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15 Abstract: Assessment of drugs toxicity and associated biomarker genes is one of the most important
16 tasks in the pre-clinical phase of drug development pipeline as well as in the toxicogenomic studies.
17 There are few statistical methods for the assessment of doses of drugs (DDs) toxicity and their
18 associated biomarker genes. However, these methods consume more time for computation of the
19 model parameters using the EM (Expectation-Maximization) based iterative approaches. To
20 overcome this problem, in this paper, an attempt is made to propose an alternative approach based
21 on hierarchical clustering (HC) for the same purpose. There are several types of HC approaches
22 whose performance depends on different similarity/distance measures. Therefore, we explored
23 suitable combinations of distance measures and HC methods based on Japanese Toxicogenomics
24 Project (TGP) datasets for better clustering/co-clustering between DDs and genes as well as to detect
25 toxic DDs and their associated biomarker genes. We observed that Word’s HC method with each of
26 Euclidean, Manhattan and Minkowski distance measures produces better clustering/co-clustering
27 results. For an example, in case of glutathione metabolism pathway (GMP) dataset

28 LOC100359539/Rrm2, Gpx6, RGD1562107, Gstm4, Gstm3, G6pd, Gsta5, Gcle, Mgst2, Gsr, Gpx2,
29 Gclm, Gstpl, LOC100912604/Srm, Gstm4, Odcl, Gsr, Gss are the biomarker genes and
30 Acetaminophen_Middle, Acetaminophen_High, Methapyrilene_High, Nitrofurazone_High,
31 Nitrofurazone_Middle, Isoniazid_Middle, Isoniazid_High are their regulatory (associated) DDs
32 explored by our proposed co-clustering algorithm based on the distance and HC method
33 combination Euclidean: Word. Similarly, for the PPAR signaling pathway (PPAR-SP) dataset Cptla,
34 Cyp8bl, Cyp4a3, Ehhadh, Plin5, Plin2, Fabp3, Mel, Fabp5, LOC100910385, Cpt2, Acaala, Cyp4al,
35 LOC100365047, Cptla, LOC100365047, Angptl4, Aqp7, Cptlc, Cptlb, Mel are the biomarker genes
36 and Aspirin_Low, Aspirin_Middle, Aspirin_High, Benzbromarone_Middle, Benzbromarone_High,
37 Clofibrate_Middle, Clofibrate_High, WY14643_Low, WY14643_High, WY14643_Middle,
38 Gemfibrozil_Middle, Gemfibrozil_High are their regulatory DDs. These results are validated by the

39 available literature and functional annotation.
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43 1. Introduction

44 Assessment of groups of similar toxic DDs and their regulatory biomarker genes is the most
45  important objective of toxicity investigation in the pre-clinical phase of drug development process as
46  well as in toxicogenomic studies. The biomarker genes are a set of genes that are differentially
47  expressed in the treatment group of animal compare to the control group. This set of genes is also
48  efficient to differentiate the toxic DDs from the non-toxic DDs. The biomarker genes and their
49  regulatory DDs can be assessed by toxicogenomic studies which is emerged from toxicology.
50 Toxicology is a field of science which studies the adverse effects of chemicals and environmental
51  exposures in living organism [1]. The prime objective of this study is the empirical and contextual
52  characterization of adverse effects of chemicals/drugs from tissue, the cell, and the intracellular
53  molecular systems of organisms. Presently, the rapid accumulation of omics (genomics,
54  transcriptomics, proteomics, metabolomics) data, development of sophisticated statistical tools and
55  gene and protein annotation techniques have capitalized the application of gene expression analysis
56  tounderstand the toxicity mechanism of drugs or chemical compounds and environmental stressors
57  on biological systems. The development of these technologies leads to the development of new field
58  “toxicogenomics” from toxicology targeting to study the response of the whole genome to DDs or
59  environmental stressors [2-7]. The adverse effects of the toxicants in an organism cause pathological
60  changes in certain organ which can be detected by changes in the expression of genes, protein
61  synthesis, and metabolism. Among these the gene expression or abundant of mRNA is the most
62  sensitive measure of these changes. Thus, toxicogenomics, which enables us to comprehensively
63  analyze gene expression changes caused by an external stimulus in a specific organ, is considered to
64  be one of the most powerful strategies [8,9]. But the toxicogenomic experiment produces gigantic size
65  of gene expression data. It is very complex to analyze and sometimes produce non-robust results to
66  knowledge discovery about biomarker genes and the toxicants. Therefore, pathway or molecular
67  network based gene expression data analysis increases the predictive power and produce more stable
68  biomarkers [10-14].

