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ABSTRACT: The advance in high-throughput “toxicogenomics” technologies,
which allows for concurrent monitoring of cellular responses globally upon
exposure to chemical toxicants, presents promises for next-generation toxicity
assessment. It is recognized that cellular responses to toxicants have a highly
dynamic nature, and exhibit both temporal complexity and dose-response shifts.
Most current gene enrichment or pathway analysis lack the recognition of the
inherent correlation within time series data, and may potentially miss important
pathways or yield biased and inconsistent results that ignore dynamic patterns
and time-sensitivity. In this study, we investigated the application of two score
metrics for GSEA (gene set enrichment analysis) to rank the genes that consider
the temporal gene expression profile. One applies a novel time series CPCA
(common principal components analysis) to generate scores for genes based on
their contributions to the common temporal variation among treatments for a
given chemical at different concentrations. Another one employs an integrated
altered gene expression quantifier-TELI (transcriptional effect level index) that integrates altered gene expression magnitude over
the exposure time. By comparing the GSEA results using two different ranking metrics for examining the dynamic responses of
reporter cells treated with various dose levels of three model toxicants, mitomycin C, hydrogen peroxide, and lead nitrate, the
analysis identified and revealed different toxicity mechanisms of these chemicals that exhibit chemical-specific, as well as time-
aware and dose-sensitive nature. The ability, advantages, and disadvantages of varying ranking metrics were discussed. These
findings support the notion that toxicity bioassays should account for the cells’ complex dynamic responses, thereby implying that
both data acquisition and data analysis should look beyond simple traditional end point responses.

■ INTRODUCTION

The needs in toxicity assessment of an extremely large and
ever-increasing number of chemicals for their potential
environmental and health risks demands for the development
of mechanistic, cost-effective toxicity testing scheme and
predictive models to provide toxicological information that
transcends the limits of traditional toxicity assessment
approach.1,2 The advances in high-throughput toxicogenomics
technologies, which allow for globally concurrent monitoring of
cellular responses of numerous transcripts, proteins, or
metabolites upon exposure to chemical toxicants, presents
promise for achieving this goal.2,3

High-dimensional toxicogenomics time series data refer to
those that record multiple measurements over time and those
that incorporate multiple experimental factors, such as genes,
conditions, and dose concentrations.4 It is recognized that
cellular or organisms’ responses to toxicants are highly dynamic,
and their global response profiles depend on time of
measurement.5 However, efforts in illustrating the impact of
time on toxic assay results have been quite limited due to the
lack of time-series toxicogenomics data. This is partially

attributable to the labor-intensiveness or high-cost associated
with mainstream toxicogenomics techniques such as RNA-seq
or microarray technologies that prohibit measurements with
high temporal resolution.6,7 An alternative approach is the use
of whole-cell arrays with transcriptional fusions of reporter
genes, which allows for faster and lower-cost real-time
measurement of temporal gene expressions for a large number
of chemicals under various test conditions.8,9 The high-
dimensional time series gene expression data, generated by
such arrays for example, call for analytic approaches that are
time-factor sensitive. Most current studies simply adopt
strategies extended from those of static, time-independent
experiments and resort to integrated end point-like quantities,10

which do not account for the dynamic nature of stress
responses and lose temporal information by discarding all
information other than end point measurements.3,11
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Pathway analysis is one family of bioinformatic tools for
toxicity mechanisms elucidation, which aims at pinpointing key
functional gene groups and regulatory pathways evoked during
the toxicant exposure under a given condition.12,13 Through
shifting the focus from detecting differentially expressed genes
individually to discerning sets of genes that share common
biological function or regulation, pathway analysis catches the
expression patterns on the higher pathway level, avoids results
misinterpretation due to subjective expression thresholds for
individual genes, and reduces the complexity of data analysis
that deals with the daunting number of genes.12−15 Pathway
analysis of high-dimensional toxicogenomics data, such as time
series data, faces a great challenge, however, since most current
techniques are mainly designed for the analysis of biological
system snapshots.13 The commonly used pathway analysis
techniques, such as the gene set enrichment analysis (GSEA),
are designed to find differentially expressed sets of genes
sharing common functions or regulations.14,15 In GSEA, genes
are ranked based on a certain metric, which can simply be the
expression level, or more complicated ranking methods based
on various statistical analyses (i.e., Pearson’s correlation,
Euclidean distance, or signal-to-noise ratio).15 A typical
pathway analysis of time series experiments would analyze
expression changes at different time points individually or
reduce the time series to an end point-like metric, both of
which bear an implicit assumption that data at multiple time
points are independent.16,17 Lacking the recognition of the
inherent correlation within time series data, this approach may
miss potentially important pathways or yield biased and
inconsistent results that ignore dynamic patterns and time-
sensitivity.
In addition to the time factor, it is recognized that the

