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Abstract

Toxicity evaluation of chemical compounds has traditionally relied on animal
experiments; however, the demand for non-animal-based prediction methods for
toxicology of compounds is increasing worldwide. Our aim was to provide a clas-
sification method for compounds based on in vitro gene expression profiles. The
in vitro gene expression data analyzed in the present study was obtained from
our previous study. The data concerned nine compounds typically employed in
chemical management. We used agglomerative hierarchical clustering to classify
the compounds; however, there was a statistical difficulty to be overcome. We
needed to properly extract RNAs for clustering from more than 30,000 RNAs. In
order to overcome this difficulty, we introduced a combinatorial optimization prob-
lem with respect to both gene expression levels and the correlation between gene
expression profiles. Then, the simulated annealing algorithm was used to obtain
a good solution for the problem. As a result, the nine compounds were divided
into two groups using 1,000 extracted RNAs. Our proposed methodology enables
read-across, one of the frameworks for predicting toxicology, based on in vitro gene
expression profiles.

Key Words and Phrases: Statistical classification, Multiobjective combinatorial optimization,

Chemical toxicity, Alternatives to animal experiments, In vitro gene expression, Mathematical

formulation

1. Introduction

Traditionally, toxicity evaluation of chemical compounds has relied on animal exper-
iments [Eaton and Gilbert (2015)]. However, in terms of time, cost efficiency, and animal
welfare concerns, there is an increasing demand for the development of non-animal-based
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methodologies for predicting chemical toxicity. Recently, several elements have been pro-
posed for use in toxicity prediction methods, such as (quantitative) structure-activity
relationships ((Q)SAR), quantitative activity-activity relationships (QAAR), and read-
across [OECDa (2014)].

Read-across is a method whereby the toxicity of a given compound is predicted
without the use of animal test data, but instead based on the animal toxicity data for
similar compounds. One study, for example, conducted read-across based on similarity
in chemical structure and toxicology expert judgment [Mellor et al. (2017)]. For read-
across, it is important to properly group compounds using data that does not rely on
animal experiments. In order to facilitate the grouping of compounds, the Organisa-
tion for Economic Co-operation and Development (OECD) published the OECD QSAR
Toolbox [Madden (2013), Section 4.3], [OECDb (2017)]. In addition, the Japanese gov-
ernment and participating academic institutes developed the Hazard Evaluation Support
System Integrated Platform (HESS) [Sakuratani et al. (2013)], [Madden (2013), Section
4.4], [NITE (2020)]. These platforms group compounds based on in silico parameters,
that is, chemical structures and essential physicochemical parameters; and by employing
them, we can successfully group compounds based on these parameters.

In order to predict toxicity, it is useful to use not only in silico parameters but also
in vitro parameters, because the latter can reflect certain biological characteristics of
compounds. In fact, in the case of predicting hepatotoxicity, one of the most prevalent
forms of toxicity, two studies have reported that using in vitro parameters increased
the accuracy of discriminative models for predicting the presence or absence of hepato-
toxicity, compared to using in silico parameters [Liu et al. (2015)], [Low et al. (2011)].
These studies suggest the hypothesis that grouping compounds based on in vitro pa-
rameters would increase the accuracy of read-across approaches for predicting chemical
toxicity, compared to grouping based on in silico parameters.

The present study proposes a methodology for grouping compounds using in vitro
gene expression data. In order to group compounds, agglomerative hierarchical cluster-
ing was applied; however, a statistical difficulty appeared. The gene expression data,
from which it was necessary to properly extract a limited number of RNAs for clustering
compounds, included more than 30,000 RNAs. In order to overcome this difficulty, we
introduced a multiobjective combinatorial optimization problem with respect to both
gene expression levels and the correlation between gene expression profiles. Then, we
applied the simulated annealing algorithm, a metaheuristic algorithm, to obtain a good
solution for the multiobjective combinatorial optimization problem.

2. Methods and materials

2.1. Gene expression data

The present study used the data reported in Tani et al. (2019). In that study, cell-
based assays were conducted, in duplicate, using mouse embryonic stem cells, for nine
compounds typically employed in chemical management: bis-phthalate, p-dicholorobenzene,
phenol, trichloroethylene, benzene, chloroform, p-cresol, and tri-n-butyl-phosphate. In
other words, each compound had two samples, and each group of nine samples had the
same control condition. Then, the gene expression levels were quantified using the frag-
ments per kilobase of exon per million mapped fragments (FPKMs), and reported for
a total of 32,586 RNAs. We used these RNAs and their FPKMs in the present study’s
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analysis.

2.2. Gene expression ratio

For any compound-treated group, the following gene expression ratio was used for
each gene:

f(x, y) = log2

(y
x

)
,

where x and y denote the gene expression levels of the control and compound-treated
groups, respectively. Note that if x or y was zero, then the next smallest value in the
respective group was used.

