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A B S T R A C T   

MoS-TEC is a newly developed toxicogenomics database for time-expression curves fitted with a statistical model 
selection approach. Toxicogenomic data provide information on the response of the genome to compounds, often 
measured in terms of gene expression values. When such experimental data are available for different exposure 
times, the functional relationships between the exposure time and the expression values of genes might be of 
interest. The TG-GATEs (Open Toxicogenomics Project-Genomics Assisted Toxicity Evaluation System) database 
provides such information for genomewide gene expression data for 170 compounds. We performed extensive 
model selection using MCP-Mod on these data. Specifically, gene expression data measured for eight time points 
from in vivo experiments on rat liver for 120 compounds with complete datasets were considered. MCP-Mod is a 
two-step approach, including a multiple comparison procedure (MCP) and a modelling (Mod) approach. The 
results are estimated time-expression curves that model the relationship between exposure time and gene 
expression values for all combinations of genes and compounds. We present an appropriate data normalization 
approach and report which models were selected per compound and in total. For high-quality model fits with a 
large value for the explained variance, the sigEmax model was most frequently selected. The new R Shiny 
application MoS-TEC provides easy access for researchers to the best curve fit for all genes individually for all 
compounds. It can be used online without installing additional software.   

1. Introduction 

In preclinical and toxicological research, knowledge about the 
properties of compounds is often derived from data obtained from ani
mal or cell experiments. In the field of toxicogenomics, it is investigated 
how the genome responds to compounds, often measured in terms of 
gene expression or protein expression [25]. Molecular technologies such 
as Microarray or RNA-Seq technology [7, e.g.] allow to measure the 
gene expression in cells simultaneously genomewide for tens of thou
sands of genes. 

A frequent goal is to obtain information about the onset of a possibly 
adverse effect of a specific compound, depending on the value of a 
certain condition of interest [15]. As condition, in toxicology, mostly the 
concentration or the dose of the compound is used, but also other 

conditions are of interest, such as the exposure time of the cells to the 
compound. The standard approach then is to measure several values of 
the condition of interest and to model the condition-response relation
ship. From a statistical point of view, the type of condition does not 
influence the curve modelling approach. Therefore, in this paper terms 
such as ‘dose–response analysis’ or ‘alert concentration’ can also refer to 
other condition types, especially exposure time, i.e. we will also use the 
terms ‘time-response analysis’ or ‘alert time’. 

The Open TG-GATEs1 database [13] contains genomewide gene 
expression data for 170 different compounds, measured in vivo in rats 
and additionally in vitro in human and rat hepatocytes. For the in vivo 
measurements, for all compounds, three different doses and eight 
(exposure) times are given, such that the gene expression profiles can be 
modelled as a function of time. 
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Data from the TG-GATEs database have recently been used in several 
applications, e.g. for validation of a newly developed multi-dose model 
to predict drug-induced hepatotoxicity based on gene expression and 
toxicity data [33], or for identifying a set of 1000 genes that are highly 
responsive to chemical exposures [31]. While these works make use of 
the large set of compounds available in the TG-GATEs database, data 
from selected individual compounds can also be used as an example 
dataset to demonstrate the application of a new method, as done in Serra 
et al. [30]. 

The approach to model concentration–response curves has many 
advantages, such as being able to interpolate between actually measured 
concentrations and making use of the entire concentration–response 
profile instead of considering response values only concentration-wise. 
However, for gene expression data, the approach to consider the con
centrations individually is still often preferred in the published literature 
[17]. When using the modelling approach, a major challenge is the 
choice of an appropriate model. A combination of relevance testing of 
some concentration–response effect and model selection is provided by 
the MCP-Mod (Multiple comparison procedure and modeling) approach, 
originally introduced by Bretz et al. [6]. It has been shown that this 
approach is also suitable for high-dimensional gene expression data 
[11]. 

In a two-step approach, it is first determined whether the gene ex
hibits a non-flat profile, and then suitable models are fitted and 
compared. In more detail, the MCP-Mod approach is a two-step pro
cedure originally designed for Phase II clinical trials. In the first step, for 
a pre-specified set of candidate models (for modelling the dose–response 
relationship), the proof of concept (PoC) is established via a multiple 
comparison procedure. This means that it is identified which statistical 
models for describing the dose–response relationship better fit the data 
than a flat profile. Only for the candidate models that pass this PoC-step, 
the respective model parameters are estimated, and either model se
lection based on an information criterion or model averaging is per
formed. Since in the analysis discussed here, genomic data is considered, 
the terminology PoC does not match the common usage. Thus, we refer 
to a significant result of the multiple comparison procedure as ‘sig
nifMCP’, in line with Duda et al. [11]. 

