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RNA and protein expression profiling technologies have revo-
lutionized how toxicologists can study the molecular basis of
adverse effects of chemicals and drugs. It is expected that these
new technologies will afford efficient and high-throughput means
to delineate mechanisms of action and predict toxicity of unknown
agents. To reach these goals, a more thorough understanding of
the constraints of the methodology is needed to design genome-
scale studies and to interpret the vast amount of data collected.
This paper addresses some of the limitations and uncertainties of
gene expression profiling in mechanistic and predictive toxicology
with respect to the expectations of toxicogenomics. The challenges
associated with interpreting information from large-scale gene
expression experiments in vivo is also discussed.
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cDNA and oligonucleotide arrays and high-throughput 2

drug development and aid risk assessment. Recent experiments
applied to cancer genetics have demonstrated the potential of
gene expression profiling to accurately classify disease pheno-
types (Alizadelet al., 2000; Bittneret al., 2000), thus lending
hope that expression profiling may classify and thus predict
phenotypes of toxicity. Despite these expectations, it is still
uncertain how gene expression profiling experiments will ul-
timately contribute to our understanding of toxicity and allow
us to realize the full potential of this new technology. Although
there has been much review and hyperbole surrounding the
potential applications of toxicogenomics, these novel and un-
verified approaches to toxicological problems require an
awareness of the constraints of the methodology in order to
design and interpret gene expression profiling data. Pegtnie
al. (2000) have also discussed the possibilities and caveats of
gene expression profiling in the context of mechanistic and
predictive toxicology and have addressed the certainty, biolog-
Bal relevance, and need for validation of microarray data. The

Ridrpose of this paper is to illustrate the current constraints of

tools to enable genomewide analysis of gene expression atJREc expression profiling in mechanistic and predictive toxi-
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ipnitations described are not intended to discourage the appli-

technology and pharmaceutical industry (Freeman, 2000). Tox-

icologists are also promoting genomic expression technologlce‘%tlon of gene expression profiling technologies to mechanistic

as a superior alternative to traditional rodent bioassays %predmtlve toxicology, but rather guide experiments that wil

identify and assess the safety of chemicals and drug candideﬂreqsduce more interpretable and useful data.

for human safety (Afshamt al., 1999; Nuwaysiwet al., 1999;

Pennieet al., 2000). It is expected that gene expression pro-Gene Expression Profiling in Mechanistic Toxicology—

filing will identify mechanisms of action that underlie the A Hypothesis-generating Tool

potential toxicity of chemicals and drug candidates. Other ] ) . .

touted applications include the identification of biomarkers of There is a certain degree of faith that gene expression

toxicity to predict potential hazardous substances and theP4ofiling will reveal the mechanisms of action of chemicals and

peutics. Ultimately, toxicogenomics (the integration of genon§lrugs despite the inherent limitation of genomic and proteomic

ics, bioinformatics, and toxicology) is expected to accelerag&Periments, which measure single end points (i.e., RNA or
protein levels), albeit for thousands of genes at a time. Con-
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electrophoresis systems have quickly emerged as the pre
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ously characterized chemicals and drugs. It is understood thatl injury and/or death. Although gene expression would be
mechanisms of action are far more complex and affect maegpected to be altered as a result of APAP exposure, the
than simply the levels of cellular macromolecules. Many toxchanges in gene expression will reflect secondary outcomes
icants affect enzyme activity, DNA integrity, redox statusjue to primary upstream events starting with the interaction of
membrane integrity, and other processes that are not amena@®#®&P with its target protein(s). Therefore, our ability to define
as yet to genomewide measurements. Although alterationsthie mechanism of action of a compound using gene expression
the above processes are likely to indirectly affect the exprgsofiling technologies will be highly limited in resolution. In
sion of genes and proteins, the question remains how e best-case scenario, gene expression changes in cellular
extrapolate a mechanism of action from the one end poiperturbation experiments will lead to many new testable hy-
Similarly, predictive toxicology attempts to infer the potentigbotheses that will require subsequent molecular and biochem-
mechanism(s) of action of an unknown agent on the basisioél experiments to reveal and confirm precise mechanisms of
correlation to large databases of activity or expression profilastion.

