from rat liver samples exposed to 50, 150, 1500 or 2000 mg\kg of acetaminophen for 6, 

24 or 48hrs) was clustered.  Given that all the clinical chemistry evaluations and 

histopathology observations from the 1500 mg\kg for 6 hr, two of the 1500 mg\kg and the 

150 mg\kg for 24 hr and two of the 2000 mg\kg for 48 hr exposures were missing, the 

data from these samples were removed and not considered for analysis.  In addition, since 
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the number of k-clusters in the acetaminophen data set is not known, two histopathology 

observations, necrosis of the centrilobular region of the liver and necrosis of the 

hepatocytes, were removed from the data set and used as an external indicator of cluster 

validation.  Both of these histopathology observations have the same 5 feature values 

assigned in accordance for all the exposed samples denoting either none, mild, minimal, 

moderate or marked severity of necrosis of the hepatocytes or centrilobular region of the 

liver (Table 4.2).  The plotting and minimization of the DVI + CU (referred to as 

DVI_CU) validity measure at all values of k used in clustering the heart disease data with 

the Modk-prototypes algorithm, parameterized with equal data domain weighting, 

confirms that the number of k clusters in the data set is 2 (Figure 4.6a).  Table 4.3 shows 

the assignment of the samples to either of the two clusters along with the categorical 

value for the chest pain type attribute.  Cluster 1 has 169 patient samples grouped 

together while cluster 2 has 134 patient samples grouped similarly together.  Cluster 1 

has patient samples with pain type of angina suggestive of having heart disease (sick) 

where as cluster 2 has patient samples with non-angina representative of being without 

heart disease (buff).  Since 165 and 138 patients were labeled as buff and sick 

respectively, the clustering results contain 29 buff patient samples in the cluster 1 and 33 

sick patient samples in cluster 2.  As depicted in Figure 4.6b, the plot of the DVI _CU 

validity measure at each successive set of k used by the Modk-prototypes algorithm with 

equal weighting to cluster the acetaminophen mixed data suggests that k = 3 is the point 

at which the DVI_CU measure is minimized over all k and this is determined to be the 

number of clusters in the data.   
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The rat liver samples were grouped by hierarchical clustering using the two-color gene 

expression log2 ratio intensity values of the 436 gene identified as significantly altered in 

at least one of the 28 multiple comparisons from mixed linear modeling of the data as 

described in chapter 3.   As shown by the dendrogram in Figure 4.7a, three main clusters 

of samples are derived by hierarchical clustering.  The high doses (1500 and 2000 mg\kg) 

treatments for 24 and 48 hrs group together.  The 2000 mg\kg for 6 hr -treated samples 

cluster with the 150 mg\kg for 6 hr -exposed samples.  All the other low dose (50 and 150 

mg\kg) treatments either group together or are partitioned separately.  The displayed 

portion of the heat map from the hierarchical clustering of the acetaminophen gene 

expression data suggests that all the low dose treatments except for the 150 mg\kg for 6 

hr exposures, have few alterations in gene transcription in the samples.  The gene 

expression in the150 and 2000 mg\kg for 6 hr samples are moderately repressed whereas 

the genes in the high dose treatments for 24 and 48 hrs are mostly transcriptionally 

upregulated across the samples. 

 

Validation and Accuracy of Clustering Acetaminophen Mixed Data 
 

Using the Modk-prototypes algorithm with k set at 3 and equal weighting of the 

microarray, clinical chemistry and histopathology domain data, 75% of the cluster 

assignments of the acetaminophen-treated samples had an R’ of 0.85 when compared to 

the groups of the samples according to the five hepatocyte and centrilobular necrosis of 

the liver histopathology levels of observation (none, minimal, mild, moderate and 

marked) used as an external indicator of validation (Figure 4.7b).  Since k was set at 3 
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and there are acetaminophen-exposed samples labeled with at least one of the levels of 

hepatocyte centrilobular necrosis of the liver, perfect agreement was not possible, but 

maximal validity of the clustering is achievable and apparent (Figures 4.6b and 4.7b).  

Clustering of the acetaminophen-treated samples using the SA-Modk-prototypes 

algorithm with k set at 3, 100 Monte Carlo simulations, the exponential cooling schedule 

rate of 0.001 and  initial and final temperatures of 1.0 and 0.01 respectively, resulted in a 

cluster assignment of the samples which yielded an R’ of 0.83.  The samples which were 

not grouped according to the levels of the centrilobular necrosis of the liver in both the 

Modk and the SA-Modk prototypes clusterings were two of the three 1500 mg\kg 48 hr 

treated samples and all four of the 2000mg\kg 24 hr treated samples.   