molecular toxicity response is also dose-dependent.18 Tran-
sition of dominant function or pathway at different dose
concentrations has been observed in previous studies, which
provided extra mechanistic information beyond the traditional
phenotypic dose-response curves.19−22 The ability to reveal if
and how the molecular toxicity response conserves or changes
at various dose concentrations is therefore necessary and has
not received adequate study.
In this study, we investigated the application of an improved

GSEA to identify the activation of specific stress response
categories and pathways for three representative chemicals
based on the temporal altered gene expression data with
multiple (six) dose concentrations. Temporal altered gene
expression profiles were generated using a high-throughput
whole-cell array of gfp-fused reporters, representing genes
covering all known stress response pathways in E. coli.10,23−25

Two score metrics were compared to rank the genes that
consider the temporal gene expression profile. One employs an
integrated altered gene expression quantifier-TELI (transcrip-
tional effect level index) that integrates altered gene expression
magnitude over the exposure time.10 The other applies CPCA
(common principal components analysis) to generate scores for
all the genes based on their contribution to the common
temporal variation among treatments for a given chemical at
different concentrations. Compound-specific stress response
activation profiles indicative of toxicity mechanisms were
obtained using both metrics. The results were compared to
determine the suitability, as well as advantages and disadvan-
tages of applying the time-aware metric instead of the static
metric. The impact of time and dose concentration on the gene
enrichment analysis results were revealed and discussed.

■ MATERIALS AND METHODS

Toxicogenomics Time Series Data Generation. A high-
throughput toxicogenomics assay was employed using the GFP-
fused stress response ensemble whole-cell library of E. coli K12,
MG1655,23,24 with each fusion expressed from a low-copy
plasmid, pUA66, which contains a kanamycin resistance gene
and a fast folding gfpmut2, allowing for real-time measurement
of gene expression level.23,26 The selected stress response assay
library covers a variety of genes (106 gene promoters) involved
in different known cellular stress response pathways that are
highly conserved among species,27 and they are categorized into
seven groups including general stresses, protein stresses, redox
stresses, cell killing, DNA damage, drug resistance, and
detoxification28 (see Supporting Information (SI) Table S1
for a list of genes and their pathways).
Three compounds with known toxic mechanisms were

evaluated for demonstration and they are mitomycin C
(MMC), hydrogen peroxide (H2O2), and lead nitrate (Pb-
(NO3)2 or Pb2+). For each chemical, 6 subcytotoxic
concentrations (>95% survival percentage determined by a 2
h growth inhibition test) were applied for each chemical with 3
replicates, resulting in a total of 54 = 3(chemicals) ×
6(concentrations) × 3(replicates) treatments. Details of
chemical information are listed in SI Table S2.
The protocol to measure the temporal gene expression

profile was described in our previous reports.10,23 In brief, E.
coli reporter strains were cultivated in 384-well microplates
(Costar, Bethesda, MD, U.S.A.) in dark condition to avoid GFP
photobleaching until the early exponential growth stage
(OD600 ≈ 0.2) was reached. Samples of specific compounds
prepared in growth media were distributed into wells via
BioTek precision automated pipetting system. The plate was
then placed into a microplate reader (Synergy Multi-Mode,
Biotek, Winooski, VT) for simultaneous cell growth (absorb-
ance, OD600) measurement, denoted as OD, and fluorescent
readings (GFP level, excitation 485 nm, emission 528 nm),
denoted as GFP. Measurements were taken every 5 min over 2
h, resulting in a total of 25 time points for every gene in every
treatment.