2.3. Clustering

In order to group compounds, agglomerative hierarchical clustering (the average
linkage between the merged groups) was used, because this method can be used for any
dissimilarity measures. The following dissimilarity measure was used for the hierarchical
clustering: for any two compounds, x and y, the dissimilarity measure, or distance,
between x and y, say, d(x, y) was defined by

d(x, y) =
1− corr(x, y)

2
,

where corr(x, y) is the correlation coefficient between the respective FPKM vectors of
Compound x and Compound y. The dissimilarity measure takes a value between 0 and
1.

2.4. Selection of RNAs

In order to extract RNAs that clearly revealed the difference between compounds,
the present study introduced the following combinatorial optimization problem to ex-
tract n RNAs for a given natural number n:

objective function

U = (1− α)U1 + αU2 (0 ≤ α ≤ 1),

U1 =
1

Count(w)
×

∑
x,y∈E,x ̸=y

wx,y
|(1/n)

∑n
i=1(xi − x)(yi − y)|

{(1/n)
∑n

i=1(xi − x)2}1/2 {(1/n)
∑n

i=1(yi − y)2}1/2
,

U2 =
1

n

n∑
i=1

(
∥ri∥

maxj ∥rj∥

)
,

subject to {xi}, {yi} ⊂ Γ and #{xi} = #{yi} = n,

where E and Γ denote the set of compound-treated groups and the set of all the RNAs
(32,586 RNAs), respectively; xi and yi denote the expression ratios of RNAi for x and
y ∈ E, respectively; x and y denote the means of xi and yi, respectively; wx,y denotes
weights and takes a value in {−1, 0, 1}; and Count(w) denotes the number of wx,y taking



4 J. Takeshita, A. Toyoda,H. Tani, Y. Endo, and S. Miyamoto

a number of 1. Note that, for some x and y, if wx,y = 1, we can extract RNAs that
increase the correlation between Compound x and Compound y; and if wx,y = −1, we
can extract RNAs that decrease the correlation between Compound x and Compound
y; otherwise, we are not interested in the correlation between the two compounds. In
addition, ri designates the FPKM vector for RNAi, and ∥ · ∥ represents the Euclidean
norm.

The function U1 takes a value in [0, 1], since the sigma component is divided by
Count(w). The function U2 also takes a value in [0, 1]. Thus, the objective function U
takes a value in [0, 1], since α is a parameter taking a value in [0, 1]. Roughly speaking,
the function U1 describes the strength of the correlation between two compound-treated
groups, x and y, based on extracted RNAs. The function U2 describes the gene expres-
sion level of extracted RNAs. Then, the function U is a linear combination of U1 and
U2.

The simulated annealing algorithm, which was originally introduced by Cerny (1985)
and Kirkpatrick et al. (1983), was used to obtain a good solution for the combinatorial
optimization problem. Let n be the number of RNAs we want to extract, T be the
initial temperature, Tt (0 < Tt < T ) be the final temperature, and γ (0 < γ < 1) be the
cooling rate. Then, the following is the algorithm to extract RNAs.

Step 1 Choose n RNAs randomly as the initial state. Let R be the set of the chosen n
RNAs, and then calculate the objective function U using the set R. In addition,
set the initial temperature T .

Step 2 As a neighbor solution, generate a set R′, in which random elements of R and R
(the complement set of R) are exchanged. Then, calculate the objective function
U ′ using the set R′.

Step 3 If U < U ′, then R := R′; otherwise R := R′ with the following probability P :

P = exp

(
−|U ′ − U |

T

)
.

Step 4 T := γT. If T ≥ Tt, output the set R as the final state; otherwise, go to Step 2.

3. Results and discussion

3.1. Grouping compounds using all the RNAs

Figure 1 shows a dendrogram obtained by applying agglomerative hierarchical clus-
tering (the average linkage between the merged groups) to the data set of gene expression
ratios, and Figure 2 a dendogram obtained by applying similar clustering to the set of
gene expression levels, for the nine compounds in duplicate and all the RNAs (32,586
RNAs). In both figures, the y-axes show the dissimilarity measures where two clusters
were merged, while the x-axes show the distribution of compounds. Note that sub-
scripts 1 and 2 refer to the sample numbers; that is, if any two compounds have the
same subscript number, the control conditions for the two compounds are identical.