 

Weighting Schemes for Clustering Acetaminophen Mixed Data 
 

Lance and Williams (1966) introduced a clustering algorithm dependent on the weight of 

dissimilarity between objects (Kaufman and Rousseeuw, 1990).  User defined weights for 

clustering permits particular dissimilarity functions to be given more or less importance 

in the clustering process.  The Modk-prototypes algorithm objective function is 

comprised of three parameters, α, β and γ  to weight the importance of the microarray, 

clinical chemistry and histopathology dissimilarity measures respectively, relative to each 

other during clustering.  Several expert toxicologists and pathologists associated with the 

National Institute of Environmental Health Sciences\National Center for Toxicogenomics 

offered suggestions for α, β and γ  weights as listed in Table 4.4.  Two experts, numbers 

7 and 8, suggested different weighting schemes according to whether the end goal of the 



    

 

166

clustering of the data was to a) identify biomarkers related to histopathological changes 

following exposure to a toxicant or b) ascertain biological processes and pathways related 

to the histopathology observations.  One expert suggested two weighting schemes, one 

which is published for data containing microarray, clinical chemistry and histopathology 

measurements (5a) and one for molecular validation of toxicological evaluations of the 

samples (5b).  Two other experts, number 14 and number 15, suggested weighting the 

domain data according to preferred outcomes in the analysis of the data.  The former one 

for a) equal weighting or b) coupling biology with phenotype and the latter one for 

clustering based on a) general effects of the treatment, b) specific injury and end-points 

from the exposure or c) pathways affected.  The average of the suggested weights were 

0.51, 0.24 and 0.25 for the α, β and γ  weights respectively.   The standard deviations of 

the suggested weights were low (<0.16) but the β and γ  weights standard deviations were 

less than that of the α weight.  Table 4.5 lists the determination of k and validation results 

of clustering the acetaminophen-treated samples using the Modk-prototypes algorithm 

with specified weights.  Equal weights of the domain data in the clustering resulted in k = 

3 and an R’ of 0.83, the highest achievable agreement among all weighting schemes 

tested when the five hepatocyte centrilobular necrosis of the liver histopathology 

observation levels were used as an external indicator of clustering validity.  Giving the 

microarray data all the weight and the average of the expert’s weights resulted in 

comparable cluster assignment agreement for k = 4 and an R’ of 0.78.  Not including the 

microarray data in the clustering process either with, or without, the histopathology data 

(i.e. clinical chemistry data alone) or just including the histopathology data alone gave 

the poorest cluster assignment agreement results of R’ = 0.53 (k = 3), R’ = 0.24 (k =  4) 
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and R’ = 0.26 (k = 4) respectively.  Interestingly, including the histopathology data with 

equal weight to the microarray data but not including the clinical chemistry data for 

clustering gave slightly better cluster assignment agreement (R’ = 0.61) than including 

the clinical chemistry data weighted equally to the microarray data but leaving out the 

histopathology observations (R’ = 0.57).  However, the two weighting schemes resulted 

in k = 3 in the former case and k = 2 in the latter case.  Surprisingly, the weighting 

schemes (numbers 10 and 11) suggested by experts number 7 and 8 for either biomarker 

identification or uncovering biological processes and pathways did not give overly 

impressive cluster assignments (R’ of 0.63 and 0.54 respectively).  The best score was R’ 

0.63 with k = 4.  Finally, the results suggest that including either the clinical chemistry 

data or the histopathology data but not both domain data, simultaneously with the 

microarray data, decreases the agreements between cluster assignments and the true 

grouping of the samples from an R’ of 0.78 (weighting schemes 2 and 8 [weights derived 

based on proportion of each domain number of features]) to an R’ of roughly 0.6 

(weighting schemes 5 and 6). 

 

Vetted Expression and Toxicological (VETed) k-Prototypes 
 

The process to acquire vetted expression and toxicological (VETed) k-prototypes is to 

discern valid groups of the samples using the Modk-prototypes algorithms for clustering 

the mixed data, and then extract histopathological feature value labels, clinical chemistry 

measurements and genes from the prototypes of the cluster that distinguish between 

pathological outcomes and best represent the underlying biology of the data  The 
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acetaminophen data (including the necrosis of the centrilobular region of the liver and 

necrosis of the hepatocyte histopathology observations) was clustered using the Modk-

prototypes algorithm with k determined to be 3 and equal domain weighting in order to 

derive cluster prototypes that contained key histopathology, clinical chemistry and gene 

features describing the groups of similar samples.  Table 4.6 lists the resulting clusters 1, 