69 On the other hand, toxicogenomic data analysis as well as knowledge discovery about the
70  biomarkers and the toxicity of the DDs and environmental stressors often becomes tardy due to the
71  following reasons. 1) Improper selection of statistical/computational tools. 2) Traditional ways of
72  interpretation on the results of computational tools which do not cover the objectives of the study.
73 For example, t-test and Mann-Whitney U test [12, 15] and ANOVA [16, 17] have been used to detect
74  toxicogenomic biomarker genes. However, none of the methods can assess the similar toxic DDs and
75  their associated biomarker genes which is one of the important objectives of toxicity investigation of
76  drug candidates in pre-clinical phase of drug development pipeline. The limitation of the above
77 mention methods can be overcome by using hidden variable models [14, 18, 19]. The hidden variable
78  models are capable to detect toxic DDs and their regulatory biomarker genes by co-clustering DDs
79  and genes. Nevertheless, since hidden variable models are EM (Expectation-Maximization) [20]
80  based iterative method, these methods require comparatively more time to compute the model
81  parameters. Therefore, to overcome this problem, in this paper, we propose an alternative algorithm
82  based on hierarchical clustering (HC) for co-clustering DDs and genes as well as to discover toxic
83  DDs and their associated biomarker genes. There are several types of HC (ward, single, complete,
84  average, mcquitty, median, centroid) approaches whose performance depends on different
85 similarity/distance (euclidean, maximum, manhattan, canberra, minkowski) measures. Every
86  combination of distance and HC methods do not perform equally in grouping objects for all types of
87  dataset. Even the performance of some these combinations are very poor in some specific field of
88  study. In the literature any suitable combination of distance and HC methods is not suggested yet for
89  clustering/co-clustering toxicogenomic data. Hence, in this paper, we explore suitable combinations
90  of distance measures and HC methods based on known Japanese Toxicogenomics Project (TGP)
91  datasets for better clustering/co-clustering between DDs and genes as well as to detect toxic DDs and
92  their associated biomarker genes.
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93 2. Methods and Materials
94  2.1. Data Processing
95 To investigate toxicity of drugs mRNA abundance is measured at multiple dose levels and time

96  points. A well designed experiment is setup from which gene expression is measured from the

97  treatment group samples where the treatments are the underlying conditions (DDs with time

98  combinations). There are also control samples concurrently to the treatment group samples. The fold

99 change gene expression (FCGE) ypq. for the p"(p=1, 2, --P) drug, q"(¢=1,23) dose
100  level, t™" (t=1,2,-,T) time point and r" (r = 1,2,3) animal sample can be computed from the
101  gene expression of the treatment and control group of samples using the equation:

Xpat ,
102 Yoqer = log, (&) = log, (qutr) —log, (qutr)' ......... 1
Xpqtr

103  For single time point this equation can be written as

?qr> = logz (qur) — logz (xl’)qr)' ......... 2

x
104 Yoqr = log, (
par

x
105  Inthe equation1 x4 is the expression of a gene under the treatment group of animal and x4 is
106  the expression of that gene under the control group of animal when the expression is measured at
107  multiple time points. Similarly, in equation 2 x,4, and x4 are the expression of a gene for the
108  treatment and control group of animal respectively when expression is measured at single time point.
109  The average FCGE value over the animal samples of a gene are Y,, and Y,, respectively for
110  multiple and single time point. From these average FCGE values the effect of DDs over the genes can
111  be measured. The values will be positive for upregulated genes and negative for the downregulated
112 genes. The datasets of average FCGE value are the input of our analysis.

113 2.2. Hierarchical Clustering (HC) Algorithms and Distance Measures

114 The term cluster analysis refers to the process of assigning data to different groups (clusters)
115  according to their similarity. This approach provides an intuitive method for interpreting complex
116  data such as microarray, transcriptomic, and epigenomic data. The clustering task is solved by the
117  application of various methods depending on the data. Each of these approaches will have
118  peculiarities and the determination of what is the correct or what determines accurate clustering is
119  not easily defined. Hierarchical clustering can proceed using various linkage/clustering and distance
120  methods. The distance method determines how the distance between two observations is calculated.
121 The linkage/clustering method is used when deciding the distance for observations that have already
122 been merged together. Commonly used distance methods are shown in Table 1. In the analysis of
123 biological data the most commonly used clustering methods are of two types: hierarchical and non-
124 hierarchical (also known as partitioning). The hierarchical clustering approach builds clusters by
125  repeatedly joining and merging the objects separated by the shortest distance. Following merging of
126  the closest two points the distance matrix is updated and the process repeated until all objects are
127 joined. In this article we have considered five distance methods (euclidean, maximum, manhattan,
128  canberra, minkowski) and seven HC clustering methods (single, complete, average, ward, mcquitty,
129  median, and centroid). We compare all the combinations of distance and HC methods for selecting
130  more suitable combinations for clustering genes or DDs of toxicogenomic data. The description of
131  these HC algorithms is as follows:

132 Single Llinkage

133 The single linkage HC algorithm clusters objects (genes or doses of chemical compounds) of
134  toxicogenomic data based on the distance or similarity between two pairs of genes/DDs. At the
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135  starting, the smallest distance D = {dg,,} will be found and merge the corresponding genes and

136  form acluster (G;G;r). In the next step, the distance between the clusters (G;G;/) and G;+ are computed
137 aby
139 d(Gi,Gi/)Giu = min{dGi,Giu' dGi"Gi”}

138  to form the cluster (G;, G;G;). This process continues until all genes merge into a single cluster.
140  Complete Linkage

141 In complete linkage HC algorithm two objects form a cluster together, when their distance is the
142 largest. The general agglomerative algorithm starts finding the minimum entry D = {dg,,} and

143 merge corresponding genes, suchas G; and G/, to get cluster (G;, G;). In the next step clusters (G;G;r)
144  and G;» will be merged into a cluster (G;, G;/G;) based on their maximum distance which is
145  computed as

147 d(G,6,)6,1 = Max{de, 6., A 6,1}

146  This process continues until all genes merge into a single cluster.
148  Average Linkage

149 Average linkage treats the distance between two clusters as the average between all pairs of
150  items where one member of a pair belongs to each cluster. We begin searching the distance matrix
151 D ={dgq,} to find the nearest genes, for example, G; and G; these objects are merged to get the

152 cluster (G;G;). In the subsequent step, the distance between (G;G;) and cluster G, is obtained by

X Xy dygn
153 d, =
(GlGi’)Gi” NGiGi/NGin

154  Where d;;~is the distance between gene i in cluster (G;G;/) and gene i” in cluster G, and Ng6,s

155  and Ng,, are the number of genes in clusters (G;G,;7) and G;» respectively.