Data Preprocessing. The raw GPF and OD data were first
corrected against the average media controls (wells with growth
media only) and blank media control for potential interference
of chemicals, and referred as GPFcorrected and ODcorrected. The
gene expression level normalized by OD for each gene at every
time point was calculated as P = GPFcorrected/ODcorrected and was
further adjusted by subtracting the value attributed by
nonpromoter activities (promoter-less strain controls). The
alteration in gene expression for a given gene at each time point
due to chemical exposure relative to the control condition
without any chemical exposure, also referred as induction factor
I, is represented by as I = Pe /Pc, where, Pe = (GFP/
OD)experiment is the normalized gene expression level in the
experiments condition with chemical exposure, and Pc =
(GFP/OD)control is the control condition without any chemical
exposure. The natural logarithm of the induction factor ln(I)
was then calculated for further data analysis, where a gene was
up-regulated if ln(I) > 0 and down-regulated if ln(I) < 0.29 All
controls were performed in triplicates.

Gene Set Enrichment Analysis with Two Different
Ranking Metric. Two ranking methods based on transcrip-
tional effect level index (TELI) and common principal
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component analysis (CPCA) were applied for gene set
enrichment analysis (GSEA), and they are described as follows.
Pathway Analysis: Gene Set Enrichment Analysis

(GSEA). Gene Set Enrichment Analysis (GSEA) is a statistical
procedure to determine whether a predefined set of genes is
over-represented toward the top or bottom of a ranked gene
list.15 In this study, different gene lists were generated using
either CPCA score or TELI as the ranking metric (see detailed
description of CPCA and TELI in following sections). For a
given list, the enrichment score (ES) for a specific gene set or
pathway is calculated by walking down the ranked gene list, and
increase the running-sum statistic if the gene from the pathway
is encountered and decrease if otherwise. The ES is the
maximum deviation from 0 encountered in the walk
corresponding to a weighted Kolmogorov−Smirnov-like

statistic.30 The statistical significance of the ES was estimated
by permutation test: the gene list is permutated 1000 times, and
then an ES for each permutation was calculated to generate a
null distribution for the ES. The p value for original ES was
then calculated in relative to the null distribution. Because the
ES for multiple pathways were calculated, the multiple
comparison errors were adjusted using false-discovery rate
(BH method) with adjusted p < 0.05 as significance cutoff
point.15,31

Ranking Metric Based on Common Principal Compo-
nent Analysis. We proposed to implement Common
Principal Component Analysis (CPCA) for determination of
ranking metrics based on the their contribution to the temporal
variance in altered gene expression level over the exposure
time.32,33 A treatment was defined as one specific test for one

Figure 1. Exemplary temporal variations in gene expression profiles of stress response pathways (categories) upon exposure to various dose
concentrations of (a) MMC, (b) H2O2, and (c) Pb2+. Each curve represents the mean temporal variations (measured as ln(I), I is the altered gene
expression level) profile of all the genes (3 replicates) in a specific stress response pathway, with 95% confidence intervals indicated by the gray
bands. x-axis top: various stress response pathways and categories; x-axis bottom: exposure time in minutes. The temporal altered gene expression
data at 5 min intervals were smoothed using moving average of every five successive measurements and therefore time zero corresponds to 20 min
exposure time; y-axis left: temporal variations expressed in altered gene expression level as ln(I). Pathway abbreviation: General (general stresses),
Redox (Redox stresses), Protein (protein stress), Cell (cell killing), DNA (DNA damage), Drug (drug resistance), and Detox(detoxification). (See
the list of genes in SI Table S1.)
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particular chemical at a given concentration. The raw data for
one treatment is a matrix for T time points (rows) and G genes
(columns). PCA uses linear orthogonal transformation to
convert the genes into a new set of uncorrelated variables,
called principal components (PC). The transformation is
designed such that the first PC points to the direction with the
highest possible variance in the data space formed by the raw
data, and each succeeding PC points to the direction with the
largest remaining variance, while under the constraint of being
orthogonal to all the preceding PCs. Each PC is a linear
combination of the original genes, namely Pj = Σi = 1

G lij gi, where
gi denotes the i

th gene in the set of G genes, Pj denotes the j
th

PC, and lij, called loading, represents the weight or contribution
of the ith gene to the jth PC. Only the top PCs are retained for
the purpose of dimension reduction and filtering out system
noise, and they represent most of the variance of the raw data.
We determined the number of PCs retained by setting the
threshold to be 70%, namely, the first K PCs whose sum of
variances is larger than 70% of the total variance are retained.
For each gene, its contribution to the total variance can be
measured using its loadings on these PCs, namely Si = Σj = 1