(Hugheset al., 2000; Paullet al., 1989; Schertt al., 2000). Ultimately, being able to define the mechanisms of organ-
Can mechanisms of action be determined or predicted frasmal toxicity will depend on our understanding of cellular and
gene expression profiling? To answer this question, we needitsue level effects and how they are related to the molecular
first define what is meant by a mechanism of action, as the tecimanges in target cells. Because changes in gene expression do

is often used with many connotations. The mechanism bt necessarily imply toxicity, gene expression profiling ex-
action of a chemical or drug is described by the series périments need to be integrated into larger studies that examine
molecular events following interaction of a chemical with itsnultiple end points at the molecular, cellular, tissue, and phys-
cellular target(s) and the subsequent alteration(s) in targabgical levels in the context of the whole organism. As noted
function that precedes a cascade of cellular events that u{fennieet al., 2000), this creates a further challenge in trying
mately leads to the observed effect. The challenge of tryingtim integrate knowledge at all levels of biological organization,
determine the mechanism of action from measuring steadnrd highlights the need for an interdisciplinary approach in
state MRNA or protein levels is that many toxicants and drugsechanistic toxicology.
initiate toxicity by binding to proteins and/or altering macro- In some instances of toxicity, a direct and primary response
molecules (although with exceptions, as noted below), and radtecting gene expression and subsequent initiation of toxicity,
by directly inducing gene expression or altering gene produttie likely to a receptor-mediated pathway, may be used to
stability or turnover. For example, the mechanism of action ekplain the mechanism of action of chemicals, including non-
acetaminophen (APAP)-induced hepatocellular necrosis is dygnotoxic carcinogens or endocrine disrupters. This will be
to cytochrome P450-catalyzed activation of APAP to thearticularly true for therapeutics and drug candidates, as it has
electrophilic NAPQI intermediate, leading to arylation antbeen estimated that close to 50% of marketed drugs act through
thiol oxidation of cellular proteins. These events in turn lead teceptors (Drews, 2000). These observations will be compli-
nonspecific and/or undefined alterations in protein function acdted, of course, by parallel mechanisms of toxicity that may or
subsequent changes in nuclear and organelle structure ara) not be receptor mediated, yet may augment the receptor-
function leading to irreversible cell injury and oncotic necrosisiediated events. The challenge will be to distinguish the
(Cohen and Khairallah, 1997). The mechanism of action tferapeutic affects from the pathological changes. This will
APAP has been delineated through many detailed chemical arduire establishing time-dependent relationships between
biochemical experiments that could not have been revealase and toxicity, which may or may not be linear. Where
through observation of gene expression changes alone.  alterations in gene expression precede or coincide with toxic-
This is a limited view of the complete spectrum of toxidty, our ability to understand the mechanism of action will be
effects initiated by APAP, as it has been observed to caugsaited to our understanding of the pathways that regulate
chromosomal aberrations, apoptotic DNA fragmentation, utranscription of the affected genes and their kinetics of expres-
scheduled DNA synthesis, oxidative stress, altered calciwgion. This is currently a major limitation in understanding why
homeostasis, and inhibition of cell proliferation (Boulaeds a particular gene or cluster of genes is observed to be up- or
al., 1999, and references therein). The fact that multiple celewn-regulated, since only a small fraction of the estimated
lular signaling pathways may converge to alter the expressidf0,000+ human genes have been studied at the level of
of the same gene products also makes it difficult to identify theanscriptional regulation. Combining the identification of gene
affected pathway from observing gene expression changesgulatory elements with expression profiles in microarray
The above arguments illustrate the point that most chemicabgeriments (Barzmat al., 1998; Zhang, 1999) represents an
and drugs will act through multiple mechanisms of action thatdustrious approach to begin to understand what transcription
will depend on dose, timing and duration of exposure, and cédictors and upstream signaling molecules are governing the
phenotype. Each individual mechanism represents an initiatiolgserved response in gene expression following chemical or
event which by itself is inadequate to drive progression alfug exposure.
toxicity, but these mechanisms together act in concert to causé&ene expression profiling has possibly a greater potential to
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reveal modes of action through the analysis of secondgyoduce knowledge of a subset of commonly regulated genes
responses and/or the series of contingent regulatory evethigt can be used as biomarkers to predict modes of action.
induced by chemical or drug exposure. The mode of action ofWhile it has been pointed out that the number of possible
a chemical or drug can be described, in part, by a fundamerpaltterns of differential gene expression, even when expressed
obligatory step directing toxicity, or adverse cell fate, be #s binary variables, is enormous (Farr and Dunn, 1999), subtle
reversible cell injury, apoptotic or oncotic necrosis, or maligdifferences in the number and magnitude of gene expression
nant transformation. Farr and Dunn (1999) have noted ttatanges have proven to be sufficient to classify expression
organismal manifestations of toxicity can be explained hyrofiles into distinct clusters when applied & cerevisiae
combinations of a limited number of cellular outcomes from @Hugheset al., 2000). The utility of this approach, however,
limited number of cell and/or tissue types. Furthermore, mukay be lost when outside the context of a large database, or
tiple mechanisms of action may converge at common pointsdompendium, of expression profiles, as subtle changes in rel-
trigger the same molecular response. If this is true, then theve expression level (i.e., less than 2-fold) are usually con-
number of possible modes of action will be limited to thaidered unreliable in isolation (Hughesal., 2000). Based on
number of molecular responses that can drive the obligataggne expression profiles of yeast mutants, it has been estimated
step toward a discrete cellular outcome. It follows, then, thdtat there exist 300 to 700 distinct full genome transcriptional
gene expression profiles cannot be used as an explanatiopatterns from a full set of 5000 yeast deletion mutants profiled
predictor of toxicity unless correlated with an adverse effeainder a single condition (Hughes al., 2000). Although this
Again, this underscores the need to integrate genomic expevas a crude prediction, an extrapolation to mammalian systems
ments with experiments examining effects at higher levels ofay predict substantially more distinct transcriptional patterns
biological organization that are intended to assess toxicity imder a single condition. Classifying transcriptional responses
the context of the whole organism. By understanding the geimo distinct diagnostic clusters may prove more problematic if
expression changes that direct a unique cellular outcome (iresponses under different conditions do not extrapolate under
the mode of action), we can begin to use gene expressitifferent conditions. For example, transcriptional responses
profiles to explain and potentially predict toxicity. may differ between one target cell and another, from cell
culture toin vivo conditions, or from rodent models to humans.
Thus, the predictive power of gene expression profiling may be
limited to the model system employed and the prototypical
It has been proposed that each chemical that acts througtoanpound with known mechanisms used to generate the diag-
particular mechanism of action will induce a unique and diagostic expression profile. As yet there is no published data to
nostic gene expression profile under a given set of conditiosigpport that predictive expression profiles will extrapolate to
(Nuwaysiret al., 1999). Indeed, proof-of-principle experiment®ther tissues oin vivo settings.
in S. cerevisiaeghave revealed that the response to inhibitory
compounds _mimics the loss of function of its target or pathway . Challenge of Interpreting Gene Expression Data
for at least six compounds (Hughesal., 2000, and references
within; Martonet al., 1998). For example, genetic disruption of Currently, there is a significant knowledge gap in our un-
calcineurin inS. cerevisiagesulted in a gene expression profilelerstanding of the molecular events that govern toxicologically
highly correlated with the expression profile of wild-type cellselevant outcomes. In any event, the changes in gene expres-
treated with FK506 or cyclosporin, antagonists of the casion directing cell fate will reflect, in part, an active physio-
cineurin-signaling pathway. To estimate the significance of thagical response that is nontoxic. These responses may include,
relationship, the FK506 treatment profile was compared but are not limited to, host—defense responses (e.g., acute
more than 40 randomly selected deletion strains or drug-treafgthse proteins, cytokines, DNA repair enzymes), adaptive re-
cells and found to be uncorrelated (Martet al, 1998). sponses (e.g., hyperplasia, metaplasia, hypertrophy, atrophy),
Whether predictive patterns in gene expression can be @mnd regenerative or protective responses (proliferation, differ-
served in mammalian systems remains to be shown, althowggttiation). In addition, there will be secondary responses fol-
preliminary studies suggest they can (Blancherdil, 2000; lowing toxicity that will reflect pathology as a result of distur-
McMillian et al., 2000). Therefore, there is significant potentidbances in cell function. These responses are likely to be
for chemicals and drugs to be classified based on the similaiitijosyncratic and diverse across cell types due to the interac-
of their induced gene expression profile by comparison witlon of pathological responses with the physiological mecha-
expression profiles induced by chemicals or drugs with knowisms of detoxification and repair that are cell specific. Again,
mechanism of action using multivariate statistical methods atite challenge then lies in differentiating the physiological
correlation metrics. In some cases, however, their classificatimsponses from the diagnostic pathological changes in light of
may be limited to the affected signaling or metabolic pathwayponfounding experimental artifacts inherent in the model sys-
rather than by target protein in the pathway. By extension t§m and the experimental design.
this observation, gene expression profiles are anticipated taConsider, for example, an experiment designed to measure