2, and 3 that represent samples grouped with moderate, none and minimal levels 

respectively, of necrosis of the centrilobular region and hepatocytes.  Samples in cluster 1 

are qualified by moderated degradation of the hepatocytes whereas the samples in the 

other two were observed as having none of the degradation.  Samples in cluster 2, on the 

other hand, are constrained with minimal infiltration of the sinusoids of the liver 

histopathology whereas the samples in the other two clusters have none.  The rest of the 

histopathology feature values for the three clusters were not informative, therefore they 

were not included as representative features in the VETed k-prototypes.  Of the clinical 

chemistry measurements listed in Table 4.6 for each cluster prototype, Alanine 

Aminotransferase (ALT) and Aspartate aminotransferase (AST) levels clearly distinguish 

cluster 1 samples labeled with the prototype feature as moderate necrosis of the 

centrilobular regions and hepatocytes of the liver, from the other two clusters.  In 

addition, levels of 5’-nucleotidase (_5_NUC) and sorbitol dehydrogenase (SDH) enzyme 

activities also remarkably differentiate cluster 1 from clusters 2 and 3. 

 

Pairwise comparisons of cluster 1, 2 and 3 prototypes (blue line, red dashed line and cyan 

dashed-dot respectively) to reveal the differences in the log2 ratio expression patterns of 

the genes within each cluster, are shown in Figure 4.8.  The cluster 2 prototype labeled 
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with none as the indicator for necrosis of the centrilobular region and hepatocytes has the 

least amount of gene expression differential expression of the samples in the cluster.  

Samples in cluster 3 with minimal  necrosis of the centrilobular region and hepatocytes as 

a representative indicator had a number of genes with over 2-fold differential expression 

as well as the highest alterations in gene expression change.  The none vs minimal 

(cluster 2 vs cluster 3) pairwise comparison of the gene expression prototype components 

(Figure 4.8b) illustrates the most dramatic difference between necrosis of the hepatocytes 

and centrilobular region of the liver.  The moderate vs none comparison (Figure 4.8a) 

shows slight difference in magnitude of expression between gene expression prototypes 

for necrosis of the hepatocytes and centrilobular region but has the most genes varying 

whereas the moderate vs minimal contrast (Figure 4.8c) reveals a modest difference 

between some of the expression of the genes in the prototypes. 

 

To extract genes from the pairwise comparisons of the expression component of the 

prototypes for the clusters that could statistically distinguish between levels of necrosis of 

the centrilobular region of the liver and hepatocytes, a Chi-square goodness-of-fit test 

was employed using the observed difference in a gene’s expression ratios between two 

prototypes and the expected gene expression differences of all pairwise comparisons for 

all genes in the prototypes.  Figure 4.9a shows the frequency of the log2 pairwise 

differences of gene expression from the prototypes for all the genes and every 

comparison between the three clusters.  The distribution of the data is centered close to a 

log2 of 0.2, is reasonably symmetric and approximately normal.  The Chi-square critical 

values of the data shown in Figure 4.9b follow a Chi-square distribution.  Thirty four 
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genes with a ),1(22 αχχ ≥c , α set at 0.05, were identified as significant of which 17 

uniquely distinguished contrasts between different levels of necrosis of the hepatocytes 

and centrilobular region of the liver (Table 4.7).  The GenBank accession numbers were 

used to ascertain UniGene cluster identifiers, the name and summary of the function of 

the genes.    Three of the genes had no UniGene identifier and five genes that had 

UniGene identifiers had no current function assignment.  However, transthyretin, a key 

gene which distinguishes between moderate and none levels of necrosis of the 

hepatocytes and centrilobular region, is involved in metabolism as well as growth and 

maintenance of cells.  Farnesyl diphosphate farnesyl transferase 1 and metallothionein 

which discern between none and minimal necrosis of the hepatocytes and centrilobular 

region, are involved in cholesterol biosynthesis and oxidative stress pathways 

respectively.  Finally, tropomyosin isoform 6, the protein product of a gene which 

differentiates between moderate and minimal necrosis of the centrilobular region and 

hepatocytes, is associated with actin filament in nonmuscular cells and may mediate the 

stability of actin. 
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Discussion 

 

Clustering of microarray gene expression data has matured by virtue of the growing 

number of analytical approaches for partitioning data.  Supervised clustering methods 

utilize either the labels of the samples for training the classifier or leverages a priori 

knowledge about the data for driving the classification process.  Often times, prior 

information about the samples to be clustered or the specific labels for the samples are 

not available or known.  For instance, Hamadeh, et al. (2002b) were challenged by the 

classification of blinded samples, many of which were not available to the classifier 

training set.  In situations such as these, unsupervised classification has proven to be a 

valuable alternative to clustering data.   