K lij
2,

where si is the metric of the contribution of the ith gene, K is
total PCs retained. Since the variance discussed here indicates
the temporal variation, the contribution of genes in their
ranking metric was based on the assumption that higher
temporal variation indicates higher transcriptional level
alterations.
CPCA is a generalization of PCA to generate a set of

common principal components (CPC) that agrees most closely
to the data from multiple experiments. It is designed in such a
way that the first CPC points to direction closest to all first PCs
from each individual treatment, and so forth. Like PCs, each
CPC is also a linear combination of the original genes, namely
qj = Σi = 1

G wijgi, where qj denotes the j
th CPC, and wij, also called

loading, represents the weight or contribution of the ith gene to
the jth CPC. Mathematically, CPCs can be calculated as the
eigenvectors of matrix, namely H = Σi = 1

N LiLi′, where N is the
total number of treatments, Li is the matrix for the ith treatment
containing all the loadings for the retained PCs. Since the CPCs
present the directions of common temporal variance, each
gene’s contribution to total temporal variance can be calculated
using the new loadings, namely ti = Σj = 1

J wij
2, where ti is the

metric indicating the contribution of the ith gene, J is the total
number of CPCs and determined by the minimum number of
PCs retained among all treatment. In this study, the genes’
contribution to temporal variance, designated as CPCA score,
was used as the ranking metric to differentiate genes with
varying temporal activities.
Transcriptional Effect Level Index. In previous studies,

we defined a toxicity end point-transcriptional effect level index
(TELI) for quantifying gene expression data, which incorpo-
rates the number, magnitude, and the cumulative temporal
pattern of genes with altered expression3,24 and is calculated as
follows:

∫
= =

| |e t

T
TELI

d
i

t

T I

( )
0

ln( )

where i = 1,...,G indexes one of the G genes, t = 1,...,T indexes
one of the T time points. More detailed description and
discussion of TELI can be found in our previous reports.10 In
this study, we applied TELI as an alternative ranking matric for
GSEA analysis.

Software. The calculation of TELI and CPCA scores were
implemented using MATLAB (MathWorks, MA, version
2013a). GSEA algorithm and visualization of this study is
implemented using R (version 2.15.3) together with package
ggplot2 (version 0.9.3).

■ RESULTS AND DISCUSSION
Chemical-Specific and Temporally Dynamic Stress

Response Gene Expression Profiles. Both visual and
statistical examinations of temporal altered expression profiles
of various genes from different stress response pathways
revealed the chemical-specific and dose-dependent patterns
(Figure 1, statistical analysis results in SI Tables S3−S5). Figure
1 displays the average temporal profile of altered gene
expression level for gene assembles indicative of seven stress
response categories in E. coli for three chemicals, namely MMC,
H2O2, and Pb2+, across 6 concentrations. The gray bands show
the 95% confidence interval of the altered expression level
among all the genes in a given pathway among the three
replicates. The relatively narrow gray bands suggested that
genes selected in each specific stress response pathway (or
category) seemed to have high coexpression tendency, which
agrees with prior report of the high proportion of coregulations
of genes under environmental stresses.34

For the three chemicals tested, most stress response
pathways exhibited distinct temporal patterns among the
different chemicals, and yet, for a specific chemical, most
seemed to have conserved temporal trends among all
concentrations with dose-dependent magnitude changes
(Figure 1). The various temporal patterns for stress response
pathways included a relatively constant expression level (such
as cell killing pathway when exposed to MMC, Figure 1a);
short impulses (such as detoxification pathway induced by
H2O2, Figure 1b); and a monotonic increasing/decreasing
trend spanning over a large expression level range (such as drug
resistance pathway in response to Pb2+, Figure 1c). These
patterns were consistent with those observed in earlier studies,
where both short impulse-like and long sustained gene
expression patterns were found in response to environmental
stimuli depending on the function of the specific pathway.35