156 Centroid

157 The centroid method involves in finding out the mean vector for each of the clusters and talking
158  distance between two centroids. Initially each of the genes is cluster then the distance between
159  clusters G; and G is

160 D= d{F(Gl,C.), F(Gy.c )}

161 Median

162 The median HC method seeks the median of each of the clusters and measure the distance
163  between two median points. The distance between the median of two clusters G; and G is
164 D=

U1r(6y.Cmea ) P(0y.Cmea )}
165  Ward’s Algorithm

166 Ward’s HC algorithm clusters objects based on minimizing ‘loss of information’ from joining
167  two groups. This algorithm used error sum of squares (ESS) to measure the loss of information.
168  Firstly, for a given cluster r, let ESS, be the sum of squared deviations of every item in the cluster
169 from the cluster mean (centroid). If there are r clusters, define ESS as ESS = ESS; + ESS, + -+ ESS,.
170 At each step in the analysis, the union of every possible pair of clusters is considered, and the two
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171  clusters whose combination results in the smallest increase in ESS (minimum loss of information) are
172 joined. Initially, each cluster consists of a single item, and, if there are N items, ESS, =0,r =1,2,---N,
173 so ESS = 0.

174  Distance Measures for HC

175 Most of the distance measure quantifies the distance or dissimilarity between m-dimensional
176  objects or items of a dataset. For example, for a n X m gene-DDs toxicogenomic data matrix
177 consisting of G = (Gy, Gy, ..., G,) genes and C = (Cy,C,, ..., Cp) DDs. We consider the (i,j)™" input
178  in the data matrix as F(G;, C;) for convenient using. This input actually represents average FCGE

179  value Y,, or Y, for single or multiple time points. The following are important distance measure
180  wused in HC.

181 Table 1. Important distance measures used in hierarchical clustering.
Distance measure. Mathematical form
. 1/2
Euclidean dg6, = Z (F(Gi, C;))—F(Gy, C,-))Z
=1
]m 1/v
Minkowski  dg,g, =( ) |F(G,€) = F(Gr.€)["
n{:l
Manhattan dai,ai, = Z|F(Gi' Ci) - F(Gi" Ci)|
j=1
m
[F(6:, ;) — F(Gs. C))|
dog, = ).
Canbera GGy 4 F(G,-, Ci) + F(G,-r, Ci)
Maximum dai,ai, = max]-|F(Gi, Cj) - F(Gi" Ci)l

182 2.3. Selection of the Suitable Combination of Distance and HC Method

183 The hierarchical clustering methods group/cluster objects based on distance matrix which is
184  obtained from the original data matrix. There are also different methods to obtain distance matrix.
185  We investigate the suitability of the combination of distance and HC methods for clustering genes or
186  DDs using DDs clustering error rate (ER) based on known pathway based real datasets. The ER
187  measures percent of miss-clustered DDs according to the known DDs which is calculated as:

_ Miss — clustered DDs

188 ER Total DDs

x 100

189  The HC algorithm in combination with distance method produces the least clustering ER is the more
190  suitable combination of clustering and distance methods for grouping genes or DDs.

191  2.4. Co-clustering between Genes and DDs and Detection of Toxic DDs and Associated Biomarker Genes
192 using HC

193 In toxicity study the subsets of DDs regulates the expression profile of the subsets of genes.
194  Accordingly, the genes in a biological pathway perform specific functions and the toxic DDs alter the
195  expression pattern of a subset of biomarker genes in that pathway [19, 21]. These biomarker genes
196  and the toxic DDs can be explored from the biomarker co-clusters. For this purpose more suitable
197  distance and HC methods that produce less ER is used to cluster genes and DDs of toxicogenomic
198  data. Our propose algorithm that follow the following steps to make co-clusters between genes and
199  DbDs.
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200 Step1: Fix the number of clusters in the genes as well as in DDs observing the dendrogram

201  produced by HC according to the researcher interest.

202  Step 2: Take absolute of the FCGE values within intersection areas for all pairs of genes and DDs
203 clusters to give them equal weight in average calculations. Since the FCGE value for upregulated and

204  downregulated genes consist positive and negative expression values respectively.

205  Step 3: Compute the average of the absolute FCGE value for intersection areas of all pairs of genes
206  and DDs clusters.

207  Step 4: Ranke the average FCGE values (computed in step 3) and the respective genes and DDs

208  clusters simultaneously.

209  Step 5: Assign cluster numbers for genes and DDs newly, based on the ranked average FCGE values
210  which we get from step 4. For example, the gene and DD cluster intersection which produces largest
211  average FCGE value; we assign both of these gene and DD clusters as cluster 1. Simultaneously, the
212 genes and DDs in cluster 1 together with form co-cluster 1. Similarly, we assign both of the gene
213 and DD cluster as cluster 2 which produce second largest average FCGE value and they form co-

214 cluster 2 accordingly.

215 According to the characteristics of toxicogenomic data a cluster of DDs can form co-cluster with
216  single or more than one cluster of genes, when a DDs cluster might upregulate a set of genes and
217  simultaneously downregulate another set of genes. Researchers consider a gene as differentially
218  expressed or biomarker if its FCGE value is greater than 1.5. In that case the expression intensity of
219  that gene in the treatment group of samples is almost 3 times larger comparing to its expression in
220  the control group of samples. But when the expression of a gene in the treatment group is 2 times
221  larger than its expression in the control group, then the FCGE value of that gene is 1. Therefore, we
222 termed the co-clusters which average FCGE value greater than one as biomarker co-clusters and the
223 genes and DDs in these co-clusters as biomarker genes and their regulatory DDs.