In this paper, we provide a detailed analysis of the gene expression 
profiles for a large number of compounds in the TG-Gates database, 
where the profile is a function of the (exposure) time. Our goal is to 
provide comprehensive insights for a huge number of genes, treated 
with different compounds, over several time points. We proceed in three 
steps. We explain the results for specific selected compounds, give an 
overview of results for all compounds, and present our new publicly 
freely available database MoS-TEC (’Model Selection for Time- 
Expression Curves applied to compounds from the TG-GATEs data
base’, or short ‘Model Selection Time-Expression Curves’). In MoS-TEC, 
for each compound-gene combination, fitted time-expression curves can 
be viewed and downloaded. We also discuss meaningful and necessary 
pre-processing of the data from the TG-GATEs database. 

The database MoS-TEC can be assessed via a user-friendly R Shiny 
application [9], which is also called MoS-TEC.2 It illustrates the 
compound-wise results via PCA plots and presents the results of the 
MCP-Mod procedure in a summarized way. The main application of the 
app is to view and download resulting time-expression curves for indi
vidual genes of interest. As output for a combination of a gene and a 
compound, only the model selected by the MCP-Mod methodology or all 
models that passed the signifMCP step can be plotted. 

Based on the fitted time-response models, it is possible to calculate a 
variety of alerts based on a pre-defined effect level. Examples are 
different versions of the minimum effective dose introduced in the 
context of MCP-Mod [6], effective times [28], (absolute) lowest effective 
times [16; 18; 24], or benchmark times [15]. However, in this work, the 

focus is on the appropriate pre-processing and on the modelling of the 
time-response relationship itself, not on the derivation of alerts. 

The MoS-TEC application provides detailed information on the time- 
response profile for individual genes. Its use is thus mostly given in 
applications where some genes are pre-selected based on biological 
considerations, and their properties after treatment with different 
compounds are of interest. One such area of application are adverse 
outcome pathways (AOP) [2]. An AOP is a concept, where within a 
sequence of events, beginning with a molecular initiating event, and 
progressing via key events, an adverse outcome is reached. A main 
purpose of AOPs is to gain insight on the connection between mecha
nisms of toxicity and the adverse outcome [19]. A summary of all 
currently characterized AOPs is given in the AOP knowledge base 
maintained by the OECD (Organisation for Economic Co-operation and 
Development) (https://aopkb.oecd.org/). Rooney et al. [29] and Corton 
et al. [10] analysed gene expression measurements for several com
pounds from the TG-GATEs database to identify rat liver tumorigens in 
short-term assays. The authors considered specific molecular initiating 
events that were only based on gene expression biomarkers and key 
events. 

The remainder of the paper is structured as follows. First, the TG- 
GATEs database and the corresponding datasets used for modelling 
curves are introduced in detail. The MCP-Mod methodology is 
explained, and the specific parameter choices and adaptions required for 
the given datasets are discussed. The results of the analysis are first 
presented in terms of the necessary normalization steps. Then, some 
general results of the MCP-Mod procedure on 120 compounds from the 
database are presented, and for four specifically chosen compounds, the 
results are discussed in detail. Finally, the newly developed Shiny 
application ‘MoS-TEC’ that allows to individually perform the analyses 
for all compounds is introduced. 

2. Materials and methods 

This section presents the Open TG-GATEs database and, in partic
ular, the in vivo gene expression datasets that are the basis of the MoS- 
TEC database. The initial analysis of the dataset, which consists of 
preprocessing and some descriptive analyses, is explained, as well as the 
MCP-Mod method along with the selected candidate models. 

2.1. The Open TG-GATEs database 

The Open TG-GATEs (Open Toxicogenomics Project-Genomics 
Assisted Toxicity Evaluation System) is a freely available large-scale 
and high-quality toxicogenomics database [13]. It contains gene 
expression profiles derived from in vivo (rat) and in vitro (primary rat 
hepatocytes, primary human hepatocytes) exposure to 170 compounds 
at multiple doses and (exposure) time points. The compounds include 
pharmaceuticals and chemicals demonstrated to produce liver and 
kidney damage. For the in vivo studies, only performed in rats, the gene 
expression data for a test compound were obtained from single com
pound administration at up to four doses (control, low, middle, high) 
and eight time points. The time points correspond to four single-dose 
studies (where the animals were treated only once and then sacrificed 
after 3, 6, 9, or 24 h) and four repeated-dose studies (where the animals 
received one dose per day and were sacrificed after 4, 8, 15, or 29 days). 
For the in vivo studies, the concentrations for the low, middle, and high 
doses were chosen in a ratio of 1:3:10. For the in vitro studies, the ratio 
of the concentrations was set as 1:5:25. The gene expression (micro
array) analysis was performed using the Rat Genome 230 2.0 Array and 
the Human Genome U133 Plus 2.0 Array. 