Although, there were some that showed changing temporal
patterns as dose concentration increased, such as those in
protein damage and detoxification pathways in response to
MMC, which showed transitional pattern changes at higher
doses. These patterns are likely reflections of cellular
requirements for an immediate remedy or a gradual recovery
seeing the severity of the stress, as well as balances among
efforts/energy needed for homeostasis and stress responses.
The chemical-specific yet conserved temporal trends among
genes in a given stress response pathway suggest that these
conserved patterns can potentially be chemical-specific
indicators for further toxicity mechanism evaluation.
The observed dose concentration-dependent changes in the

magnitude of altered gene expression level suggest possible
dose-response relationship, which is the central dogma of
toxicology.36 As cellular stress responses to environmental
perturbation involve coordinating gene expression in both
magnitude and timing, it is desirable to have a means to
quantify how temporal pattern changes according to chemical
dosage.37 However, there is not yet a consensus on dose-
dependent temporal patterns and molecular toxicity end points-
based dose response relationship.18 A number of previous
studies suggested the existence of a relationship between dose
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and molecular toxicity end points at a single gene or an
ensemble of stress response genes.3,10,18,21,22,24,25,27,36,38−41 In
this study, all chemical concentrations applied were at
subcytotoxic levels, where the temporal stress responses were
likely at the homeostasis stage. The dose-dependent patterns of
altered gene expression profiles indicated variations in both
magnitude and nature of the molecular stress response systems
in response to a toxicant at varying concentrations. The results
also demonstrated that time-course experiments could
potentially be used to delineate prototypical temporal activation
and coregulation of genes.
The above observation that aggregated expression dynamics

at the pathway level could be consistent, chemical-specific, and
concentration-dependent highlighted the suitability of pathway
analysis for toxicity mechanisms studies. The common
temporal expression pattern of genes within a particular
pathway can be more informative and reliable, as it reflects
more cohesive biological effects and avoids the possible
inconsistent and likely error-prone results among individual
genes.13 For example, cellular processes often involve sets of
genes acting in concert rather than the significant expression of
only one gene.15 For time series toxicogenomics data, the
inconsistency in altered gene expression for individual gene
among replicates may result from both inherent experimental
system error and lack of proper data processing processes, such
as of temporal gene expression profile alignment.42,43

Impact of Time on GSEA Analysis for Toxicity
Mechanisms Identification. Most conventional GSEA
analyses have been performed with static gene expression
profiling data, which captured the snapshots among the
dynamic transcriptional systems with the underlying assump-
tion of stable cellular states. The dynamic temporal differential
expression profiles of stress response genes in response to a
toxicant as shown in our study suggests that application of
GSEA directly to isolated time points would neglect the
important time factor and lead to inconsistent conclusions. To
demonstrate the caveat, we simulated and compared the GSEA
results for three single-time points using our time series data.
Altered expression levels of genes after the array being exposed
to MMC samples (0.5 μg/L) at 3 time points (30, 65, and 100
min) were isolated and used to identify enriched pathways,
respectively. Figure 2 illustrates the statistical significance of 7
stress categories at different times calculated by GSEA. MMC is

a known DNA-damage agent and is often used as a model
genotoxic compound in environmental toxicity studies.23 GSEA
identified the significant enrichment of DNA damage and repair
pathway, but only in the middle of the experiment at 65 min,
whereas at the other two time points, other stress responses
were more significant. These results demonstrate the dynamic
nature of cellular stress responses and highlight the importance
of exposure time and the necessity to take temporal patterns
into account for the identification of toxicity mechanisms. The
temporal variability may be as meaningful as the expression
level at a single time point.

GSEA of Time Series Toxicogenomics Data-Compar-
ison of Two Score Metrics. To incorporate the time impact
into the GSEA, we proposed and employed two gene ranking
metrics, namely CPCA score and TELI score. As previously
described, CPCA analysis can be applied to rank genes based
on their contribution to the temporal variation among different
treatments. Another molecular end point-TELI was also applied
for gene ranking, which measured the accumulative gene
expression level alternation normalized to exposure time, and it
represented the average expression level within the experiment
period. Figure 3 shows the comparison of GSEA ranking results
with both metrics. On the basis of the gene ranking results, the
statistical significances of enrichment for 7 stress response
pathways are summarized in Table 1.
Assessment of the pathway enrichment analysis results

against the prior knowledge of the toxicity mechanism of the
three model chemicals allows us to evaluate the performance
and reliability of the two approaches for gene ranking. For
treatments with MMC, DNA damage and repair pathway-
related genes were significantly (p < 0.01) enriched based on
both CPCA and TELI based GSEA analysis, which is consistent
with known toxic mechanism of MMC as a genotoxicant. For
H2O2, CPCA-based GSEA analysis seemed to point to enriched
general stress and detoxification response that are consistent
with known toxic effects of H2O2 as a strong oxidant with wide
and multiple cellular impacts. TELI-based analysis that reflects
more of the averaged cumulative altered gene expression
changes, yield only detoxification category to be significantly
enriched. There was also discrepancy between GSEA results for
Pb2+ with either CPCA or TELI ranking method. CPCA score
pinpointed significant activation of drug resistance pathway,
whereas results based on TELI did not identify any significantly
altered stress response pathway (based on p < 0.0.5), although
it indicated stronger redox stress response activities than others
(p = 0.07).44

