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Abstract: Efficient compound selection remains a key challenge in drug discovery today. The goal is to identify develop-

able drug candidates early in the screening process while simultaneously flagging compounds with off-target effects in-

dicative of liabilities or alternate indications. This goal overlaps but is distinct from the goal of toxicogenomics which is 

focused primarily on identifying toxicity signatures of lead candidates in key tissues. We propose a framework where 

global changes in gene expression levels in response to compounds can be used as an objective metric for early compound 

prioritization. We call this metric the Relative Transcription Index (RTI). RTI is a measure of the relative activity of com-

pounds as ascertained by their effects on transcription at a genome-wide level. Compounds with a low RTI affect the ex-

pression of only a few genes whereas compounds with a high RTI affect the expression of a large number of genes. This 

information is useful for differentiating compounds that, based on phenotypic assays alone, may appear to be equally effi-

cacious. Since compounds with high RTI are more likely to display off-target effects, the RTI metric, if implemented 

early in the screening process, can become a valuable tool for compound selection. The utility of the RTI metric is dem-

onstrated by its application to two different gene expression datasets - one involving modulators of the liver X receptor 

(LXR) and the other concerning antibacterial compounds belonging to diverse mechanistic classes. 
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INTRODUCTION 

 Efficient compound selection is a key priority and chal-
lenge facing drug discovery today [1]. The goal is to identify 
developable drug candidates early in the screening process 
while simultaneously flagging and possibly eliminating 
compounds with potential off-target effects and other liabili-
ties. Ever-escalating costs for the discovery and development 
of pharmaceuticals make it imperative that evidence-based 
compound selection and prioritization take place as early as 
is reasonably possible. Although some attempts have been 
made for the high-throughput physicochemical profiling of 
compounds [9], the majority of existing methods for deter-
mining the efficacy and safety of newly synthesized com-
pounds depend on user-defined assays, typically in vitro or 
in cell culture systems. They usually measure single or a 
handful of endpoints and provide valuable but limited infor-
mation about compound function. This is due to the fact that 
the assays only inform on the measured endpoints but pro-
vide no information on the general effects of compounds. 
Such general effects often manifest later as off-target effects 
leading to either compound liability or alternate indications 
for the compound. A well-known example of an off-target 
drug effect is that of induction of cytochrome P450 genes by 
the anti-tuberculosis drug rifampicin via the activation of the 
pregnane X receptor [19]. The intended target of rifampicin 
is RNA polymerase [20]. However, induction of cytochrome 
P450 genes often leads to excessive metabolism of the drug 
leading to suboptimal or failed treatment. Open-ended meas-
urements that can measure several hundreds or thousands of 
endpoints simultaneously are needed to gain an understand-
ing of general compound effects. One way of acquiring such  
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information is by the incorporation of ‘omics’ based tech-
nologies early in the drug discovery process [4, 8]. These 
technologies embrace methods adapted to the measurement 
of the full or near-full complement of biomolecules in cells 
including RNA (transcriptomics), proteins (proteomics), 
lipids (lipidomics) and other metabolites (metabonomics). 
The data generated from these technologies can be character-
ized as system response profiles [5-7] and provide informa-
tion on the general state of a biological system. Several labo-
ratories have applied whole-genome transcriptomics to elu-
cidate pharmacological or toxicological cellular responses to 
drugs [24-26]. In this article, we report on the application of 
transcriptomics for generating a gene expression based met-
ric for the relative ranking of compounds. The principle of 
this approach is exemplified below through a class of com-
pounds that act as modulators of the liver X receptor (LXR, 
15) and on a class of antibacterial compounds. 