2.2. Initial analysis of the datasets 

In the following, only data from in vivo experiments on rat liver and 
only compounds that are complete in terms of doses and time points are 2 http://shiny.statistik.tu-dortmund.de:8080/app/MoS-TEC. 
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considered. The number of complete datasets is 120. The handling, 
analysis, and visualization of the data was performed in R, version 4.1.0 
[26]. The microarray data were preprocessed with the RMA (robust 
multiarray average) algorithm, which applies a background correction, 
quantile normalization, and a log2-transformation [14]. This was done 
using the additional software packages affy [12] and rat2302.db 
[8]. 

The considered datasets contain 31,099 probe sets, respectively. For 
each probe set (in the following referred to as gene for simplicity), N =

96 measurements are available, consisting of three measurements for 
each of the four doses and eight time points. In this work, only the 
control and the high dose are considered for the time-response model
ling, reducing the dataset to N = 48 samples per compound. 

For the descriptive analysis of the data, principal component analysis 
(PCA) is performed in four scenarios, which are distinguished by 
different filters and transformations according to specific criteria. For 
the first scenario, all 31,099 genes are used for the calculation of the 
PCA. These data are referred to as untreated data in the following. For 
the second scenario, the variance is calculated for each gene across all 
replicates, doses, and time points, and instead of all 31,099 genes only 
the 1000 genes with the greatest variance are considered. For the third 
PCA, the gene expression data are normalized with respect to the control 
values. For each time point separately, normalization is done by calcu
lating per gene the arithmetic mean of the expression values for the 
control dose, and subtracting genewise this mean from the single values 
for the high dose. The resulting mean values thus are (normalized) high 
dose values of the respective compound for each time point. The control 
values are then not considered further and are removed from the data 
set. These data are referred to as normalized data in the following. In the 
fourth scenario, again, only the 1000 genes with the greatest variance 
are considered, but now for the normalized data. For all four scenarios, 
the first two principal components are used for plotting and interpreting 
the PCA results. 

2.3. MCP-Mod procedure 

In this section, the Multiple Comparison Procedure and Modelling 
(MCP-Mod) approach is presented, for details see also Bornkamp et al. 
[4]. In this work, the effect is not modeled as a function of concentration 
or dose, but of exposure time. Therefore, in the following the term time- 
response model is used instead of dose–response model. 

MCP-Mod is an approach for the investigation of time-response re
lationships. The method consists of a multiple comparison procedure 
(MCP) and a modeling (Mod) approach. In the MCP step, an optimal 
contrast test is used to determine whether a gene has a statistically 
significant signal for a predefined set of candidate models. If a signifi
cant signal is detected for at least one model, a so-called signifMCP 
(significant result of the multiple comparison procedure) is present and 
the Mod step is performed. For the set of models for which a signifMCP is 
available, either the ‘best’ model is selected based on the Akaike infor
mation criterion (AIC), or model averaging over the set of significant 
models is performed, both resulting in an estimate of the time-response 
profile. 

Given are k time points t1 < … < tk with ni replicates. A model 
equation of the preprocessed gene expression value for time point i = 1,
…, k and replicate j = 1,…, ni is given by 

Yij = μti +∊ij, ∊ij ∼ N (0, σ2), (1)  

with homogeneous variance σ2 > 0. The mean response E(Yij) = μti =

f(ti, θ) at time point ti is assumed to follow a time-response model with 
parameter vector θ and ∊ij as independent errors. The total sample size is 
N =

∑k
i=1ni. For the MCP step, a set M of M models is specified. An 

overview of the models and their parameters that are used in this work is 
given in Table 1. The models can be reformulated as 

f(t, θ) = θ0 + θ1f0(t, θ0) (2)  

(see second column of Table 1), where f0(t, θ0) is the standardized 
version of a model, parameterized by the vector θ0. Here θ0 is a location 
and θ1 is a scale parameter, so only the parameter vector θ0 determines 
the shape of the model function. The concept of standardized models is 
important for the choice of optimal contrasts. 

In addition, initial estimates, so-called guesstimates, are determined 
for the parameter vector θ0. In practice, these are translated into esti
mates for θ0 through careful consideration and prior knowledge of the 
expected percentages of maximal effects at specific time points. Because 
of the large number of genes, an individual choice of guesstimates per 
gene is practically infeasible. Therefore, the same guesstimates are used 
for all genes. For some genes the guesstimates will correspond more 
closely to their actual shapes, and for some genes, candidate models and 
actual profiles might deviate further. The estimates used are listed in the 
last column of Table 1. They are chosen in a way that a broad range of 
possible time-response shapes is covered, following the general idea 
from Duda et al. [11]. For the sigEmax model, it is assumed that at time 
9 h 50% and at time 350 h 95% of the maximum effect is achieved. For 
the Emax model, 50% of the maximum effect is assumed to be reached at 
time 9 h. These assumptions are based on some explorative analyses. In 
the exponential model, at time 9, 9/700% of the maximum effect is 
assumed to be reached, yielding a pronounced exponential shape. In the 
quadratic model, the guesstimate is calculated based on the assumption 
that 100% of the maximum effect is reached at a time of 350 h, which 
corresponds to approximately half of the maximal tested time. A 
graphical display of the resulting candidate models is given in 
Figures A.1 (log-scale) and A.2 (original scale). 