CPCA-based GSEA gives more weight to genes that have
large temporal variation during exposure time, and less weight
to those that have low level but sustained level of expression.
For example, a gene that exhibits a sharp impulse response
would be ranked higher than one that has lower but sustained
altered expression level over the exposure time period. This
“high temporal variance high ranking” assumption is somewhat
ambiguous. It is recognized that the temporal regulation
processes, the expression pattern, and gene/pathway involve-
ment could be too complex to be represented by a simple
variance. More drastic and higher magnitude of expression
change has been often assumed to indicate likely involvement
and responsiveness of a gene to external stimulus of toxicant.
However, genes that exhibited sustained but lower level of
altered expression may also be vital for certain pathway
activities depending on the gene function and its maximum
level of fold change (i.e., the maximum level of alteration may

Figure 2. Comparison of GSEA results based on toxicogenomics data
at three different time points upon exposure to MMC (0.5 ng/L) (30,
65, and 100 min upon exposure). Genes were ranked by mean altered
gene expression levels based on triplicate treatments. x axis bottom:
displays p value in negative logarithmic scale.

Environmental Science & Technology Article

DOI: 10.1021/es505199f
Environ. Sci. Technol. 2015, 49, 4618−4626

4622

http://dx.doi.org/10.1021/es505199f


vary for different genes).13 The overall results indicated that
CPCA-based GSEA appear to identify some toxicity mecha-
nisms that were missed by TELI-based GSEA, suggesting the
likely higher importance of temporal dynamics of gene
expression than the accumulative magnitude alone, at least in
the case of stress responses. It should be pointed out that the
CPCA applied here also extracted common variation
information from multiple samples such as replicates treat-
ments, which helped to further reduce systematic experiment
errors.

Impact of Concentrations on Toxicity Mechanisms
Identification. Toxic response of a given chemical as revealed
by toxicogenomics data can vary with dose concentrations, as
previously discussed. The molecular toxicological responses
appeared to be dose-dependent (SI Tables S3−S5), therefore
toxicant concentration would impact the GSEA results for
toxicity mechanism identification.19,27,36,40 Here for each

Figure 3. Comparison of GSEA gene ranking results for altered gene expression results for (a) MMC at 0.5 μg/L, (b) H2O2 at 10 mg/L, and (c)
Pb2+ at 0.125 μg/L using two different ranking metrics CPCA score (left) and TELI (right). Genes are positioned based on their ranking score in
nondecreasing order from left to right based (score values for each gene are listed in SI Tables S6−S11). Each vertical strip represents a gene, with
color-code indicating its associated stress response pathway and the dot displaying its ranking score. The results are based on an average of triplicate
treatments. The color codes for each stress response categories or pathways labels are shown in the legend at the bottom.

Table 1. Comparison of GSEA Results (p-Values) Using
Two Different Ranking Metrics, Namely CPCA Score and
TELI, Respectivelya

MMC H2O2 Pb2+

pathways CPCA TELI CPCA TELI CPCA TELI

general stress 1.00 1.00 0.00 0.61 1.00 0.88
redox stress 1.00 1.00 0.20 0.07 0.49 0.07
protein stress 1.00 1.00 0.99 0.61 1.00 0.88
cell killing 0.13 0.12 0.99 0.17 1.00 0.47
DNA damage 0.00 0.00 0.99 0.25 0.08 0.99
drug resistance 1.00 1.00 0.81 0.91 0.01 0.47
detoxification 1.00 1.00 0.02 0.00 0.49 0.16

aData were based on time series stress response altered gene
expression profiling data after exposure to MMC (0.5 μg/L), H2O2
(10 mg/L) and Pb2+ (0.125 μg/L). p-values are corrected for multiple
comparisons using false-discovery rate method.15
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chemical, we compare the results between GSEA using data
from samples with a single concentration and that using
collective data including samples from all doses. By inspecting
the difference, we could see whether dose is an important factor
influencing the analysis outcome.
Figure 4 and Table 2 show the GSEA results and statistical