 

k-means clustering is one of the most widely used unsupervised classification methods 

for gene expression data.  Unfortunately, k-means clustering, and other approaches such 

as self-organizing maps (SOMs), do not guarantee globally optimal partitioning, require 

specifying the number of clusters or the configuration of the underlying classification 

structure and suffer from inflexibility with respect to incorporation of associated 

biological data.  More importantly, most clustering algorithms support only quantitative 

or qualitative data but not both simultaneously.  Huang (1997) introduced the k-

prototypes algorithm which utilized the clustering objective function of k-means for 

numeric data and k-modes for categorical data for partitioning data.  As shown in Figure 

4.5, the modified k (Modk) – prototypes algorithm (Figure 4.2a) outperforms the original 



    

 

172

k-prototypes method when clustering simulated numeric data where k number of groups 

are known.  The implementation and utilization of the simulated annealing Modk (SA-

Modk) –prototypes algorithm (Figure 4.2b) offers an alternative to finding the optimal 

clustering solution with the k-prototypes mixed data objective function, although the 

computation cost for running the algorithm is disadvantageous to clustering problems due 

to slow convergence of the objective function (Table 4.1).  However, Zhou et al. (2004) 

leveraged simulated annealing of a combined mutual information criterion, Euclidean 

distance  measure and fuzzy membership metric to cluster genes based on expression 

values and Lukashin and Fuchs (2001) analyzed temporal gene expression profiles by 

simulated annealing clustering.  

 

Uncovering the biological significance from clustering of biological samples is 

meaningful and vital to genomic data analysis.  Associating co-regulation of genes by 

microarray gene expression analysis and gene promoter regulatory element identification 

has been a common practice in biomedical data analysis.  However, clustering driven by 

gene ontology terms (Cheng et al., 2004) or incorporating pathological features as 

Boolean, positive or negative occurrence (Sese et al., 2004) demonstrates the importance 

of supplementing clustering of gene expression data during the clustering procedure with 

molecular processes, biological significance and functional annotation. Using necrosis of 

the hepatocytes and the centrilobular region of the rat liver following acetaminophen 

exposure as an end-point to couple with gene expression profiles, clinical chemistry 

evaluations and other histopathological observations, the Modk-prototypes algorithm 

revealed vetted expression and toxicological (VETed ) k-prototypes which were capable 



    

 

173

of distinguishing between none, minimal and moderate levels of necrosis of the liver 

(Table 4.6 and Figure 4.8).  The genes transthyretin, fatty acid desaturase 2, farnesyl 

diphosphate farnesyl transferase 1 and metallothionein, with functions in metabolism, 

membrane transport, cholesterol biosynthesis and oxidative stress, were implicated as 

potential biomarkers in the VETedk-prototypes that differentiate between levels of 

necrosis of the hepatocytes and the centrilobular region of the rat liver (Table 4.7).  

Several published reports of gene expression data generated from treatment of biological 

samples with toxic agents describe the alteration of genes such as these in well-known 

biological pathways that are perturbed subsequent to incipient toxicity (Bauer et al., 

2000; Hamadeh et al, 2002b; Heinloth et al., 2004; Heijne et al., 2004; Waring et al. 

2003; Wormser and Calp, 1988). 

 

The Modk-prototypes algorithm weighting terms offers scientists the flexibility to 

balance the influence of domain data among each other (see equation 1).  From empirical 

analysis of acetaminophen-treated rat liver sample data using weighting schemes supplied 

by expert toxicologists and pathologists, having some weight given to the clinical 

chemistry measurements and histopathology observations are advantageous to clustering 

the data (Tables 4.4 and 4.5) .  Interestingly though, equal weighting of the data gives the 

best clustering results as measured by the adjusted Rand index validation of cluster 

assignments.  Presumably, the optimal weighting of the domain data can be determined 

heuristically.  However, it is practical to assume that different weighting schemes will 

certainly apply to the clustering of the data depending on the goal of the clustering and 

the hypothesis of the analysis.  It seems more plausible to simply rely on the data 



    

 

174

analyst’s intuitions for weighting the domain data as needed for clustering 

toxicogenomics data given a specific cause. 