Given are M = |M | candidate models with model functions fm(t, θ)
and guesstimates θ0 of the standardized models f0

m. For each candidate 
model an optimal contrast test is calculated, where the hypothesis H0

m :

cT
mμm = 0 versus H1

m : cT
mμm ∕= 0 is tested. Here cm = (cm1,…, cmk)

T is 
the optimal contrast vector of model m and μm = (μm1,…, μmk)

T defines a 
mean response vector for the m-th candidate shape. The test statistics for 
the contrasts are given by 

Tm =

∑k

i=1
cmiYi

S

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑k

i=1
c2

mi

/

ni

√ , m = 1,…M, (3)  

where Yi is the mean at time point ti and 
S2 =

∑k
i=1

∑ni
j=1(Yij − Yi)

2
/(N − k) is the pooled variance. The values cm 

are chosen to maximize the power of the assumed mean response vector 

Table 1 
Time-response models f(t, θ), their standardized versions f0(t, θ0), and the 
guesstimates for θ0 for the analysis. For the beta model, B is defined as B(δ1, δ2)

= (δ1 + δ2)
δ1+δ2/δδ1

1 δδ2
2 and D = 696. For the linlog model, the offset c is not 

estimated but set to 0.01× maximal time point, which is 6.96 in our case, to 
avoid taking the logarithm of 0.  

Model f(t, θ) f0(t,θ0) θ0 

linear E0 + δt t ∅ 
linlog E0 + δlog(t + c) log(t + c) ∅ 
quadratic E0 + β1t + β2t2 t + (β2/|β1|)t2 δ = β2/|β1| =

− 0.0014 
exponential E0 + E1(exp(t/a) −

1)
exp(t/a) − 1 a = 1391.9999 

emax E0 + Emaxt/(ET50 + t) t/(ET50 + t) ET50 = 9 
Beta E0 + EmaxB(a1,a2)⋅ B(a1,a2)

(t/D)a1 (1 − t/D)a2 

a1 = 2,a2 = 1 
(t/D)a1 (1 − t/D)a2 

sigEmax E0 + Emaxth/(ETh
50 +

tn)
tb/(ETh

50 + th) ET50 = 9,h =

0.8043  
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μm. Under H0, (T1,…,TM)
T follows a central multivariate t-distribution. 

A signifMCP is established if Tmax = max(T1,…,TM) > q1− α, where q1− α 
is the multiplicity-adjusted critical value at level 1 − α. Models with 
contrast test statistics greater than the 1 − α quantile can be considered 
statistically significant, controlling the family-wise error rate. The 
models with Tm > q1− α form the set M * = {M1, …, ML} ⊆ M of L sig
nificant models. Only if a signifMCP is present for at least one gene, next 
the modeling step is performed. In the modeling step, the ‘best’ model is 
chosen according to the AIC. 

For a gene with expression values yij (i = 1,…, k, j = 1,…, ni) and 
associated model fit f(⋅, θ̂), the adjusted R2 is given by 

R2
adj = 1 −

(1 − R2)(N − 1)
N − p

, R2 = 1 −
SSE
SST

,

with the sum of squared errors SSE =
∑k

i=1
∑ni

j=1(yij − f(ti, θ̂))2 and the 

total sum of squares SST =
∑k

i=1
∑ni

j=1(yij − y)2. The number of param
eters is given by p. 

The MCPMod procedure is implemented in the software package 
DoseFinding [4]. In this implementation, for the calculation of the 
multiple testing procedure, the lowest condition is required to take a 
value of 0. However, in the TG-GATEs data, the lowest considered 
condition is the time of 3 h. Thus, for the calculation of the candidate 
models and the subsequent calculation of the optimal contrasts, this 
condition of 3 h is set to 0. This only affects the calculation of the sig
nifMCP via a slight adjustment of the optimal contrasts. The modelling 
step is again performed on the original data, also the model selection 
based on the AIC is not affected by this approach. In particular, this 
means that the final displayed model, i.e., the fitted curve, is shown for 
the original data with the lowest time point of 3 h. 

