
BIOMARKER DETECTION FOR HEXACHLOROBENZENE TOXICITY USING 

GENETIC ALGORITHMS ON GENE EXPRESSION DATA 

 

 Cem Meydan
1
, Alper Küçükural

2
, Deniz Yörükoğlu

3
, and O. Uğur Sezerman

4 
 

 
Biological Sciences and Bioengineering, Sabanci University  

Sabancı Üniversitesi, Orhanlı-Tuzla, 34956 İstanbul, Türkiye  

phone: + (90)2164839000, fax: + (90)2164839550,   

email: {cemmeydan
1
, kucukural

2
, denizy

3
}@su.sabanciuniv.edu, 

4
ugur@sabanciuniv.edu  

web: http://www.sabanciuniv.edu 

 
 

ABSTRACT 

Discovering toxicity biomarkers is important in drug dis-

covery to safely evaluate possible toxic effects of a sub-

stance in early phases. We tried evolutionary classification 

methods for selecting the important classifier genes in 

hexachlorobenzene toxicity using microarray data. Using 

genetic algorithms for selection of minimum number of 

features for classification of gene expression data, we 

discovered a number of gene sets of size 4 that were able 

to discriminate between the control and the hexachloro-

benzene (HCB) exposed group of Brown-Norway rats 

with >99% accuracy in 5-fold cross-validation tests, 

whereas classification using all of the genes with SVM 

and other methods yielded results that vary between 

48.48% to 81.81%. Making use of this small number of 

genes as biomarkers may allow us to detect toxicity of 

substances with mechanisms of toxicity similar to HCB in 

a fast and cost efficient manner when there are no emerg-

ing symptoms. 

1. INTRODUCTION 

Finding reliable toxicity biomarkers is important in 

toxicogenomics to safely evaluate possible toxic effects of 

a substance in early phases of drug discovery. Discovering 

the important mechanisms of toxicity for known toxic sub-

stances and developing biomarkers that detect these can 

lead to classification of new substances with respect to 

their toxicity in a cost-efficient manner.  

Using microarray technology to evaluate the changes 

in gene expression data between control and experiment 

data sets, the significant set of genes that indicate the exis-

tence of the toxicity may be obtained. Discovering these 

genes that are correlated with the substance may point the 

mechanisms of toxicity and the effected pathways. These 

sets of genes may also be used for development of diag-

nostic kits that can be used to detect possible existence of 

toxicity of a substance on the test subjects, or on the early 

diagnosis of toxin exposure. 

Minimizing the number of genes that are used as a 

biomarker, without affecting the accuracy of the predic-

tion, is essential for practical purposes. Each redundant 

control will have a negative effect time-, complexity- and 

cost-wise, therefore finding the minimal set of genes with 

highest classification accuracy is in practical interest. Fea-

ture subset selection refers to this problem of selecting 

important set of attributes from a large set of redundant 

attributes that are uncorrelated with the class used in clas-

sification purposes.  

The method proposed by Kucukural et al. successfully 

selects the minimum number of features for classification 

of gene expression data using evolutionary methods with 

low attribute counts and very high accuracy in cancer data 

sets compared to other methods [1]. The viability of this 

method on toxicity datasets was unexplored, and if any 

changes were necessary for adapting it to toxicogenomics. 

To compare its performance, we tried this evolutionary 

classification method and other classifiers for selecting the 

minimum number of important set of genes in hexachloro-

benzene toxicity using microarray data.  

Hexachlorobenzene (HCB) is an organochlorine fun-

gicide with persistent environmental pollution effects, and 

has various toxic mechanisms in man. During the period 

1955-1959, about 4000 people in southeast Anatolia in 

Turkey developed porphyria due to the ingestion of HCB 

that were used on wheat seedlings [2]. HCB has been also 

classified as a Group 2B carcinogen (possibly carcinogenic 

to humans) by the International Agency for Research on 

Cancer (IARC). Animal carcinogenicity data for hexa-

chlorobenzene show increased incidences of liver, kidney 

(renal tubular tumours) and thyroid cancers [3].  

Although HCB usage was banned in most areas, it is 

still generated as waste by-products of industrial processes. 

The pollution of the sea coasts and groundwater persists 

due to its stability, and HCB is still detectable in human 

milk and blood in some areas of the world.  

In this study HCB data set is used because its effects, 

mechanisms of toxicity, the pathways affected and the 

toxicology data such as oral and inhalation dosage in mice, 

rats and humans are well documented, therefore the ob-

tained set of classifier genes may be compared with the 

literature. 



2. RELATED WORK 

Studies for finding genomic markers for detection of 

changes in an organism are aimed at different reasons. One 

is mainly for practical diagnostic purposes, and other is for 

discovering the underlying mechanism in that change. Al-

though both can be used for other purposes as well, the 

goal in finding diagnostic markers is to minimize the num-

ber of needed data without affecting accuracy. 