 

As more data becomes available for biological samples, sophisticated methods for 

clustering integrated data will be necessary in order to glean meaningful information 

about the underlying biology of the samples.  Efforts such as toxicogenomics, 

pharmacogenomics and biomedical informatics are generating volumes of biological data 

and information spanning transcriptomics, proteomics, metabolomics, toxicology, 

pharmacology, clinical biology and genetics to leverage each domain data for a more 

informed assessment of biological outcomes (Nuwaysir et al., 1999; Waring and Halbert, 

2002; Waters et al., 2003; Water and Fostel, 2004; Hood, 2003; Selaru et al., 2004).  The 

Modk- and SA-Modk-prototypes algorithms are well-suited as clustering methods for 

grouping biological samples constrained by integrated data and feature values to yield 

representatives of the clusters which can potentially provide an initial insight to the 

biological mechanism driving the similarities and phenotypes associated with the 

prototypes.  This concept of phenotypic anchoring has been proposed and casually tested 

as a means to link cause of a disease or response with the effect observed (Paules, 2003; 

Moggs et al., 2004; Hamadeh et al., 2002c).  I propose that methods such as Modk- and 

SA-Modk- prototypes will provide a feasible computational alternative to embark on 

bridging multidomain data analysis for a concerted systems biology and toxicology 

proof-of –principal in toxicogenomics.         
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Table 4.1.  Validation of clustering of simulated data with k set at 6 using the SA-Modk-

prototypes algorithm. 

 

12001.00.001

1201.00.01

111.00.1

~Time (Minutes)
Adjusted

Rand IndexCooling Rate

12001.00.001

1201.00.01

111.00.1

~Time (Minutes)
Adjusted

Rand IndexCooling Rate
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Table 4.2  Count of rats with livers having a level of necrosis of the hepatocytes or 

centrilobular region. 

 

Level # of rats
None 17
Mild 2

Minimal 6
Moderate 2
Marked 1
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Table 4.3.  Cluster assignment for the heart disease data.   

 

1 2

cluster count 169 134
chest pain 

type angina non-anginal

Clusters
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Table 4.4.  Toxicology\pathology expert advice on weighting domain data. 

Footnote:  α, β and γ  are the weights for the microarray, clinical chemistry and the 

histopathology data respectively. 

E x p e r t α β γ

1 0 . 6 0 . 2 0 . 2

2 0 . 5 0 . 2 0 . 3

3 0 . 5 0 . 2 5 0 . 2 5

4 0 . 6 0 0 . 4

5 a 0 . 2 0 . 5 0 . 3

5 b 0 . 8 0 . 1 0 . 1

6 0 . 6 0 . 1 0 . 3

7 a 0 . 4 0 . 4 0 . 2

7 b 0 . 4 0 . 2 0 . 4

8 a 0 . 6 0 . 3 0 . 1

8 b 0 . 4 0 . 2 0 . 4

9 0 . 6 0 . 2 0 . 2

1 0 0 . 6 0 . 2 0 . 2

1 1 0 . 6 0 . 2 0 . 2

1 2 0 . 4 0 . 3 0 . 3

1 3 0 . 3 3 3 0 . 3 3 3 0 . 3 3 4

1 4 a 0 . 3 3 3 0 . 3 3 3 0 . 3 3 4

1 4 b 0 . 5 0 . 2 0 . 3

1 5 a 0 . 7 0 . 2 0 . 1

1 5 b 0 . 3 0 . 4 0 . 3

1 5 c 0 . 7 0 . 2 0 . 1

A v e r a g e 0 . 5 0 8 0 . 2 3 9 0 . 2 5 3

S t a n d a r d  D e v . 0 . 1 5 2 0 . 1 1 3 0 . 1 0 0
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Table 4.5.  Validation of acetaminophen-treated sample cluster assignments according to 

weighting schemes. 

 

Footnote:  α, β and γ  are the weights for the microarray, clinical chemistry and the 

histopathology data respectively.

Weighting 
Scheme α β γ

Adjusted Rand 
Index k

1 0.333 0.333 0.334 0.83 3
2 1 0 0 0.78 4
3 0 1 0 0.24 4
4 0 0 1 0.26 4
5 0.5 0.5 0 0.57 2
6 0.5 0 0.5 0.61 3
7 0 0.5 0.5 0.53 3
8 0.96 0.02 0.02 0.78 4
9 0.51 0.24 0.25 0.63 3

10 0.4 0.4 0.2 0.63 4
11 0.4 0.2 0.4 0.54 4
12 0.6 0.2 0.2 0.63 3
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Table 4.6.  Clinical chemistry and histopathology features that distinguish between levels 

of necrosis of the hepatocytes and centrilobular region of the rat liver. 