 LXR is a ligand-activated transcription factor that influ-
ences diverse endocrine functions [16, 17]. Activation of 
LXR by endogenous or exogenous ligands leads to well-
characterized transcriptional responses dependent on the 
cellular context [10, 11]. In human hepatocytes, specific 
genes related to the synthesis and transport of lipids are in-
duced (ABCG1, SREBP, FAS etc.) whereas in macrophages, 
pro-inflammatory genes such as interleukin 6 (IL-6) are 
down regulated [12, 13]. LXR modulator compounds differ-
entially regulate the activity of LXR [14]. The efficacy of 
LXR modulators are typically measured via phenotypic as-
says such as measurements of triglyceride biosynthesis, cho-
lesterol efflux or inhibition of interleukin 6 protein releases. 
In the current study, we profiled genome-wide transcrip-
tional response in cultured human hepatocytes (HUH7) and 
macrophages (THP1) treated with 20 LXR modulators. 
Based on the global gene expression responses elicited by 
each compound, we created an index of transcription (Rela-
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tive Transcription Index, RTI), relative to a benchmark LXR 
modulator, GW3965A, and used this index to score each 
compound based on their effects on gene expression. In other 
words, we determined if the compounds were modulating 
only the expected subset of LXR responsive genes or if they 
were inducing or repressing a larger set of genes probably by 
activating other targets beside LXR. Our results demonstrate 
that compounds that appear to be equally effective as LXR 
modulators (measured by phenotypic assays) often have 
dramatic differences in their effects on gene expression. 
Thus valuable information about compound characteristics 
that is not captured by the phenotypic assays is obtained 
from the RTI and provides a data-driven procedure for finer 
discrimination among compounds undergoing screening. 

 We extended the RTI algorithm to investigate a second, 
publicly available dataset [23] that measured the transcrip-
tional response of over 4000 genes from the bacteria Bacillus 
subtilis to 37 different antibacterial compounds representing 
6 major mechanisms of action classes (cell wall biosynthesis 
inhibitors, DNA topology inhibitors, fatty acid biosynthesis 
inhibitors, folate biosynthesis inhibitors, membrane-active 
ionophores and protein biosynthesis inhibitors). Our results 
point to a relation between the mechanistic class of a com-
pound and it’s RTI. Specifically, the protein biosynthesis 
inhibitor antibiotics elicit the greatest number of changes in 
gene expression compared to compounds belonging to other 
mechanistic classes (higher RTI). 

METHODS 

Compound Selection 

 A diverse set of 15 full and partial LXR /  agonist che-
motypes were selected based on data from a cell-free ligand-
sensing assay (LiSA) using LXR  and LXR  ligand-binding 
domains [18]. Activities and efficacies ranged from 5 μM-10 
nM and 20-100 percent of GW3965, respectively. An addi-
tional exemplar from 5 of these chemotypes was selected to 
provide structure-activity information, giving rise to a total 
of 20 LXR ligands being profiled in the described experi-
ments. 

Cell-Based (Phenotypic) Assays 

 THP1 cells were differentiated with 40 ng/mL of 1 25-
dihydroxy vitamin D3 (EMD Biosciences, San Diego, CA, 
USA) for 72 h in T225 flasks. The cells were then plated at 
1x10

5
 cells per well of a 96-well plate, and compound was 

added in decreasing doses from 5 μM down to 2.3 nM final. 
After 6 h, the cells were stimulated with a final concentration 
of 100 ng/mL of LPS (Sigma-Aldrich, St. Louis, MO, USA) 
and incubated for an additional 18 h. The media were re-
moved from the cells and assayed using a human IL-6 
ELISA (R&D Systems, Minneapolis, MN, USA). 

 Human HUH7 cells were plated at 2.5x10
5
 cells per well 

in 96 well plates, and compound was added in decreasing 
doses from 5 μM down to 2.3 nM. Cells were incubated for 
72 h. After the third day, media was removed and the cells 
lysed in Infinity triglyceride reagent (Thermo Electron, Mel-
bourne, AUS) containing 0.01% digitonin (Sigma-Aldrich). 
Plates are incubated at 37 

o
C for 30-120 min and read at 30 

min intervals on a plate reader at 540 nM. 

Sample Preparation and Hybridization to Affymetrix 
Genechips 

 Total RNA samples from cell cultures were isolated by 
Trizol reagent (Invitrogen, Carlsbad, CA, USA) and purified 
on a RNeasy column (Qiagen, Valencia, CA, USA), prior to 
labeling for hybridization to Affymetrix U133A human ar-
rays (Affymetrix, Santa Clara, CA, USA). Subsequent sam-
ple processing, labeling and hybridization of labeled nucleic 
acids to the Affymetrix chips were done as specified by the 
manufacturer [3]. Each compound treatment, including vehi-
cle, was done in triplicate for each of the 2 cell-lines. 