224 2.5. Real TGP Datasets to Investigate Clustering Performance

225 The Japanese Toxicogenomics Project (TGP) [22] collected gene expression data setting out a
226  well-planned experimental condition. There were mainly two types of experiment one is in vivo
227  experiment another is in vitro experiment. The experimental condition pattern of in vivo experiment
228 was the combination of four time points (3 hour, 6 hour, 9 hour, 24 hour) and three dose levels (low,
229  middle, high) and two organs (liver and kidney) of each of the drugs. These treatment conditions
230  were applied on the Rattus norvegicus for collecting gene expression data from the target organ. There
231  was also the control animal concurrently for each of the treatment group of animal in the experiment.
232 The FCGE data can be computed from the gene expression data of treatment group and control group
233 samples produced by this experiment using the equations 1 and 2. Toxygates a user friendly
234 interactive data analysis platform as well as a database [15] (Nystrom-Persson et al., 2013) where the
235  FCGE data of the TGP experiment is available. The drugs’ toxicity effects are more clearly visible at
236 24 hour time point compare to the 3 hour, 6 hour and 9 hour time points [15]. That's why in this
237  paper, we have considered pathway level FCGE data from Rattus Norvegicus, in vivo, liver, and single
238  and multiple dose experiment at 24 hour time point. We have downloaded the glutathione
239  metabolism pathway (GMP) and PPAR signaling pathway (PPAR-SP) datasets for some selected
240  drugs along with their dose levels whose toxicity mechanism are known [15, 23] from Toxygates
241  (http://toxygates.nibiohn.go.jp/toxygates/#columns). Additionally, to investigate the performance of
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242  the selected distance and HC methods for clustering toxicogenomic data, datasets for the mentioned
243 pathways for multiple time points and dose levels are also analyzed in this article.

244 3. Results

245 3.1. Selection of Suitable Combination of Distance and HC Methods

246 As mentioned earlier in toxicogenomic data the subsets of DDs regulates the expression patterns
247  of the respective subsets of genes. Therefore, clustering/co-clustering of genes and DDs is an
248  important issue in toxicogenomic studies. HC is a popular and widely used clustering algorithm uses
249  various distance measures and clustering methods for clustering genes or DDs of toxicogenomic data.
250 However, none of the researcher suggested yet any suitable combination of distance and HC
251  clustering methods for toxicogenomic data. Therefore, to do this we have used two known datasets
252 GMP and PPAR-SP at 24 hour time point [14, 15, 23]. Because toxic effects of DDs more clearly visible
253 at this time point compare 3 hour, 6 hour or 9 hour time points [15]. In GMP dataset acetaminophen,
254  methapyrilene and nitrofurazone are considered as glutathione depleting and erythromycin,
255  hexachlorobenzene, isoniazid, gentamicin, glibenclamide, penicillamine and perhexilline are
256  considered as non-glutathione depleting drugs [15]. In the PPAR-SP dataset WY-14643, clofibrate,
257  gemfibrozil, benzbromarone and aspirin are considered as PPARs regulated gene influencing drugs
258  [23] and cisplatin, diltiazem, methapyrilene, phenobarbital and triazolam are randomly selected
259  drugs. The detail description of the datasets is given in section 2.5. For comparing the 35 combinations
260  of distance and HC clustering methods we calculate the ER for both of the datasets in two ways. In
261  the first way, we consider the glutathione depleting and PPARs-regulatory gene influencing drugs
262  inone cluster and the others in another cluster for the respective datasets.

263 Table 2. Percent of error rate (ER) for 35 combinations of distance and HC clustering methods
264 calculated from the glutathione metabolism and PPAR signaling pathway datasets.
Drug
Combination of Drug clustering  DDs clustering DDs clustering
Sl distance and HC clustering ER ER for ER for GMP ER for PPAR-
clustering methods for GMP data PPAR-SP data SP data
data

1 euclidean:ward 10 0 6.666666667 20

2 euclidean:single 10 40 16.66666667 36.66666667
3 euclidean:complete 10 30 26.66666667 20

4 euclidean:average 10 40 26.66666667 20

5 euclidean:mcquitty 40 40 26.66666667 13.33333333
6 euclidean:median 40 40 3.333333333 26.66666667
7 euclidean:centroid 40 40 16.66666667 30

8 maximum:ward 10 0 16.66666667 10

9 maximum:single 10 40 16.66666667 36.66666667
10 maximum:complete 20 0 16.66666667 26.66666667
11 maximum:average 10 40 26.66666667 36.66666667
12 maximum:mcquitty 10 40 26.66666667 36.66666667
13 maximum:median 40 40 26.66666667 36.66666667
14 maximum:centroid 40 40 16.66666667 30

15 manhattan:ward 10 0 6.666666667 20
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Drug
Combination of Drug clustering  DDs clustering DDs clustering
Sl distance and HC clustering ER ER for ER for GMP ER for PPAR-
clustering methods for GMP data PPAR-SP data SP data
data

16 manhattan:single 40 40 16.66666667 36.66666667
17 manhattan:complete 10 30 3.333333333 20

18 manhattan:average 10 40 26.66666667 20

19 manhattan:mcquitty 10 40 3.333333333 20

20 manhattan:median 40 40 26.66666667 36.66666667
21 manhattan:centroid 40 40 16.66666667 30

22 canberra:ward 50 10 30 20

23 canberra:single 50 10 23.33333333 36.66666667
24 canberra:complete 50 10 30 20