If the toxin causes a response in gene expression level, 

microarray technology is very powerful for biomarker 

discovery [4-5]. The entire human genome can be con-

tained on a single microchip, enabling us to generate com-

plete profile of the response to toxicity [6-8]. Representa-

tional difference analysis (RDA) of tissue- or cell-specific 

arrays are used to find candidate biomarker proteins from 

protein-coding genes that have a specific change in expres-

sion, when control and experimental values are compared 

[9-10]. However, using only genomic data is insufficient, 

since it only measure changes in mRNA expression, but 

abundant quantities of mRNA does not necessarily equal 

abundant quantities of  protein [5], thus semi-quantitative 

assays are required for checking the proteins. An example 

to this is the study from Ichimura et al. who identified the 

gene with most significant change in the postischemic rat 

kidney, KIM-1, and confirmed its viability for use as a 

biomarker by subsequent immunoblot, immunostaining, 

and RNA in situ hybridization [9]. Examples to other simi-

lar studies in which RDA in microarrays is used to find 

markers and changed gene expression levels for damage 

due to radiation toxicity [11], hemolytic anemia induced 

by drugs [12], nephrotoxicity  induced by cisplatin [13], 

identification of glutathione depletion-responsive genes in 

rat liver [14], and many more. This approach is powerful, 

and pharmaceutical and biotechnology companies even 

created panels of biomarkers that detect drugs causing 

hepatotoxicity upon in vitro exposure to rat hepatocytes or 

in vivo dosing in rats [15]. 

For markers of toxicity, studies are mostly in mecha-

nistic field. The work by Ezendam et al. [16], whose data 

set we also studied, tried to find the significant changes in 

gene expression due to hexachlorobenzene exposure, and 

found a total of 104 genes in different tissues that are af-

fected by the HCB. Similar works concentrating on 

changes in expression levels in specific tissues or on the 

whole organism due to exposure to several chemicals are 

also numerous. 

Other works in which the biomarker discovery by fea-

ture selection is studied are also present. Many studies 

concentrate on heuristic search and randomized population 

based techniques such as genetic algorithms. Early studies 

used known computational procedures such as greedy op-

timization, branch and bound, tabu search, simulated an-

nealing, gibbs sampling, evolutionary programming, ge-

netic algorithms, ant colony optimization and particle 

swarm optimization [17-24]. These perform differently in 

different conditions due to the heuristic methods; no best 

solution can be found due to the practically non-

computable number of possible solutions, making exhaus-

tive search impossible.  

Recently, feature selection by coupling genetic algo-

rithms with statistical classifiers have been studied. Alon et 

al. used clustering algorithms to find genes with correlated 

expression levels that can be used for diagnosis. They 

found a set of genes that can classify colon cancer by 90% 

accuracy [25]. On the same data set, Fröhlich et al. used 

genetic algorithms coupled with support vector machines 

to find minimum number of genes that can classify the 

data, which resulted in a set of 30 genes with 85% accu-

racy [26]. The work by Kucukural et al. that we used in 

this study concentrates on dynamic parent generation by 

fitness score of features using genetic algorithms, and was 

very efficient in finding a low number of highly accurate 

solutions, resulting in 98% accuracy using 12 genes in the 

same colon cancer data set and 100% accuracy with 12 

genes in ovarian cancer data set [1]. 

3. METHODOLOGY 

To discover the minimum number of features that can 

classify the data, we have to find a way represent these sets 

of genes. In the genetic algorithm, each individual in the 

population represents a candidate solution to the feature 

subset selection problem. The genetic code of a parent is 

boolean vector of size m, where m is the number of attrib-

utes. A value of 1 means the parent has that attribute, and 

0, not. Since there are 2
m
 possible parents, exhaustive 

search is impossible with more than a handful of attributes, 

thus evolutionary algorithms or other heuristic methods are 

necessary.  

The method is based on the selfish gene idea by Rich-

ard Dawkins, in which the individuals are only the carriers 

of genes, and the function of a parent is to leave the strong 

genes to next generation [27]. Thus, the main goal is the 

survival of the gene. If an individual has a good fitness 

score with fewer genes, the gene (i.e. feature) count can be 

decreased. Basically, the algorithm uses this concept to 

select features. Details of the genetic algorithm are given 

below. 

The main base of the genetic algorithm uses standard 

mutation and cross-over algorithms, using support vector 

machine (SVM) learning to assign a fitness score. SVM is 

a very accurate supervised learning method, widely used in 

computational problems in biology. Score of an individual 

is calculated by the accuracy of classification by SVM in 

5-fold cross-validation tests.  

The genetic algorithm employs elitism in which low 

scoring children are replaced with best scoring parents, if 

the score of the parents are higher. Also a small number of 

"bad" parents are also selected, which keeps the algorithm 

from being stuck in local minima, thus acting as simulated 

annealing along with the roulette wheel method. 

Used SVM parameters are given below. LibSVM li-

brary [28-29] was used in both the genetic algorithm and 

in the following tests. 

In the first generation, parents are randomly generated 

with each having a set number of features and each feature 



being covered a set amount, for reducing the chance of a 

good attribute being dropped due to redundant neighbours 

in that parent. Then, for a number of generations (given as 

non-reducing generations below) the genetic algorithm 

runs without trying to reduce the number of features. In 

this phase each feature is assigned the fitness score of its 

parent. After the first run for a set number of generations, 

average fitness score for each attribute is obtained by di-

viding the total fitness score by the number of times that 

feature was chosen in an individual. 