In Figure 1, we can see that there are two robust clusters, and each cluster consists
of the nine compounds with the same subscript number. This implies that the two
compound groups strongly depend on the gene expression levels in the control conditions.
In Figure 2, the two control conditions are closely proximate, but there is no significant
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difference between the 18 samples (the nine compounds in duplicate). These results
indicate that there is no significant difference between the gene expression patterns of the
two control conditions. Therefore, we may infer that the significant difference between
the two control conditions in Figure 1 was the result of the incremental accumulation
of difference among the RNAs, as more than 30,000 RNAs were in the data set. These
results indicate that it is unreliable to use the information of all the RNAs for classifying
compounds, but instead we must extract a limited number of RNAs in order to properly
classify compounds using in vitro gene expression data.

3.2. Grouping compounds using extracted RNAs

We used the parameters n = 3, 000, 1, 000, 100, and α = 0.0, 0.1, 0.2, 0.3, for the
combinatorial optimization problem to extract RNAs; and T = 0.01, Tt = 0.00001, and
γ = 0.9999 for the simulated annealing algorithm. Figures 3, 4, and 5 show dendro-
grams obtained by agglomerative hierarchical clustering (the average linkage between
the merged groups) applied to the data set with the nine compounds in duplicate, and
3, 000, 1, 000, and 100 extracted RNAs, respectively. Each figure has four panels. The
upper-left (a), upper-right (b), lower-left (c), and lower-right (d) panes correspond to
the cases of α = 0.0, 0.1, 0.2, and 0.3, respectively. In each panel in these figures, the
y-axis shows the dissimilarity measures where two clusters were merged, while the x-axis
shows the distribution of compounds. The meaning and function of the subscripts are
as in Figures 1 and 2.

In Figures 3, 4, and 5, it is clear that the two samples are initially merged for all
the compounds, and then different compounds are merged. However, when 3, 000 RNAs
were extracted (Figure 3), there are roughly 0.05 dissimilarity measures between the
two samples of each compound, although the maximum ranges are roughly 0.20. This
result suggests that 3, 000 RNAs are not suitable for classifying compounds because the
dissimilarity measures between the two samples of each compound are not small enough,
compared to the dissimilarity measures between the compounds. On the other hand,
when 1, 000 or 100 RNAs were extracted (Figures 4 and 5, respectively), and α = 0.1
or 0.2, the two samples are merged with sufficiently small dissimilarity measures, and
we can clearly see the difference between compounds. These results demonstrate the
necessity of limiting the number of RNAs when classifying compounds to assess the
effects of compounds on gene expression patterns.

Next, we compare the cases when 1, 000 and 100 RNAs were extracted (Figures 4
and 5, respectively). When α = 0.1, neither case shows clear cluster structures; however,
when α = 0.2, with 1, 000 extracted RNAs, the nine compounds are divided into two
groups, one consisting of three compounds (bis-phthalate, trichloroethylene, and tri-n-
butyl-phosphate) and the other of the remaining six compounds. These results indicate
that not only limiting the number of RNAs but also reflecting the sizes of RNAs is
effective for revealing the difference between the compounds. Figures 6 (α = 0) and
7 (α = 0.2) show the scatter plots of all 32, 586 RNAs between Samples 1 and 2, in
the case of bis-phthalate. The red plots indicate the 1, 000 extracted RNAs, and the
blue plots the remaining RNAs. When α = 0.0, it is clear that, for the most part,
only RNAs with near-zero FPKMs are extracted; whereas, when α = 0.2, there is an
increased number of RNAs of significant size. Thus, using n = 1, 000 and α = 0.2 in
the combinatorial optimization problem would be best for extracting RNAs in order to
classify these compounds.
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4. Concluding remarks

The present study applied agglomerative hierarchical clustering methods and a mul-
tiobjective combinatorial optimization problem, to classify chemical compounds based
on in vitro gene expression data, an approach that enables read-across based on in vitro
parameters, and the prediction of chemical toxicity. Further investigations could be
considered, based on this research; and thus, to conclude the present study, this section
will discuss some further challenges.

First, the present study applied agglomerative hierarchical clustering, a traditional
clustering method, well-known in many fields; but several clustering methods present
distinctive challenges for classifying chemical compounds [Raymond et al. (2003)]. In
particular, methods based on graphs describing chemical structures are relatively new
and, compared to traditional methods, notable for their ability to present different as-
pects of the given data. To apply graph-based methods, however, we must consider how
to construct graph structures based on in vitro gene expression data. This presents an
interesting challenge for future research.

Second, the present study used U = (1 − α)U1 + αU2 as the objective function to
extract RNAs, because correlation coefficients and the Euclidean norms are well-known
and common to several fields. However, there are several means, other than utilizing U1

and U2, for describing the strength of the correlation between two compound-treated
groups and the gene expression level of extracted RNAs. Performing the related analysis
using such different means, and comparing the respective results, is another interesting
avenue for future research.