3. Results 

In this section, the results of the data analysis are presented. First, the 
necessity to perform appropriate normalization is illustrated with an 
example. A general overview of results when applying the MCP-Mod 
procedure to compounds from the TG-GATEs database is given, fol
lowed by a detailed description of the analysis for four chosen sample 
compounds. Finally, the newly developed Shiny application for per
forming the here presented analysis with the help of an easily compre
hensible graphic interface is briefly introduced. 

For displaying data, the R packages ggplot2 [34] and dplyr [35] 
were used. 

3.1. Normalization of gene expression data 

When only considering compounds with complete measurements for 
the in vivo experiments on rat liver, 120 datasets are considered in total. 
After pre-processing via the RMA algorithm, the data of the high dose 
are normalized with respect to the respective control values of the same 
time point. The benefit of performing such a normalization is illustrated 
in Fig. 1. Here, for the compound propylthiouracil, PCA plots for 
different situations are shown. In contrast to the later MCPMod analyses, 
here all dose levels are considered. 

In the top left corner, the PCA plot for the complete data, after pre- 
processing, but without any normalization or gene selection is shown. 
Four dose levels (Control, Low, Middle, High) for the 8 different time 
points and three replicates for each dose-time combination are dis
played. The time points corresponding to a single dose (3, 6, 9, 24 h) are 
clearly separated on the horizontal axis (i.e. for the first principal 
component (PC)) from the time points corresponding to the repeated 
doses (4, 8, 15, 29 days), as indicated by the black line. This separation 
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Fig. 1. PCA plots for the compound propylthiouracil for all dose levels and all time points. The plots in the top row show the original data and the plots in the bottom 
row show the data after normalizing with respect to the corresponding control values. The plots on the left consider all genes, while the plots on the right are based on 
the respective 1000 genes with the highest variance across all samples, respectively. 
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between single and repeat doses is far more pronounced than any sep
aration between the individual time points or the dose levels, suggesting 
some kind of batch effect. To avoid blurring the results with primarily 
noisy genes with no real effect between conditions, the next step is to 
consider only the top 1000 genes with the highest variance across all 
samples. This is a common default procedure in several standard 
implementations of PCA, e.g. in the plotMDS function from the R- 
package limma [27], the plotPCA function from the R-package 
DESeq2 [21] or in the R package pcaExplorer [22]. The resulting 
PCA plot is shown in the top right corner. Still, a clear separation be
tween the single doses and the repeated doses can be seen, but overall, 
the values for the different times are pulled apart and overlap less. For 
the repeated doses, all the samples corresponding to the control dose 
level cluster very closely together, while for the single doses, the control 
dose levels cluster more closely with the other samples of the respective 
same time point. 

To avoid these batch effects, data of the dose levels Low, Middle, and 
High are normalized with respect to the corresponding control repli
cates. For each time point and each gene, the mean expression value of 
the three control replicates is calculated, and this value is subtracted 
from all expression values for the other doses. The corresponding PCA 
plots are shown in the bottom row of Fig. 1. The bottom left plot shows 
the entire dataset, accordingly normalized, and the bottom right plot 
again only based on the 1000 genes with the highest variances in their 
expression values, after normalization. Here a notably higher percentage 
of the overall variability is explained than when all genes are consid
ered, as indicated by the percentages given on the labels, while the 
overall profile in the PCA plot looks very similar. From all four PCA plots 
shown here, it becomes clear that time has a greater impact on the 
resulting gene expression level than the dose. 

In the following, only the normalized expression values are used for 
the calculation of PCA plots and the application of the MCP-Mod 
methodology. In contrast to the results shown here, from now on only 
the high dose level will be considered. 

3.2. Overview of results for the entire database 

The MCP-Mod methodology is applied to the normalized gene 
expression values for all 31,099 genes and each of the 120 compounds 
separately. The set of candidate models with the respective guesstimate 
values is chosen as explained before, see Table 1. In the first step of the 
MCP-Mod procedure, for each gene, it is statistically tested whether a 
time-dependent signal is present, and if so, it is said that a signifMCP is 
established for that gene. As significance level α = 0.05 is chosen for this 
statistical test. Fig. 2 shows a violin plot of the number of signifMCP per 
compound. While there are some values higher than 20,000 (corre
sponding to the compounds methylene dianiline, methapyrilene, and 
acetamidofluorene), the median (and the quartiles) of the numbers of 
signifMCP are given by 11029.50 (and 8499.00; 12862.75). 

Only for the genes with a signifMCP, the significant candidate 
models are fitted to the expression data, and the best model is chosen 
according to the AIC criterion. In total, a model is fitted to 1,340,745 
genes across the 120 compounds. Overall, the sigEmax model is chosen 
most often, followed by the quadratic model. 

Fig. 3 shows the number of times each of the candidate models is the 
selected model across all compounds. The display is stratified according 
to the goodness-of-fit as determined by R2

adj, the adjusted R2. These 
numbers are additionally summarized in Table A.1. Moreover, the 
reverse plot, i.e. a display of the value of R2

adj of the winner model, 
stratified by the winner model, is shown in Figure A.3. 