Predictive Toxicology—Fact or Fiction
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time- or dose-dependent changes in gene expression followthgm with a binary response (i.e., apoptosis, DNA damage)
an EG, dose of a cytotoxic chemical in cultured cells. Whemay allow for the identification of a more robust set of pre-
administering a dose that kills half the cell population, theictive markers with utility in higher throughput systems.
measured response (i.e., MRNA or protein level) in the affectBealization of such a scenario will be heavily dependent on the
culture will be a combination of multiple factors, including thestandards of known modes of action that are available, the
gene expression changes in dying cells due to treatment, ad@producibility of the model system, statistical robustness of
tive changes in surviving cells due to treatment, and norm@k data, and the application of multivariate methods of anal-
responses in living cells due to adjacent necrotic cells. Thisis to reduce the data set into a comprehensible and manage-
would be particularly relevarin vivo, as necrosis can induce aable number of components for purposes of classification.
regenerative or inflammatory response in some populations 0tHther limitations to consider arise when adverse cellular or
unaffected or resistant cell types. The heterogeneous responigggie functions are observed in the absence of discrete cellular
are likely to be highly dependent on the tissue or cell typgtcomes such as cell injury or death. In these instances, subtle
affected, again highlighting the limitation of extrapolating ONBhanges in cell function, such as reduced responsiveness to
model system to another. Measuring gene expression changggocrine signals or altered secretion or production of signal-
following sublethal exposure concentrations may be mMOfgy molecules, will be more difficult to observe, as relevant
likely to reveal treatment-induced changes that initiate tOXiCi%anges may be transient, posttranslational, and/or in non—
before heterotypic cellular responses obscure interpretati%get organs. Many endocrine disruptors will likely fall into
This will require a complete characterization of the full dosg;q category. Perhaps the greatest source of complexity and
and time-response relationship, including a qualitative descrlpériability in gene expression profiling experimerits vivo