25 canberra:average 50 10 30 23.33333333
26 canberra:mcquitty 50 40 30 23.33333333
27 canberra:median 50 40 40 36.66666667
28 canberra:centroid 50 40 33.33333333 36.66666667
29 minkowski:ward 10 0 6.666666667 20

30 minkowski:single 10 40 16.66666667 36.66666667
31 minkowski:complete 10 30 26.66666667 20

32 minkowski:average 10 40 26.66666667 20

33 minkowski:mcquitty 40 40 26.66666667 13.33333333
34 minkowski:median 40 40 3.333333333 26.66666667
35 minkowski:centroid 40 40 16.66666667 30

In that case the FCGE value is merged into a single value averaging over the dose levels (low,
middle and high). In the second way, we consider high and middle doses of glutathione depleting
drugs and PPARs-regulated gene influencing drugs in one cluster and other DDs in another cluster
for GMP and PPAR-SP datasets respectively. Therefore, each of the datasets is split into two datasets.
For these datasets ER are displayed against the 35 combinations of distance and HC clustering
methods in Table 2. From this table it is observed that the distance and HC method combinations
euclidean:ward, manhattan:ward and minkowski:ward produce smaller and stable ER in all datasets.
Therefore, we suggest these combinations of distance and HC method for clustering DDs or genes of
toxicogenomic data.

3.2. Detection of Biomarker Genes and Their Regulatory DDs from the Co-clusters

The important objective of the toxicogenomics studies is to explore subset of DDs which have
the similar mechanism of action over a subset of genes. These can be done by applying our proposed
algorithm described in section 2.4 on the results obtained from suitable combination of distance and
HC method. It is observed from the results of the previous section 3.1 the more suitable combinations
of distance and HC methods are euclidean: ward, manhattan:ward, and minkowski:ward. As an
example, in this article we show the analysis of GMP and PPAR-SP datasets at 24 hour as well as
multiple (3 hour, 6 hour, Shour and 24 hour) time points using the combinations of HC (ward) and
distance (Euclidean) methods.
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Figure 1. Doses of drugs (DDs) clustering of GMP and PPAR-SP datasets based on euclidean distance
method in combination with ward HC method. A) DDs clustering of GMP dataset at 24 hour time

285
286

C) DDs clustering of PPAR-SP dataset at 24 hour time point. D) DDs clustering of PPAR-SP dataset

point. B) DDs clustering of GMP dataset at multiple (3 hour, 6 hour, Shour and 24 hour) time points.
at multiple (3 hour, 6 hour, Shour and 24 hour) time point.

287
288
289
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291  Figure 2: Structural view of Co-clusters retrieve by our HC based proposed co-clustering algorithm
292  of the GMP and PPAR-SP datasets. (A) GMP dataset for 24 hour time point. (B) GMP dataset for
293  multiple time points. (C) PPAR-SP dataset for 24 hour time point. (D) PPAR-SP dataset for multiple
294  time points.

295 The dendrogram of DDs and genes based on the distance (Euclidean) and HC (ward) methods
296  for GMP and PPAR-SP datasets at 24 hour as well as multiple time points are depicted in the figures
297  Figure 1 and Figure S1(supplementary file) respectively. The ranked clusters/co-clusters (according
298  to average FCGE value within the co-clusters) for the GMP and PPAR-SP datasets are given in Table
299 3 and Table 4 respectively. In these tables, the genes and DDs cluster numbers within the parenthesis
300 represent the newly assign cluster numbers based on the proposed co-clustering algorithm described
301  in section 2.4. For example, in the first row of Table 3 the original HC produced cluster number for
302  both of gene and DDs is 3. Since, the intersection mean of these gene and DDs cluster is the largest
303  than others gene and DDs cluster intersection mean we assign the both of the gene and DDs cluster
304  as 1. Figure 2 represents the image of the co-clusters in which genes and DDs are arranged according
305  to the ranked average FCGE values within the co-clusters (Tables 3 and 4). The biomarker co-clusters
306 along with proposed method assigned cluster number having largest average FCGE values
307  (consisting of biomarker genes and their regulatory DDs) are given in Table 5 and Table 6 for GMP
308 and PPAR-SP datasets respectively. The results generated by the proposed methods for GMP and
309  PPAR-SP datasets are validated by the literature [14, 15, 23] and functional annotation by the DAVID
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310  database [24]. The results of the functional annotation for biomarker genes are given in Table 7, 8, 9
311 and10. The detail results of genes and DDs clustering results are given in supplementary file (Table
312 S1, Table S2, Table S3 and Table S4).

313 Table 3. Doses of drug and gene co-clustering mean (ranked) of the glutathione metabolism pathway
314 datasets for the combination (Euclidean:ward) of distance and hierarchical clustering methods.