It can be seen that the sigEmax model is most often chosen in situ
ations with medium to high values of the R2

adj, i.e. for high-quality fits. 
Particularly for very high values with R2

adj > 0.75, the sigEmax model is 
the best model according to the AIC in almost half of the cases. If sigE
max is not the winner, then betaMod, emax, linlog, and quadratic 

models are the best model similarly often. In a situation where only very 
little of the variation is explained by the resulting best model 
(R2

adj < 0.25), the linear or quadratic model is the respective best model 
in the vast majority of cases. For medium low values of R2

adj, the 
quadratic model is most often the best model, but overall, there is less 
difference in the frequency of winning between the different models 
than in the other situations. When less variation is explained by the 
resulting best model, comparatively simpler models (linear, linlog, 
quadratic) are more often the winner model. The exponential model is a 
clear exception to this observation, as it is the winner model in the least 
number of cases. The relatively flexible betaMod model is far less often 
the best model than the sigEmax model, which is equally complex in 
terms of the number of parameters, but more restricted in terms of the 
shape. 

3.3. Detailed analysis for four chosen compounds 

Four compounds were chosen for a detailed analysis of the results of 
the MCP-Mod procedure applied to the normalized expression values of 
the high dose. Corresponding results for all 120 compounds are sum
marized in Supplement B. The selected compounds represent a wide 
range of results that are observed in the entire dataset. The choice is 
based both on a visual assessment of PCA plots and by considering the 
total number of signifMCPs for the compounds:  

• Compound 1: methapyrilene: 
The PCA plot shows a clear progression of the different time points, 

and many genes lead to a signifMCP.  
• Compound 2: pemoline: 

Some progression along the time points can be seen, but with more 
random noise, and the number of signifMCPs is smaller.  

• Compound 3: quinidine: 
The random noise in the data almost overlays the structures in the 

PCA plot, and only a medium number of signifMCPs are obtained.  
• Compound 4: famotidine: 

Almost no structure can be seen in the PCA plots, and only a low 
number of signifMCPs are obtained. 

While the selection of compounds was based on statistical consid
erations, their biological and therapeutic properties are briefly intro
duced here as well: 

10000 15000 20000
Number of genes with signifMCP

Fig. 2. Number of genes with signifMCP per compound. This display summa
rizes the number of signifMCPs, i.e. the genes with a statistically significant 
signal for a predefined set of candidate models, for all 120 compounds. 
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• Compound 1: methapyrilene: 
Methapyrilene was used until the 1970s to treat sleep disorders 

due to its sedative properties. However, the discovery of a possible 
hepatocarcinogenic potential after continuous administration in 
high doses to rats led to the drug being withdrawn from the market 
[20]. Since mutagenicity and genotoxicity tests generally showed 
negative results, methapyrilene is not considered a genotoxic 
carcinogen [23]. It is often used as a model hepatotoxin in basic 

research, especially for toxicogenomic approaches to distinguish 
genotoxic and non-genotoxic carcinogens or to categorize different 
hepatotoxic substances based on their mechanisms of action [5].  

• Compound 2: pemoline: 
Pemoline was approved by the Food and Drug Administration 

(FDA) in 1975 under the name Cylert® as a drug for the treatment of 
attention deficit hyperactivity disorder (ADHD). Subsequent publi
cations have described cases of serious pemoline-induced liver 

Fig. 3. Number of times each of the candidate models is the selected model according to the AIC across all compounds. The display is stratified according to the 
goodness-of-fit (R2

adj) of the respective selected model. 

Fig. 4. PCA plot for four selected compounds, displaying all time points for the high dose. Data are normalized with respect to the corresponding control samples, 
and only the 1000 genes with the largest variance are used for the calculation of the plots. 
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injury, including acute liver failure. Due to ongoing reports of liver 
toxicity, the FDA changed the labelling of pemoline in December 
1996. In particular, the risk of liver failure associated with the use of 
pemoline was noted, and the drug was reclassified from first-line to 
second-line treatment for ADHD [36].  

• Compound 3: quinidine: 
Quinidine was one of the first antiarrhythmic drugs developed and 

is useful in the treatment of a variety of arrhythmias. Following 
concerns about an increased risk of ventricular arrhythmias and 
deaths with quinidine in the 1950s, its use declined dramatically. 
However, recent studies have sparked renewed interest in quinidine, 
particularly in combination with verapamil for the treatment of 
atrial fibrillation [37].  

• Compound 4: famotidine: 
Famotidine belongs to a class of medications that block H2 re

ceptors, functioning as an antihistamine. It is frequently prescribed 
to treat gastric and duodenal ulcers, as well as gastroesophageal 
reflux disease [1]. 