 

Features 1 2 3
Infl_NoSi None Minimal None

Necr_Cent Moderate None Minimal
Necr_Hepa Moderate None Minimal
Dege_Hepa Moderate None None

_5_NUC 208 31.2 40.4
ALB 4.1 4.4 4.9
ALP 452 267 382
ALT 4970 63 90
AST 6740 86 135
BUN 20 14 14

CHOLE 63 84 94
GLUCOSE 146 187 159

SDH 428 8.5 0.2
TP 5.9 6.9 7.3

Cluster
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Table 4.7.  Genes that distinguish between levels of necrosis of the hepatocytes and 

centrilobular region of the rat liver. 

 

 

 

 

  

Cluster 1 vs Cluster 2 
(Moderate vs None)

UniGene 
Cluster Name Summary Function

AA818637 Rn.1404 Transthyretin
binds thyroxine (T4) and 3,5,3' triiodothyronine (T3); plays 
a role in thyroid hormone transport in serum [RGD]

AA818901 Rn.16560 Transcribed locus
AA819810 Rn.16668 Similar to hypothetical protein MGC37914

AA858662 Rn.1292

Tyrosine 3-monooxygenase/tryptophan 5-
monooxygenase activation protein, zeta 
polypeptide

30kDa component of the mitochondrial import stimulation 
factor, a protein complex that facilitates the import of in 
vitro synthesized precursor proteins into mitochondria 
[RGD]

AA901404 NA
AA925592 Rn.24219 Similar to SMT3 isopeptidase 1

AA956747 Rn.32872 Fatty acid desaturase 2

electron transport; integral to membrane; membrane 
fraction; oxidoreductase activity; stearoyl-CoA 9-
desaturase activity

AI137778 NA
Cluster 1 vs Cluster 3 
(Moderate vs Minimal)

AA818587 Rn.1940
Similar to muscleblind-like protein 2 isoform 1; 
muscleblind-like protein MBLL39

AA859305 Rn.37575 Tropomyosin isoform 6

rod-like protein associated with actin filament in nonmuscle 
cells; may mediate the stability of actin filaments; may play 
a role in the regulation of cell transformation, cytokinesis, 
motility, and morphogenesis [RGD]

AA875643 Rn.86349 Similar to CpG binding protein
AA899544 Rn.3548 Similar to Rab5c protein
AA925979 NA

AA997280 Rn.100336
Similar to Mitogen-inducible gene 6 protein 
homolog (Mig-6) (Gene 33 polypeptide)

Cluster 2 vs Cluster 3 
(None vs Minimal)

AA818927 Rn.3252 Farnesyl diphosphate farnesyl transferase 1

catalyzes the conversion of trans-farnesyl diphosphate to 
squalene; plays a role in biosynthesis of cholesterol and of 
isoprenoids [RGD]

AA860032 Rn.41412
Microtubule-associated proteins 1A/1B light 
chain 3

may mediate MAPlA and MAPlB microtubule binding 
activity during development of the nervous system [RGD]

AA900218 Rn.54397 Metallothionein
may play a role in protecting the ovarian tissues from 
oxidative stress [RGD]
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Figure 4.1  Hierarchical clustering of simulated data.   Sample numeric values were 

subjected to agglomerative hierarchical clustering as described in the methods section.  

The resulting heat map matrix contains features as the rows and samples as the columns 

with the range of data values spanning between shades of green and red colors. A portion 

of the clustering is shown.   The branches of the dendrogram represent the amount of 

similarity (in correlation) between clustered samples.  
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a) 

for k = 2 to N 

 for m = 1 to B 

  randomly select k objects as initial prototypes of the k clusters 

assign each object to a cluster whose prototype is nearest to it according to 

 d(Xi, Ql) 

update the prototype of each cluster 

  until no more change in cluster assignment of objects 

reassign each object to a cluster whose prototype is nearest to it  

  according to d(Xi, Ql) 

   update the prototype of each cluster  

  end 

  compute the clustering validity score for the mth iteration of partitioning  

   objects into k clusters 

 end 

end 

return cluster assignment of objects and prototypes at k where the clustering validity              

 score is optimized over all m and all k 
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b) 

randomly select k objects as initial prototypes of the k clusters 

assign each object to a cluster whose prototype is nearest to it according to d(Xi, Ql) and 

 set as the current state (w0)  

compute E(w0), the energy of the objective function d(X, Q) for the current state 

set initial temperature T, final temperature Tf , the cooling rate C and  the N number of 

 steps for the Metropolis algorithm 

while T >= Tf  

for m = 1 to N 

randomly assign an object to a new cluster and set the assignment of all  

  objects as the trial state (w1) 

compute E(w1), the energy of the objective function d(X, Q) for the trial  

  state 

set ∆E = E(w1) - E(w0) 

if  ∆E  <= 0, then w0 = w1 and update the prototype of each cluster 

else R = uniform[0,1] random number 

 if R < exp(-∆E /T) then w0 = w1 and update the prototype of each  

   cluster 

   else  keep w0 the same and do not update the prototype of each  

    cluster 

   end 

  end 

 end 

 T = T*(1-C) 

end 

return cluster assignment of objects and prototypes 

 