Euclidean:ward, Dataset: glutathione metabolism pathway at 24 hour time point

Gene and compound co-cluster Co-cluster mean
Gene-Cluster-3(1):Compound-Cluster-3(1) 2.5550390
Gene-Cluster-2(2):Compound-Cluster-2(2) 1.6619841
Gene-Cluster-3(1):Compound-Cluster-2(2) 0.8249199
Gene-Cluster-3(1):Compound-Cluster-1(3) 0.8129127
Gene-Cluster-2(2):Compound-Cluster-3(1) 0.5994644
Gene-Cluster-1(3):Compound-Cluster-3(1) 0.5991663
Gene-Cluster-1(3):Compound-Cluster-2(2) 0.4653372
Gene-Cluster-2(2):Compound-Cluster-1(3) 0.3402437
Gene-Cluster-1(3):Compound-Cluster-1(3) 0.2481545

Euclidean:ward, Dataset: glutathione metabolism pathway at 3 hour, 6 hour 9 hour and 24

hour time points

Gene and compound co-cluster Co-cluster mean
Gene-Cluster-3(1):Compound-Cluster-2(1) 1.2954907
Gene-Cluster-1(2):Compound-Cluster-1(2) 0.6118177
Gene-Cluster-2(3):Compound-Cluster-1(2) 0.5850958
Gene-Cluster-3(1):Compound-Cluster-1(2) 0.5157947
Gene-Cluster-3(1):Compound-Cluster-3(3) 0.3513179
Gene-Cluster-1(2):Compound-Cluster-2(1) 0.3360666
Gene-Cluster-2(3):Compound-Cluster-2(1) 0.3285539
Gene-Cluster-1(1):Compound-Cluster-3(3) 0.2478899
Gene-Cluster-2(3):Compound-Cluster-3(3) 0.2424664

315
316 Table 4. Doses of drug and gene co-clustering mean (ranked) of the PPAR signaling pathway datasets
317 for the combination (Euclidean:ward) of distance and hierarchical clustering methods.

Euclidean: ward, Dataset: PPAR signaling pathway at 24 hour time point
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Gene and compound co-cluster Co-cluster mean
Gene-Cluster-1(1):Compound-Cluster-1(1) 1.5972416
Gene-Cluster-3(2):Compound-Cluster-2(2) 0.6596625
Gene-Cluster-3(2):Compound-Cluster-1(1) 0.6522308
Gene-Cluster-1(1):Compound-Cluster-2(2) 0.4973316
Gene-Cluster-2(3):Compound-Cluster-1(1) 0.3994878
Gene-Cluster-2(3):Compound-Cluster-2(2) 0.2378871

Euclidean:ward, Dataset: PPAR signaling pathway at 3 hour, 6 hour 9 hour and 24 hour time

points
Gene and compound co-cluster Co-cluster mean
Gene-Cluster-3(1):Compound-Cluster-2(1) 1.5863836
Gene-Cluster-1(2):Compound-Cluster-2(1) 0.5842037
Gene-Cluster-1(2):Compound-Cluster-1(2) 0.4385611
Gene-Cluster-3(1):Compound-Cluster-1(2) 0.4025768
Gene-Cluster-2(3):Compound-Cluster-2(1) 0.2569643
Gene-Cluster-2(3):Compound-Cluster-1(2) 0.1757952
318 Table 5. Biomarker co-clusters consisting of biomarker genes and their regulatory doses of drugs
319 explored by the combination (Euclidean:ward) of distance and hierarchical clustering methods for
320 glutathione metabolism pathway datasets.

Biomarker genes Regulatory doses of drugs

Euclidean:ward.D, Dataset: glutathione metabolism pathway at 24 hour time point

Gene-cluster-3: LOC100359539/Rrm?2, DCCs-cluster-3: isoniazid_Middle,
LOC100359539/Rrm2, Gpx6, RGD1562107 isoniazid_High

Gene-cluster-2: Gclc, Gstm4, Gstm3, Gé6pd, DCCs-cluster-2: acetaminophen_Middle,
Gsta5, Gelc, Mgst2, Gsr, Gpx2, Geclm, Gstpl acetaminophen_High, methapyrilene_High,

nitrofurazone_High

Euclidean:ward, Dataset: glutathione metabolism pathway at 3 hour, 6 hour 9 hour and 24

hour time points

Gene-cluster-2: LOC100912604/Srm, Gclc, DCCs-cluster-3: acetaminophen_High_24.hr,

Gstm4, Gstm3, G6pd, Gsta5, Gelc, Odcl, acetaminophen_Middle_24.hr,

Mgst2, Gsr, Gss, Gpx2, Gclm, Gstpl methapyrilene_High_6.hr,
methapyrilene_High_24 hr,
methapyrilene_High_9.hr,
nitrofurazone_High_24.hr,
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Biomarker genes Regulatory doses of drugs

nitrofurazone_High_6.hr,
nitrofurazone_Middle_6.hr,
nitrofurazone_High_9.hr,

nitrofurazone_Middle_9.hr,

Table 6. Biomarker co-clusters consisting of biomarker genes and their regulatory doses of drugs
explored by the combination (Euclidean:ward) of distance and hierarchical clustering methods for
PPAR signaling pathway datasets.

Biomarker genes Regulatory doses of drugs

Euclidean:ward, Dataset: PPAR signaling pathway at 24 hour time point

Gene-cluster-1: Cptla, Cyp8bl, Cyp4a3, DCCs-cluster-1: aspirin_Low, aspirin_High,
Ehhadh, Plin5, Fabp3, Mel, Fabp5, aspirin_Middle, benzbromarone_High,
LOC100910385, Cpt2, Acaala, Cyp4al, clofibrate_High, WY14643_ Low,
LOC100365047, Cptla, LOC100365047, WY14643_High, WY14643_Middle

Angptl4, Aqp7, Cptlc, Cptlb, Mel

Euclidean:ward, Dataset: PPAR signaling pathway at 3 hour, 6 hour 9 hour and 24 hour time

points

Gene-cluster-3: Cyp4a3, Ehhadh, Plin2, DCCs-cluster-2: aspirin_Low_9.hr,
Plin5, Mel, LOC100910385, Cpt2, Acaala, aspirin_Low_24.hr,