This shows how these compounds have relevance in several real- 
world applications. 

PCA plots for the four selected compounds methapyrilene, pemoline, 
quinidine, and famotidine are displayed in Fig. 4. Methapyrilene is 
chosen as the compound with clear progression along the time points in 
the PCA plot. Moving from left to right (first PC, explaining more than 
70% of the variation), with an additional vertical separation (second 
PC), an increase in the time can be observed. The three replicates cor
responding to the same time, respectively, always cluster relatively close 

together. 
For the second compound, pemoline, the first PC explains a far 

smaller proportion of the total variation. However, some progression of 
the times can still be seen: Smaller times are located in the lower left 
corner, medium times in the lower right corner, and the highest times in 
the upper part of the PCA plot. Although they are more spread in 
comparison to the first compound, the three replicates of each time still 
cluster together. 

The spread of the three replicates is even larger for the third com
pound, quinidine. The first and second PC explain a comparatively 
similar ratio of the total variation as for pemoline, but the time- 
dependent structure is less clear. 

Finally, for the fourth compound famotidine, the spread of the rep
licates is generally much larger than the differences between the times. 
Several times overlap and even less structure than for the previous plot 
can be seen, and the ratio of the explained variation is also even smaller. 

As a second step of the analysis, the MCPMod procedure as described 
above is applied to the normalized gene expression values for all genes in 
the high dose. The resulting winner models for the four selected com
pounds, for genes with signifMCP, stratified by the value of R2

adj for the 
respective winner model, are summarized in Fig. 5. The total number of 
signifMCPs is 20,654 for methapyrilene, 7,283 for pemoline, 7,268 for 
quinidine, and 6,665 for famotidine. 

All four compounds have in common that the respective largest 
proportion of genes exhibits a resulting R2

adj of the winner model in the 
interval (0.25,0.5]. However, for methapyrilene, a very large number of 
genes also result in R2

adj values of the winner model in higher intervals, 

Fig. 5. Winner model by AIC given signifMCP, for four selected compounds. Results are stratified by the value of R2
adj of the respective selected model and displayed 

with individual y-axes. 
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indicating more clearly pronounced shapes and less noisy data, respec
tively. For low values of R2

adj, the linear, linlog, and quadratic models are 
the winner models for the largest number of genes for all compounds 
except for pemoline, where the emax model is the winner model most 
often. For higher values of the R2

adj, the sigEmax model is the winner 
model most often, and especially for the highest values of R2

adj, with 
quite a large difference to the second most frequent winner model. For 
famotidine and R2

adj in the interval (0.25,0.5], the betaMod is the win
ning model even more often than the sigEmax model. 

Fig. 6 displays the distribution of the values of R2
adj for the four 

selected compounds. From the histograms, the much higher number of 
signifMCP for the compound methapyrilene than for the other com
pounds can be seen. While for the three compounds pemoline, quinidine, 
and famotidine, the histograms are centered around a value of 0.2 and 
have a similar shape, larger values can be observed for methapyrilene. 
Here, values up to 1.0 are observed, and notably many values of R2

adj are 
in the range between 0.6 and 1.0. For the other compounds, in contrast, 
only very few values larger than 0.6 are observed. 

Generally, the results for the compounds shown here are in line with 
the findings presented in Duda et al. [11]: Genes with a clearer signal (i. 
e. higher value of the R2

adj) often lead to more complex models such as 
the sigEmax model as winner models, while genes with more noise (i.e. 
low value of R2

adj) are best fitted with a linear model or a linear model on 
a log scale (linlog model). 

3.4. Example genes 

Examples of the resulting fitted curves are shown in Fig. 7. Here, for 
each of the four selected compounds and each of the seven candidate 
models, the fitted time-response curve resulting in the highest value of 
the R2

adj is shown. Corresponding values of R2
adj and the gene names or, if 

these are not available, the probe set IDs are summarized in Table A.2. 
As for the analyses before, the fits are calculated for the normalized data 
in the high dose only. 

A logarithmic scale is chosen for the display of the time in hours. 
Thus, the linear model appears to have an exponential shape, since the 
linearity refers to the original scale. In contrast, the linlog model shows a 
linear time-response relationship on this logarithmic scale. 

3.5. Shiny application ‘Mos-TEC’ 

The Shiny application MoS-TEC was developed to present the results 
of the model fits for the 120 datasets, i.e. the 120 different compounds, 
used. As a first step, this application makes it possible to perform a 
principal component analysis for the investigated compounds, as 
described in Chapter 2.2. For a more detailed analysis of the results 
obtained with the MCP-Mod method for a specific compound, the 

application offers barplots of the winner model according to the AIC for 
a given signifMCP. These barplots are then stratified according to the 
R2

adj, similar to the approach outlined in Chapter 3.3. It is also possible to 
generate time-response curves for individual genes with signifMCP. 