Figure 4.2  Modified k- (Modk) and Simulated Annealing Modk- (SA-Modk) prototypes 

algorithms.  The k-prototypes algorithm was a) modified (termed Modk-prototypes) to 

include B iterations of the traditional k-means clustering reassignment of objects over 2 to 
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N number of samples and b) implemented with the simulated annealing (termed SA-

Modk) optimization of the Modk-prototypes algorithm modified with the traditional k-

means clustering reassignment of objects.  d(Xi, Ql) is the dissimilarity function between 

the ith object and the lth cluster prototype, T is the initial temperature, Tf is the final 

temperature, C is the cooling rate, N is the number of steps of the Metropolis algorithm, 

E(w1) and E(w0) are the trial and current energies respectively of the objective function. 
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Figure 4.3  Determination of k clusters in simulated data where k = 6 is known.  The a) 

intra\inter ratio, b) general silhouette measure and c) dynamic validity index (DVI) on the 

y axes were computed from clustering the simulated data at each value of k set from 2 to 

10 and plotted at each k on the x axes.  The blue line, red dashed line and cyan dashed-

doted line denote the validity measures computed by clustering with the k-means, Modk-

prototypes or original k-prototypes algorithm respectively.   
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a) 

 

b) 

Figure 4.4  Stability of the validity indices for determining k clusters.   The a) general 

silhouette measure and b) dynamic validity index (DVI) on the y axes were computed 

G
en

er
al

 S
ilh

ou
et

te

K

D
V

I

K



    

 

197

from the Modk-prototypes clustering of the simulated data at each value of k set from 2 

to 64 (the number of objects in the data) and plotted at each k on the x axes. 
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Figure 4.5  Validation of the cluster assignments for the simulated data with k clusters set 

at 6.  Clustering the simulated data was performed 100 times at k = 6 using the k-means 

(red), Modk-prototypes (yellow) and k-prototypes (cyan) algorithms.  The adjusted Rand 

index (x axis) was computed for each clustering of the data and graphed by count (y axis) 

of cluster assignments scored with the range of the index. 
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a) 

 

b) 

Figure 4.6  Determination of k clusters in heart disease and acetaminophen data sets using 

Modk-prototypes.  The a) heart disease data and b) acetaminophen data were clustered 

using the Modk-prototypes algorithm with equal weighting at values of k increasing from 
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2.   The dynamic validity index with category utility (DVI_CU) on the y axis was 

computed and plotted for the clustering of the data at each value of k on the x axis.   
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a) 
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b) 

 

Figure 4.7  Hierarchical clustering and validation of the cluster assignments for the  

acetaminophen data.   a) Ratio intensity values of 436 genes detected as differentially 

expressed by mixed linear models were log2 transformed, averaged across replicate 

hybridizations and the data of the samples subjected to agglomerative hierarchical 

clustering as described in the methods section.  The resulting heat map contains the genes 

as the rows and samples as the columns with red indicating up regulation, green denoting 

down regulation and black signifying no change in expression.  A portion of the 

clustering is shown.  The branches of the dendrogram represent the amount of similarity 

(in correlation) between samples.   b)  Modk-prototypes clustering of the acetaminophen 

data was performed 100 times at k = 3 using equal weighting of the microarray, clinical 

chemistry and histopathology domain data.  The necrosis of the hepatocytes and 

centrilobular region of the rat liver histopathology observations were removed from the 

data prior to clustering and used as an external indicator of cluster assignment validation.    
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The adjusted Rand index (x axis) was computed for each clustering of the data and 

graphed by count (y axis) of cluster assignments scored with the range of the index. 
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Figure 4.8  Pairwise comparisons of expression prototypes.  Pairwise comparisons of the 

levels of the necrosis of the hepatocytes and centrilobular region of the rat liver: a) 

moderate vs none, b) none vs minimal and c) moderate vs minimal were performed using 

the gene expression component of the prototypes from the clusters generated from 

clustering the acetaminophen data (with the levels of the necrosis of the hepatocytes and 

centrilobular region of the rat liver included and equal weighting of the domain data) 