DATA PREPARATION 

 Gene expression signals from the hybridized Affymetrix 
microarray were generated via the MAS 5.0 software from 
Affymetrix. All expression data was normalized by global 
scaling to a trimmed average intensity of 150 per chip. We 
considered a minimum signal of 50 units in at least one of 
the treatments to be the inclusion criterion for probesets. 
Based on these criteria, we retained 8238 probesets from 
HUH7 samples and 7575 probesets from THP1 samples for 
further analysis. Typically one or more probesets correspond 
to known genes or expressed sequence tags. 

 A principal components analysis was performed on all 
samples (per cell type) using gene signals as the input vari-
ables and treated samples as observations. None of the sam-
ples behaved as outliers (data not shown), and consequently, 
the full set of samples was retained for analysis. Gene sig-
nals were logged (to base 2). For each treatment group, the 
average signal for each gene was computed from the indi-
vidual logged signals. 

STATISTICAL ANALYSIS 

 The statistical analysis described below details the proce-
dure used for computing the Relative Transcription Index of 
compounds. For each gene we first computed a median log 
signal from the compound-wise average log signals for that 
gene. Then, for each gene, we determined the absolute devia-
tion of the compound-wise average log signals from the 
gene’s median log signal. Next we computed the median of 
the absolute deviation of the log signals, also known as 
MAD. From these values, we computed a compound-
specific value, known as a robust z-score, for each gene ac-
cording to the following relations: 
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for   i = 1,2,3...,n  genes ;   j = 1,2,3...,m  compounds, where ijz  

is the robust z-score for gene  i  and compound j , 
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average log signal for gene  i  and compound  j , 
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vector of average log signals for gene i . 
  
Median(x

i
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median log signal for gene i across all compounds and 

  
MAD(x

i
) is the median absolute deviation for gene  i . The 

constant 1.4826 is a correction factor designed to make the 

estimator scale factor consistent with the usual scale parame-

ter of a normal distribution, in this case the standard devia-
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tion [2]. For a given compound, the robust z-score for a gene 

indicates the level of overexpression or underexpression of 

the gene compared to the average (median) expression of 

that gene across all compounds. The robust z-test heuristic 

states that an absolute z-score greater than 3.5 should be 

considered an extreme value or an outlier. Thus a compound 

with an absolute z-score greater than 3.5 for any gene indi-

cates that the expression for that gene was significantly up or 

downregulated by that compound when compared to the ex-

pression of that gene for the other compounds. The number 

of genes with an absolute z-score greater than the threshold 

is used as a metric to label the overall ability of a compound 

to cause significant changes in gene expression. These num-

bers are then scaled in reference to the numbers observed for 

a common reference compound (or vehicle). We define these 

scaled values as the Relative Transcription Index (RTI) of 

the compounds. RTI for a compound is expressed as 

  

RTI
j
= log

2

# g
j
 with | z |> 3.5

# g
cref

 with | z |> 3.5

, where 
  
# g

j
 with | z |> 3.5  is the 

number of genes with absolute modified z-scores greater 

than 3.5 for compound  j and 
  
# g

cref
 with | z |> 3.5  is the number 

of genes with absolute modified z-scores greater than 3.5 for 

the reference compound. The logarithm of the ratio is taken 

in order to equalize the scale of RTI values that are larger or 

smaller than that of the reference. The RTI value of the ref-

erence equals to zero after log transformation. 

RESULTS 

 RTI assessment is independent of phenotypic efficacy 
assessments: Table 1 shows the Relative Transcription Index 
of the LXR modulators in the two cell lines assayed, along 
with phenotypic assay results. This allows one to compare 
relative agreement of a RTI score of a compound with its 
phenotypic score (obtained from a phenotypic assay). For the 
HUH7 system, the phenotypic score of a LXR modulator is a 
measure of its relative ability to induce triglyceride synthesis 
at a concentration of 500 nM compared to the reference 
compound (GW683965A). Fig. 1 is a plot comparing the 

Table 1. Relative Transcription Index (RTI) and Phenotypic Assay Scores for LXR Modulator Compounds 

 

Compound 
THP1 Number 

of Outlier 

Genes (|zi|>3.5) 

THP1 

RTI 

Score  

THP1 Inhibition of IL-6
a 

Release (% GW3965
b
 

Activity at 500 nM) 

HUH7 Number of 

Outlier Genes 

(|zi|>3.5) 

HUH7 RTI 

Score  

HUH7 TG
c
 Synthesis (% 

GW3965 Activity at 500 nM) 