The analysis area of the application then provides results referring to 
model fits. The selection of a compound of interest is facilitated by a 
drop-down menu. The compound can be selected either manually by 
scrolling and performing a targeted search or by entering the initial 
letters using the auto-complete function. Below the drop-down menu, 
three tabs provide access to the previously mentioned PCA plots, bar
plots, and time-response curves. An exemplary menu view is shown in 
Fig. 8. 

In the section Time-Response-Curve, another drop-down menu al
lows the selection of specific genes. If at least one signifMCP is available 
for the selected gene, scatterplots of the high-dose level data are 
generated with all models that have a signifMCP. In addition, a table 
with information on the respective model, the AIC, the R2

adj, and the 
parameter estimates is displayed next to each plot. If not signifMCP is 
available for the selected gene, only the scatterplot without any fitted 
curve is shown. Scatterplots for the low and middle dosages are also 
generated. Note that fitting the models for a gene can take up to 30 s. An 
example is provided in Fig. 9. 

4. Conclusion 

In this work, we applied the multiple comparison and modelling 
procedure (MCP-Mod) to time-response relationships for 120 com
pounds from the openly available TG-GATEs database [13]. We used the 
in vivo gene expression data, where the compounds were given to rats in 
four different doses (Control, Low, Middle, and High), and at eight 
different time points. Rats were sacrificed and expression values were 
measured genome-wide for cells taken from the livers. 

The MCP-Mod methodology was originally developed for Phase II 
clinical studies [6; 3], but has been shown to lead to meaningful results 
also when applied to high-dimensional gene expression data [11]. 
Briefly, the methodology combines a multiple comparison procedure to 
detect genes with some meaningful signal (‘signifMCP’) with a model 
selection approach, to fit one of several candidate models. 

MCP-Mod analyses and descriptive analyses via principal component 
analyses (PCA) are shown and discussed in this work for four specific 
selected compounds that cover a broad spectrum of the observed results. 
Results for all 120 compounds are summarized in an additional sup
plement and are made available via the Shiny application ‘MoS-TEC’ 
(Model Selection for Time-Expression Curves applied to compounds 
from the TG-GATEs database). This application provides an intuitive and 
easy-to-use graphical user interface to select the compound of interest 
and obtain overall results such as PCA plots and summaries of the MCP- 
Mod results, and in addition, also allows the plotting of individual genes 
with the respective best-fitting model, e.g. after biological pre-selection 

Fig. 6. Values of R2
adj for four selected compounds. Values are shown for all genes with a signifMCP and the respective winner model, stratified by the compound.  
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of potentially interesting genes. The application can be used online 
without installing additional software. 

The general findings in this paper underline the results from Duda 
et al. [11]. In their paper, gene expression values for cells treated in 
different concentrations with only one compound were assessed, 
whereas the present work considers time-response data from in vivo 
experiments for 120 compounds. However, the main results are the 
same. All different candidate models are chosen via the model selection 
step in the MCP-Mod methodology, emphasizing the importance of 
considering a variety of models when fitting curves to gene expression as 
response data. When stratifying the winner model by the degree of noise 
in the data, reflected by the adjusted R2 (R2

adj), higher degrees of noise 

(lower values of R2
adj) most often lead to simpler models with only few 

parameters. For a higher signal-to-noise ratio, associated with a high 
value of R2

adj, the very popular sigEmax model is the winner model most 
often. However, it is also observed that for some compounds, only very 
few genes exhibit a high value of R2

adj in the range between 0.75 and 1. 
While the R2

adj is a very popular measure for goodness-of-fit of a fitted 
model, its use in nonlinear model fits has been criticized [32] due to the 
property that it may become negative. This is also sometimes the case for 
the curves considered here, such that this point should be kept in mind 
when interpreting the results. For model selection purposes, in this 
work, only the Akaike information criterion was used, whereas the R2

adj 

Fig. 7. Examples of fitted time-response curves. For each of the four compounds and each candidate model, the respective curve with the highest value of R2
adj is 

displayed, where grey dots indicate the individual measurements, and black dots the time-wise mean expression values. All profiles are shown with individual y-axes. 
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was only used for stratification for display purposes. 
In the Shiny application MoS-TEC, the resulting model fit is only 

displayed for the high dose. However, data points for the middle and the 
low dose (normalized in the same way as the high dose with respect to 
the control) are plotted as well. The corresponding time-response curves 
do not necessarily exhibit a signifMCP or lead to the same selected model 
according to the AIC. Since the quality of a fitted model is usually better 
when more data points are available, the possibility of fitting models 
with shared parameters between different doses for the same compound 
and gene could be of interest in a future extension of the application. 
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