using the Modk-prototypes algorithm.   The blue line, red dashed line and cyan dashed-

dot line denote the gene expression prototype from clusters 1, 2 and 3 respectively.  The 

prototype log2 ratio values for the genes are signified on y axis and the indices for the 

genes in the prototype are denoted on the x axis. 
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Figure 4.9  Distribution of pairwise expression prototype differences and Chi-square 

critical values.   The frequency of a) the expression differences (denoted as log2) from all  

pairwise comparisons for each gene in the prototype and  b) the computed Chi-square 

critical values from the observed difference in a gene’s expression ratios between two 

prototypes and the expected gene expression differences of all pairwise comparisons for 

all genes in the prototypes are plotted.   
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Chapter 5. 

Conclusion 

 

Clustering microarray data has been extremely useful for condensing the wealth of gene 

expression profiles into patterns that are relatively straightforward to interpret.  

Supervised methods of clustering data utilize information about the samples to group 

items into meaningful clusters.  Unsupervised clustering, on the other hand, just uses the 

underlying data to partition data into highly similar groups of objects.  Clustering 

microarray data that is preprocessed effectively and also analyzed objectively to detect 

differentially expressed genes is paramount to obtaining groups of genes and\or samples 

that are clustered together most appropriately.  Leveraging gene outlier detection 

methods, rigorous statistics for selecting differentially expressed genes and pattern 

recognition algorithms to analyze multivariate microarray data, are proven ways to assure 

reliable higher-order analysis of gene expression data. 

 

Analysis of microarray gene expression data alone doesn’t shed full light on the 

underlying biology of samples that the data are acquired from.  Coupling microarray gene 

expression data with associated biological information for an integrated analysis is 

advantageous to many scientific disciplines.  In toxicogenomics, microarray data 

acquired from classical toxicology experiments is often times associated with 

histopathology observation of the tissue samples and\or linked with clinical chemistry 

evaluations of biological materials from the animals exposed to toxic insults.  In addition, 
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broad-based toxicogenomics will expand to include proteomics and metabolomics data 

from the biological samples.  Integrating the wealth of genomics data and biological 

information of the samples for statistical analysis is prudent to utilize toxicogenomics 

effectively for mechanistic or predictive toxicology.  Data exchange formats such as 

extensible markup language (XML) and microarray gene expression markup language 

(MAGE-ML), database warehouses and structured query language are all vital 

technologies and informatics tools for biologists to leverage for synchronizing microarray 

gene expression data with proteomics and metabolomics data as well as associated 

biological data.  Furthermore, flexible statistical models built on solid theoretical 

foundations that enable analysis of complex data sets and experimental designs, are 

warranted for rigorous analysis of microarray data coupled with toxicological parameters.  

Mixed liner models and general linear models are essentially analysis of variance 

(ANOVA)-based statistical methods that can support analysis of quantitative and 

qualitative data types.  Using the mixed linear models for analysis of microarray data 

with histopathology observations permits the modeling of biological end-points and 

phenotypes exhibited by histopathology.  However, ANOVA-based models suffer from 

the lack of degrees of freedom as other variables, such as clinical chemistry, proteomics 

and metabolomics data, enter the model.  More development of mixed and general linear 

models for analysis of toxicogenomics data is certainly of interest and much needed. 

 

Recently, computational and probabilistic methods to analyze large databases of mixed 

data types have been developed.  The k-prototypes algorithm uses the k-means objective 

function for determining similarity of numeric data and the k-modes simple matching for 
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similarity of categorical data.  The advantage of k-prototypes clustering of 

toxicogenomics data is that the method groups the data in an unsupervised manner, yet is 

flexible and robust enough to incorporate data across several biological domains.  Using 

weights for each domain data type in the k-prototypes algorithm to balance or adjust the 

importance of domain data types amongst each other is a flexible way for scientists and 

data analysts to try different weighting schemes when clustering data according to some 

predefined goal or outcome.  Simulated annealing of the k-prototypes algorithm is a 

simple, albeit computationally expensive way, to optimize the clustering results by 

locating the global optimum of the objective function.  Either way, a current goal in 

toxicogenomics is to phenotypically anchor gene expression data to end-points of 

toxicity.  Obtaining vetted expression and toxicological (VETed) k-prototypes from 

clustering of microarray gene expression data with toxicological parameters, and even 

other genomics or genetic parameters, is a practical way to start bridging, in a 

computational way,  microarray gene expression data with classical toxicological 

measurements to better inform scientists, researches and regulatory agencies of the 

biological mechanisms and pathways perturbed following toxic exposure and from 

environmental pressures.   