Veh 48 0.13 0 10 0.00 0 

C1 264 2.58 ND 1212 6.92 ND 

C2 14 -1.65 50 490 5.61 ND 

C3 342 2.96 ND 1059 6.73 ND 

C4 32 -0.46 25 381 5.25 50 

C5 15 -1.55 90 660 6.04 150 

C6 9 -2.29 90 137 3.78 90 

C7 19 -1.21 20 16 0.68 20 

C8 95 1.11 ND 27 1.43 ND 

C9 45 0.03 55 981 6.62 11 

C10 114 1.37 96 5 -1.00 15 

C11 33 -0.42 90 61 2.61 ND 

C12b 44 0.00 100 10 0.00 100 

C13 45 0.03 100 10 0.00 100 

C14 50 0.18 90 7 -0.51 50 

C15 167 1.92 90 78 2.96 10 

C16 34 -0.37 70 8 -0.32 30 

C17 35 -0.33 40 12 0.26 10 

C18 87 0.98 20 22 1.14 90 

C19 16 -1.46 ND 66 2.72 ND 

C20 68 0.63 90 18 0.85 100 

Results from each of the two cell lines (HUH7 and THP1) are presented. For each compound, the number of outlier genes (genes with absolute, robust z-score  3.5), the associated 

RTI score and the phenotypic assay score are presented. 
aIL 6 = interleukin 6. 
bCompound 12, GW683965A, was used as the reference compound. 
cTG = triglyceride. 
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RTI scores and triglyceride synthesis scores for 15 com-
pounds (the remaining 5 compounds do not have triglyceride 
synthesis scores and were therefore not plotted). Compounds 
C13, C18 and C20 are phenotypically similar to the refer-
ence compound and also have RTI scores close to that of the 
reference. However, this does not hold true in all cases. For 
example, compounds C5 and C6, which also appear pheno-
typically equivalent to the reference, have very high RTI 
scores indicating that they change expression of a much 
larger number of genes compared to the reference com-
pound. Thus, based on the RTI scores, one can rank pheno-
typically similar compounds in the following order: 
C12,13,18,20 > C6 > C5 in order of increasing non-specific 
transcriptional effects. This ranking can then be used in 
compound prioritization and selection. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. (1). Ranking of compounds based on RTI and phenotype 

assay scores from HUH7 cells. The phenotypic assay (triglyceride 

release relative to reference compound, GW683965) results for 

each compound is plotted on the Y-axis and the corresponding RTI 

scores are plotted on the X-axis. Compounds for which both pheno-

typic and RTI data exist are plotted. 

 RTI is context dependent: From Table 1, a comparison 
among the compounds for the number of outlier genes (|z| > 
3.5) and the corresponding RTI scores reveals context (cell 
line) specific differences. In the HUH7 system, compounds 
C2, C3, C4, C5, C6, and C10 upregulate a large number of 
genes compared to the reference compound (C12, 
GW683965A) and consequently have large positive RTI 
scores. Since the reference compound induces only 10 genes 
beyond the outlier range, there is not enough room to obtain 
large negative RTI scores for the other compounds relative 
to the reference. For the THP1 system, the positive and nega-
tive RTI scores are more evenly distributed (maximum 2.96 
for C3 and minimum -2.29 for C6). This is due, in part, to 
the reference compound affecting the expression of a larger 
number of genes beyond the outlier range (89 genes). 

 Variability in the degree of overlap among outlier genes: 
In Fig. 2, we performed a compound-by-compound compari-
son of the percent overlap between the outlier genes (|z|>3.5) 
generated by each compound. For each compound, the self-
comparison value for percent overlap was set at 100%. 
Overall, the degree of overlap among any two compounds 

was relatively small (average overlap of 4.6% for THP1 sys-
tem and 5.9% for HUH7 system). Only one exception was 
noted for a cluster of compounds in the HUH7 system. This 
cluster consisted of compounds C2, C4, C5 and C9 for which 
60-73% of outlier genes were in common with each other. 