Cyp4al, Angptl4, Cptlb aspirin_High_9.hr, aspirin_High_24 hr,
aspirin_Middle_24.hr,

benzbromarone_Middle_6.hr,

benzbromarone_High_9.hr,

benzbromarone_High_3.hr,

benzbromarone_Middle_ 9.hr,

enzbromarone_High_ 24 hr,

benzbromarone_High_6.hr,

benzbromarone_Middle_3.hr,
clofibrate_Middle_6.hr, clofibrate_High_24.hr,
clofibrate_Middle_9.hr, clofibrate_High_6.hr,
clofibrate_High_9.hr, gemfibrozil _High 24.hr,

gemfibrozil_Middle_24.hr,
gemfibrozil_High 9.hr,

WY.14643_High_6.hr, WY.14643_Middle_6.hr,
WY.14643_Middle_24.hr, WY.14643_Low_3.hr,
WY.14643_Low_24.hr, WY.14643_Middle_9.hr,
WY.14643_Low_6.hr, WY.14643_High_9.hr,
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Biomarker genes Regulatory doses of drugs
WY.14643_Middle_3.hr, WY.14643_High 3.hr,
WY.14643_Low_9.hr, WY.14643_High_24.hr,

324 Table 7. Functional annotation of KEGG pathway on the biomarker genes in co-cluster-1 discovered
325 by the distance and HC method combination Euclidean:ward, Dataset: glutathione metabolism
326 pathway at 24 hour time point.

Term Count % P-value FDR Genes
rno00480:Glutathione 2 66.66 | 7.48E-3 2.04E-38 | RGD1562107, Gpx6
metabolism

327 Table 8. Functional annotation of KEGG pathway on the biomarker genes in co-cluster-2 discovered
328 by the distance and HC method combination Euclidean:ward, Dataset: glutathione metabolism
329 pathway at 24 hour time point.
Term Count | % P-value | Genes
rmo00480:Glutathione 10 100 3.85E-20 | Mgst2, Gpx2, G6pd, Gclm, Gsr,
metabolism Gstab, Gcle, Gelc, Gstpl, Gstm3,
Gstm4
rno00980:Metabolism of 5 50.0 743E-7 Mgst2, Gsta5, Gstpl, Gstm3,
xenobiotics by cytochrome Gstm4
P450
rno00982:Drug metabolism - | 5 50.0 | 7.87E-7 Mgst2, Gsta5, Gstpl, Gstm3,
cytochrome P450 Gstm4
rno05204:Chemical 5 50.0 | 2.14E-6 Mgst2, Gstab, Gstp1, Gstm3,
carcinogenesis Gstm4
rno04918:Thyroid hormone 2 20.0 | 0.076 Gpx2, Gsr
synthesis
330 Table 9. Functional annotation of KEGG pathway on the biomarker genes in co-cluster-1 discovered
331 by the distance and HC method combination Euclidean:ward, Dataset: PPAR signaling pathway at 24
332 hour time point.
Term Count | % P-value | Genes
rno03320:PPAR signaling 13 76.47 | 4.88E-24 | Cptlb, Aqp7, Cptlc, Cptla,
pathway Cyp4a3, Cptla, Cpt2, Cyp8bl,
Fabp3, Ehhadh, Acaala,
Cyp4al, Angptl4, Fabp5
rno00071:Fatty acid 8 47.06 | 3.16E-13 Cptlb, Cpt2, Ehhadh, Acaala,
degradation Cptlc, Cptla, Cyp4a3, Cptla,
Cyp4al
rno01212:Fatty acid 6 35.29 | 1.67E-8 Cptlb, Cpt2, Ehhadh, Acaala,
metabolism Cptlc, Cptla, Cptla
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Term Count | % P-value | Genes
rno04920:Adipocytokine 3 17.65 | 0.0067 Cptlb, Cptlc, Cptla, Cptla
signaling pathway
rno04922:Glucagon signaling | 3 17.65 | 0.0117 Cptlb, Cptlc, Cptla, Cptla
pathway
rno04152:AMPK signaling 3 17.65 | 0.0187 Cptlb, Cptlc, Cptla, Cptla
pathway
rno01100:Metabolic 6 35.29 | 0.0500 Mel, Mel, Cyp8bl, Ehhadh,
pathways Acaala, Cyp4a3, Cyp4al
rno00280:Valine, leucine and | 2 11.76 | 0.0885 Ehhadh, Acaala
isoleucine degradation

Table 10. Functional annotation of KEGG pathway on the biomarker genes in co-cluster-1 discovered
by the distance and HC method combination Euclidean:ward, Dataset: PPAR signaling pathway at 3
hour, 6 hour 9 hour and 24 hour time points.

Term Count | % P-value Genes

rno03320:PPAR signaling 7 63.63 | 5.49E-12 | Cptlb, Cpt2, Ehhadh, Acaala,
pathway Cyp4a3, Angptl4, Cyp4al
rno00071:Fatty acid 6 54.54 | 1.37E-10 Cptlb, Cpt2, Ehhadh, Acaala,
degradation Cyp4a3, Cyp4al
rno01212:Fatty acid 4 36.36 | 1.09E-5 Cptlb, Cpt2, Ehhadh, Acaala
metabolism

rno01100:Metabolic 5 45.45 | 0.0172 Mel, Ehhadh, Acaala, Cyp4a3,
pathways Cyp4al

rno00280:Valine, leucine and | 2 18.18 | 0.0486 Ehhadh, Acaala

isoleucine degradation

rno00590:Arachidonic acid 2 18.18 | 0.0709 Cyp4a3, Cyp4al

metabolism

rno00830:Retinol metabolism | 2 18.18 | 0.0726 Cyp4a3, Cyp4al
rno04146:Peroxisome 2 18.18 | 0.0743 Ehhadh, Acaala
rno04750:Inflammatory 2 18.18 | 0.0994 Cyp4a3, Cyp4al