significances analysis of seven stress response pathways. For
MMC, GSEA that considered the common genes among all
dose concentrations led to similar conclusions as that with one
single concentration. Both TELI-based and CPCA-based GSEA
identified DNA damage as main molecular effect of MMC,
which is consistent with the known toxicity mechanism of
MMC, a DNA-damaging model compound. TELI-based GSEA
also isolated significantly enriched pathway activity in cell
killing. For H2O2, the CPCA-based GSEA analysis using data
that incorporated various dose concentrations, however, yielded

a different outcome from those based on one single dose
concentration that indicated the significant activities of genes
involved in general stress and detoxification to mostly general
stress and redox stress. Both CPCA-based GSEA analysis
considering multiple dose concentrations suggested activation
of redox stress (p = 0.07), the known toxic mechanism of
oxidant H2O2, which was not detected by analysis with one
single dose concentration (Table 1). TELI-based analysis with
multiple concentrations led to a similar outcome as that with a
single concentration. For Pb2+, the CPCA-GSEA identified
dominant and significant enrichment of pathways that changed
from mainly drug resistance at single concentration to DNA-
damage for multiple concentrations, suggesting possible dose-
depending shifts in molecular response patterns. The results for
TELI-based GSEA with data incorporating multiple concen-
trations, pointed toward significant redox stress and detox-

Figure 4. Comparison of GSEA analysis gene ranking results with consideration of all six dose concentrations for (a) MMC, (b) H2O2, and (c) Pb
2+

using two different ranking metrics CPCA score (left) and TELI (right) for each chemical. Genes are positioned in nondecreasing order from left to
right based on the metrics. Each vertical strip represents a gene, with color indicating its associated pathway and dot displaying ranking score. The
results are based on results (triplicate treatments) of all six dose concentrations for each chemical. The color codes for each stress response category
or pathway label are shown in the legend at the bottom.
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ification response activities, which were not identified with a
single concentration. These results are generally consistent with
prior toxicological knowledge, as Pb2+ is known to cause
oxidative stresses that can consequently lead to cellular level
multiple responses, including DNA damage and detoxifica-
tion.41

The above results demonstrated that concentration affects
molecular toxic response profiles and the pathway activation
revealed by GSEA could yield different outcome depending on
the ranking metric employed, as well as on the toxicity nature of
the chemical. This is consistent with the previous statistical
analysis that revealed the impact of both time and dose on gene
expression levels (SI Tables S3−S5). The impact of
concentration on pathway activation and toxicity mechanism
identification may be more pronounced for chemicals that
exhibit dose-dependent toxicity mechanisms, such Pb2+. Others
may exhibit more chemical-specific and not so concentration-
sensitive toxicity effects such as MMC. Designing and
implementing particular techniques, such as CPCA, presents
the ability to extract and identify genes that show more
common behavior among all the dose concentrations and
indicate the conserved chemical-specific toxic effects. However,
it can be argued that it overly focuses on the commonality and
may overlook the dose-dependent specificity of toxicity nature.
Although dose-dependent toxicity is the central dogma of
toxicology at the phenotypic level, whether this holds true for
molecular toxicity as revealed by toxicogenomics studies
remains largely unknown. However, there were some successful
cases that applied molecular end points to address molecular
dose−response relationships10,18,25

In conclusion, we employed CPCA-based gene set enrich-
ment analysis with two ranking metrics against high-dimension
time series toxicogenomics data, with the aim to evaluate the
impacts of time and concentration on the determination of
significance of pathway activation and identification of chemical
toxicity mechanisms. Our results demonstrated that both time
and dose concentration impact the altered gene expression
profiles, therefore the consequent GSEA outcome. Comparison
of the two gene ranking methods and metric indicated that
choice of ranking score matric may lead to inconsistent GSEA
results and toxicity evaluation conclusions as the results of
differences in the underlying assumptions, logic, and the weight
given to the genes. Employment of a ranking metric that has
improved ability to capture the temporal dynamics in gene
expression pattern, as well as the consideration of dose-

dependent toxic responses, as demonstrated in this study, is
expected to potentially lead to more accurate identification of
toxicity mechanisms of a chemical.
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