Third, the combinatorial optimization problem here included two functions (U1

and U2) to be optimized. In general, multiobjective optimization problems have a set of
Pareto optimal solutions, because two objective functions have a trade-off relationship.
In other words, an optimal solution is decided for each weight between the two objec-
tive functions (α in the present study), when a linear combination of the two objective
functions is considered. This implies that we do not have a general method for deter-
mining the best α (see essential textbooks on the theory of multiobjective optimization
problems; e.g., Sawaragi et al. (1985)). The present study, therefore, analyzed the cases
of α = 0.0, 0.1, 0.2, and 0.3, and then chose the best α among them. Statistically, the
best α could be obtained using cross-validation methods, but the present study obtained
gene expression data for only nine chemical compounds, and the number of samples was
insufficient for utilizing cross-validation methods. It is difficult to obtain in vitro gene
expression data for a large number of chemicals, due to the time and cost involved in
conducting the necessary experiments; and scenarios in which the number of chemical
compounds is small, but each compound has a host of characteristic parameters, are
currently very common. Thus, several statistical methods have been proposed, in the
recent years, to address such scenarios (Aoshima et al., 2018). Investigation of chemi-
cal compound classification methods based on such new statistical methods presents a
further challenge.

Finally, we should note that, even if our results can properly classify chemical
compounds using in vitro parameters, the results may not show the same similarities
among chemical compounds as in in vivo experiments. There may be gaps, in other
words, between the respective similarities based on in vitro parameters and in vivo
experiments. To reduce such gaps, a means must be developed for extracting RNAs
such that the results will reflect the similarities determined by in vivo experiments, and
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this requires collaboration with toxicology experts. This is a consideration for the future,
but our approach here would aid in such analysis.
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The nine chemicals in duplicate 
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Figure 1: A dendrogram obtained by applying aggregative hierarchical clustering (the
average linkage between the merged groups) to the data of the gene expression ratios
for the nine compounds and 32,586 RNAs. The y-axis marks the dissimilarity measures
at which the clusters merge, and the x-axis the distribution of the nine compounds in
duplicate.
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The nine chemicals in duplicate 
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Figure 2: A dendrogram obtained by applying aggregative hierarchical clustering (the
average linkage between the merged groups) to the data of the gene expression levels
for the nine compounds and 32,586 RNAs. The y-axis marks the dissimilarity measures
at which the clusters merge, and the x-axis the distribution of the nine compounds in
duplicate.
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(a) α = 0.0 (b) α = 0.1 

(c) α = 0.2 (d) α = 0.3 

Figure 3: Four dendrograms obtained by applying aggregative hierarchical clustering
(the average linkage between the merged groups) to the data of the gene expression
ratios for the nine compounds and 3, 000 extracted RNAs. The upper-left (a), upper-
right (b), lower-left (c) and lower-right (d) panels are the cases of α = 0.0, 0.1, 0.2, and
0.3, respectively. In each panel, the y-axis marks the dissimilarity measures at which
the clusters merge, and the x-axis the distribution of the nine compounds in duplicate.
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(a) α = 0.0 (b) α = 0.1 

(c) α = 0.2 (d) α = 0.3 

Figure 4: Four dendrograms obtained by applying aggregative hierarchical clustering
(the average linkage between the merged groups) to the data of the gene expression
ratios for the nine compounds and 1, 000 extracted RNAs. The upper-left (a), upper-
right (b), lower-left (c) and lower-right (d) panels are the cases of α = 0.0, 0.1, 0.2, and
0.3, respectively. In each panel, the y-axis marks the dissimilarity measures at which
the clusters merge, and the x-axis the distribution of the nine compounds in duplicate.
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(a) α = 0.0 (b) α = 0.1 

(c) α = 0.2 (d) α = 0.3 

Figure 5: Four dendrograms obtained by applying aggregative hierarchical clustering
(the average linkage between the merged groups) to the data of the gene expression
ratios for the nine compounds and 100 extracted RNAs. The upper-left (a), upper-right
(b), lower-left (c) and lower-right (d) panels are the cases of α = 0.0, 0.1, 0.2, and 0.3,
respectively. In each panel, the y-axis marks the dissimilarity measures at which the
clusters merge, and the x-axis the distribution of the nine compounds in duplicate.
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Figure 6: Scatter plot of all the RNAs (32, 586 RNAs) between the sample 1 and 2
in case of bis-phthalate. The red plots indicate the 1, 000 extracted RNAs in case of
α = 0.0, and the blue plots are the rest RNAs. The sizes of the extracted RNAs are
almost zeros.

Figure 7: Scatter plot of all the RNAs (32, 586 RNAs) between the sample 1 and 2
in case of bis-phthalate. The red plots indicate the 1, 000 extracted RNAs in case of
α = 0.2, and the blue plots are the rest RNAs. The number of RNAs whose sizes are
not zeros increase, compared to the case of α = 0.0.