mediator regulation of TRP

channels

4. Discussion and Conclusion

The important objectives of the toxicity investigation in the pre-clinical phase of the drug
development process as well as in toxicogenomic studies are the subsets of DDs which have the
similar mechanism of action over the respective subsets of genes and to assess toxic DDs and their
regulatory toxicogenomic biomarker genes. With a view to satisfy these objectives different authors
have incorporated a number of statistical tools in their works. For example, t-test and Mann—Whitney
U test [12, 15] and ANOVA [16, 17] were used for the exploration of biomarker genes. Nonetheless,
these methods cannot satisfy the mentioned objectives. Although, there are few statistical methods
[14, 18, 19] for the assessment of doses of drugs (DDs) toxicity and their associated biomarker genes,
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345  these methods consume more time for computation of the model parameters using the EM
346  (Expectation-Maximization) [20] based iterative approaches. To overcome this problem, in this paper,
347  we have proposed an alternative approach based on hierarchical clustering (HC) for the same
348  purpose. However, there are several types of HC approaches whose performance depends on
349 different similarity/distance measures. Therefore, we explored suitable combinations of distance
350 measures and HC methods based on Japanese Toxicogenomics Project (TGP) datasets for better
351  clustering/co-clustering between DDs and genes as well as to detect toxic DDs and their associated
352  biomarker genes.

353 We have investigated the performance of 35 combinations of distance (euclidean, maximum,
354 manhattan, canberra, minkowski) and HC (ward, single, complete, average, mcquitty, median,
355  centroid) methods based on the known real glutathione metabolism pathway (GMP) and PPAR
356  signaling pathway (PPAR-SP) datasets [15, 23] using ER. It is observed that the combinations
357  euclidean:ward, manhattan:ward and minkowski:ward produces more stable and lower ER for the
358  mentioned datasets. Therefore, we have proposed ward’s HC methods in combination with distance
359  methods euclidean, manhattan or minkowski for clustering/co-clustering genes and DCCs of
360  toxicogenomic data. For example, we have analyzed GMP and PPAR-SP for single and multiple time
361  points datasets using the distance and HC method combination euclidean:ward based proposed co-
362  clustering algorithm described in section 2.4. In case of glutathione metabolism pathway (GMP)
363 dataset LOC100359539/Rrm2, Gpx6, RGD1562107, Gstm4, Gstm3, G6pd, Gsta5, Gele, Mgst2, Gsr,
364 Gpx2, Gelm, Gstpl, LOC100912604/Srm, Gstm4, Odcl, Gsr, Gss are the biomarker genes explored
365  from biomarker co-clusters (for single and multiple time points datasets combined) and
366 Acetaminophen_Middle, Acetaminophen_High, Methapyrilene_High, Nitrofurazone_High,
367 Nitrofurazone_Middle, Isoniazid_Middle, Isoniazid_High are their regulatory (associated) DDs.
368 Similarly, for the PPAR signaling pathway (PPAR-SP) dataset Cptla, Cyp8bl, Cyp4a3, Ehhadh, Plin5,
369  Plin2, Fabp3, Mel, Fabp5, LOC100910385, Cpt2, Acaala, Cyp4al, LOC100365047, Cptla,
370  LOC100365047, Angptl4, Aqp7, Cptlc, Cptlb, Mel are the biomarker genes and Aspirin_Low,
371 Aspirin_Middle, Aspirin_High, Benzbromarone_Middle, Benzbromarone_High, Clofibrate_Middle,
372 Clofibrate_High, WY14643_Low, WY14643_High, WY14643_Middle, Gemfibrozil_Middle,
373  Gemfibrozil_High are their regulatory DDs. These results are validated by the available literature [14,
374 15, 23] and functional annotation.

375 5. Conclusions

376 Overall, the study has shown that the proposed methods have significant advantage over the
377  existing biomarker gene detection as well as co-clustering methods due to the following reasons.

378 e Detect the biomarker genes and the regulatory (associated) DDs simultaneously.
379 e The method safe time, since it requires less time for preparing results compare to the others EM
380 based iterative co-clustering methods.

381 e The results produced by the method conform to the literature and database results.

382 Supplementary file: Figure S1: Gene clustering of glutathione metabolism (GMP) and PPAR signaling pathway
383 (PPAR-SP) datasets based on euclidean distance method in combination with ward HC method. Table S1: Gene
384 and DDs clusters as well as co-clusters generated by the proposed co-clustering algorithm based on the
385 combination of distance (Euclidean) and HC (ward) methods for glutathione metabolism pathway datasets at
386 24 hour time point. Table S2: Gene and DDs clusters as well as co-clusters generated by the proposed co-
387 clustering algorithm based on the combination of distance (Euclidean) and HC (ward) methods for glutathione
388 metabolism pathway datasets at 3 hour, 6 hour, 9 hour and 24 hour time points. Table S3: Gene and DDs clusters
389 as well as co-clusters generated by the proposed co-clustering algorithm based on the combination of distance
390 (Euclidean) and HC (ward) methods for PPAR signaling pathway dataset at 24 hour time point. Table S4: Gene

391 and DCCs clusters as well as co-clusters generated by the proposed co-clustering algorithm based on the
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392 combination of distance (Euclidean) and HC (ward) methods for PPAR signaling pathway dataset at 3 hour, 6
393 hour, 9 hour and 24 hour time points.
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