tion 0]1: ceIIuIIar chalrjge_s as correITteS. | her cl stems from non-treatment-related phenomena, or intrinsic
Artifactual complications may also apply to other classes 95riability, which is difficult, if not impossible, to control and

chemicals, particularly chemicals that act through reCem%fproduce. Normal fluctuations in gene expression will occur

mediated pathways, as receptor expression is usually restricégda result of differences in age, gender, temperature, light,

to discrete cell types. Subsequent changes in paracrine sigg i, and hormonal status. Although age, gender, and the ex-
ing may have dramatic effects that could lead to misinterer— ' ' :

g . o . grnal environment can be tightly controlled within experi-
tation of gene expression profiles in cultured cells. This wou : . : .
. Lo ..~ ~ments, comparisons between laboratories using similar treat-
also be particularly relevain vivo, where cellular complexity

plays a dominant role in adaptation and defense, or when tarme(int protocols may be more challenging when environmental

tissues are affected secondary to primary targeting of a prg)%g:tors are not strictly adhered to. Differences in nutritional or
imal endocrine gland such as the pituitary or thyroid. Furthe ydration status, time of last meal, hormonal fluctuations dur-

more, when analyzing gene expression profiles from whd& estrus, and seggonal and Iight-induged chan.ges in hormone
tissues as part of a whole-animal toxicology study, the releve{ﬂvgls,are more Q|ff!cult to .control W,'th'r_‘ e_xpenmems. Such
gene expression changes in the specific cell types targetedrﬁg)ns'c variation is likely to interact with timing, duratlon,.and
chemical or drug may be masked or diluted by the beniéﬁaquengy of treaFments to altgr the obsgrved response in gene
changes in surrounding cell types. For example, consider fREPression. As with any experiment designed to test a hypoth-
cell type—specific toxicity of alloxan or streptozotocin on fhe €SIS: therg must be sufficient replication to assure certainty in
cells of the pancreas and the fact that gheells represent less € experimental results. o .
than 2 % of the pancreatic cell population. The ability to detect Th€ €xpectation that toxicogenomics will enable us to define
changes in gene expression within 2 % of an RNA samp_ngechanlsms of action and pred_lct toxicity of unknown agents
derived from whole pancreas is likely below the limits ofS Supported by recent studies in lower eukaryotes. However,
sensitivity of current genomic profiling platforms. CompensUr current ability to define a mechanism of action or accu-
tory changes in other, more abundant cell types may al&gely predict toxicity in mammalian systems is still in its
negate any changes in the targeted cell and could even resulffancy. Incorporating genomic experiments into larger studies
the opposite conclusion regarding message or protein abdfsigned to assess effects at higher levels of biological orga-
dance. Being able to measure gene expression profilesniaation is a must if one is to begin to understand and predict
individual targeted cells or cell types, by using laser captuggganismal outcomes and possibly incorporate gene expression
microdissection, for example, would be more desirable in thegata into mechanism-based risk assessment. The progression of
instances (Emmert-Buokt al., 2000; Luoet al, 1999). How- expression profiling into whole-animal studies also presents a
ever, prior knowledge of the target tissues and/or cell typbigher level of complexity that challenges our understanding of
from pathology studies are typically required for this level dpiological systems and the interpretation of what changes in
investigation. This would preclude its utility in higher throughgene expression are relevant. It is expected that experience and
put predictive assays that are currently desired, but wouhterdisciplinary collaborations will continue to advance the
prove useful for mechanistic studies. Reducing the numberuflity of gene expression profiling in mechanistic and predic-
observations (i.e., gene expression profiles) and correlatitinge toxicology. However, continued discussion, debate, and
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the sharing of knowledge and data are vital for toxicogenomi€srr, S., and Dunn, R. T., II (1999). Concise review: Gene expression applied
to move ahead rapidly. to toxicology. Toxicol. Sci 50, 1-9.
Freeman, T. (2000). High throughput gene expression screening: its emerging
role in drug discoveryMed. Res. Re20, 197-202.
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