 RTI may be related to mechanistic class: In order to test 
the extent of applicability of the RTI, we performed an 
analysis on a different dataset containing transcription data 
from the bacterium Bacillus subtilis treated with 37 antibac-
terial compounds representing diverse mechanistic classes. 
In this dataset, we observed a class-dependence in the RTI 
scores. The transcription dataset was generated by Hutter et 
al. [23], and is publicly available over the World Wide Web. 
We computed the RTI for each compound relative to ce-
foxitin (an arbitrarily chosen reference) based on gene ex-
pression profiles observed at 40 min of treatment with the 
compounds. Fig. 3 shows the RTI for each compound, 
grouped according to its mechanism of action. According to 
Fig. 3, compounds displaying high RTI are enriched in the 
protein biosynthesis inhibitor class, compared to any other 
classes. This finding demonstrates that in certain circum-
stances, RTI is also useful for ranking mechanism-based 
compound classes in addition to the ranking of individual 
compounds. 

DISCUSSION 

 Current methods for compound screening and selection 
rely on directed phenotypic assays investigating a com-
pound's efficacy and safety. These assays convey informa-
tion about the selected targets and endpoints but fail to in-
form on off-target effects. These off-target effects are often 
the basis for adverse reactions or opportunities for alternate 
therapeutic applications. The earlier these off-target effects 
are identified and acted upon, the better it will impact the 
drug discovery process by picking the winners and losers 
early and reducing expensive attrition in the late, resource-
intensive phases of drug development. Although the need for 
utilizing gene expression for compound selection and priori-
tization has been articulated [21, 22], an appropriate metric 
for translating that need into practice has not been reported. 
Moreover, most of the attention has been focused on predict-
ing drug toxicity from gene expression (toxicogenomics) and 
not so much on the earlier phases of compound selection 
preceding lead optimization, when several molecules from 
multiple chemotypes are contenders and only a few can be 
progressed for structure-activity relationship studies. 

 To address the need for more insightful compound char-
acterization early in drug discovery, we propose the Relative 
Transcription Index or RTI as a metric for compound charac-
terization and prioritization. The RTI measures the impact of 
a compound on global gene expression and thereby provides 
a measure of general compound behavior. One application of 
the RTI is towards the characterization of a set of com-
pounds directed against the same molecular target. Our re-
sults with LXR modulators show that the RTI scores for the 
compounds are context dependent and importantly, do not 
necessarily correlate with phenotypic efficacy scores. Also, 
compounds with similar RTI scores can do so by affecting  
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Fig. (2). Overlap among gene sets. (a) Percent overlap among the outlier genes (|z| > 3.5) on a compound-by-compound basis in the HUH7 

study. The overlap among genes for each compound with itself is always 100%. The value at a row-column intersection reflects the percent 

of outlier genes that are in common between the two compounds occupying that row and that column. (b) Same analysis as (a) but for the 

THP1 study. Compounds are identified as per Table 1.  
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largely non-overlapping sets of genes. These findings point 
to the fact that different compounds, designed against the 
same molecular target, can confer unique effects on global 
gene expression that cannot be known from directed pheno-
typic assays. In this context RTI provides value as an inde-
pendent measure of compound function and a metric for 
compound selection. Additionally, as shown with bacterial 
gene expression data, RTI may also inform about general 
properties of mechanism-based compound classes in addition 
to individual compound rankings. 

 The scope of the RTI is best appreciated during the early 
phase of compound screening. In its current format, the RTI 
is not explicitly designed to be a toxicity screen and com-
pounds with obvious toxic effects do not require the RTI. 
However, the possibility of adverse effects is expected to be 
greater for compounds with large RTIs. The RTI is most 
useful for compounds that appear to be equally efficacious in 
directed cell-based in vitro assays without overt signs of tox-
icity. It is useful when established methods for compound 
prioritization cannot provide the information needed for 
ranking. 

 In this study, we have confined ourselves to the presenta-
tion of the RTI as a practical, quantitative measure of com-
pound behavior. Additional statistical and biological analysis 
of the sets of genes induced by compounds with large RTI 
can lead to insights into compound-mediated toxicity or 
compound-mediated alternative therapeutic benefits. We 
have also confined ourselves to investigating the effects of 
compounds on transcription alone. This is a practical consid-
eration reflecting the maturity and adaptability of the gene 
expression profiling platform technologies today. In the fu-
ture, the concept of the RTI can be extended to global pro-
teomic and metabonomic profiling of compounds. The con-
cept of RTI is thus generalizable. This will be particularly 

useful for characterizing compounds that do not have signifi-
cant effects on transcription. 
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