After this first pass is completed, the reducing phase of the 

genetic algorithm with roulette wheel based selection 

strategy is used in which the number of features is reduced 

for filtering the redundant attributes. In roulette wheel the 

probability of selecting a feature is its fitness score, there-

fore high scoring attributes are selected more often. Each 

child carries a specific gene set generated by the roulette 

wheel selection, crossover and mutation steps, and when a 

gene is selected more than once for a specific set, the du-

plicates will be removed, consequently decreasing the total 

feature count. This way the number of features of a child 

decreases if the same attribute is selected more than once. 

This parent generation scheme, which focuses on "gene" 

instead of parent, allows the dynamic selection of optimal 

number of features. The effectiveness of this approach can 

be clearly seen in Figures 1 and 2. 

 

The genetic algorithm uses the following parameters; 

 

Number of Features: 8799 

Feature Coverage (the number each feature is covered 

in the first generation): 2 

Number of features in each parent in 1
st
 generation: 30 

Number of non-reducing generations: 50 

Number of reducing generations (see above): 500 

Population Size: 587 ((# of features)x(feature cover-

age) / (# of features in each parent)) 

Crossover Rate: 0.9 

Mutation Rate: 0.1 

Elite Parent Rate: 0.2 

Bad Elitist Rate: 0.01 

 

SVM Parameters: 

Type: C_SVC 

Kernel: Radial Basis Function 

C: 100 

Gamma: 1.0 / 8799 

Coefficient0: 0 

Epsilon: 0.001 

P: 0.1 

Using normalization and shrinking. Not using prob-

ability estimates. 

 

The algorithm was run for 10 iterations for each 0-

150, 0-450, and 150-450mg/kg comparison (see Sections 

4.1 and 4.2). After the genes are selected iteratively, differ-

ent SVM parameters are used to find the optimal SVM 

score. As kernel types both radial basis functions (RBF) 

and linear (LIN) functions are used, with cost parameters 

100 and 10000. The results can be seen in Table 2. By op-

timization of the other parameters more accurate solutions 

can be found [28], however the results obtained were 

~100%, thus no optimizations were necessary. 

4. RESULTS 

4.1. Data Set 

The microarray data used is from the study Ezendam 

et al. in Dutch National Institute for Public Health [16]. 

Ezendam et al. fed Brown Norway rats with diets supple-

mented with 0, 150 and 450mg/kg HCB for 4 weeks, after 

which spleen, mesenteric lymph nodes (MLN), thymus, 

blood, liver, and kidney were collected and analyzed using 

the Affymetrix rat RGU-34A GeneChip microarray. Using 

1 microchip per tissue per animal, they obtained a total of 

96 hybridizations; 35 from untreated control group, 30 

from 150mg/kg and 31 from 450mg/kg exposed group, 

each having 8799 genes of RGU-34A chip. 

 

Figure 1: Min/Max/Mean errors in run of the algorithm with 
respect to generation in set 1. The given errors are the 
proportion of the false positives and false negatives in the 
whole test set. Notice that after 50 generations, algorithm 
changes its selection strategy from non-reducing to reduc-
ing (see text), and the min. error rate quickly converges to 
0. 

 

Figure 2: Number of features in the population with respect 
to generation. While the error rate becomes 0 at about 75 
(see Figure 1 above), the feature count gradually de-
creases until it reaches a minimum of 4 in about 200

th
 gen-

eration. Although there are some selected ones with 3 fea-
tures, they are not able to classify with 100% accuracy and 
are dropped against the sets with 4 features. 

 



 

4.2. Experiments 

HCB has relatively low acute toxicity, but it is cumu-

lative in lipid tissues, and is persistent. According to Ex-

tension toxicology network data, oral toxic dosage of HCB 

is 10,000mg/kg [30] in rats. Rats exposed to 450mg/kg per 

day for 28 days accumulate about 12600mg/kg of HCB, 

thus showing the most toxic effects [30-32]. According to 

the previous works that studied the posology of HCB, the 

time of onset, severity and size of skin lesions, the increase 

in body, liver and spleen; in other words the toxic effects 

of HCB with respect to exposure, ideal dose of exposure in 

which pathological problems are seen in rats is thus 

450mg/kg, so comparison between 0 and 450mg/kg is 

studied in most detail to find the markers of sub-chronic 

exposure. One rat in 450mg/kg exposed group even died 

after 25 days of exposure [16], thus we expect the changes 

in gene expression levels to differ more from the 0-

150mg/kg comparison. However, for early prediction, the 

low-dose markers and studies for 0-150mg/kg and also the 

classification of dosage by 150-450mg/kg are also given, 

though not as detailed.  

The found marker genes are then analysed and classi-

fied  with other methods in the data mining environments 

WEKA (Waikato Environment for Knowledge Analysis 

from University of Waikato) [33] and RapidMiner (for-

merly known as YALE) [34]. The genes are also searched 

in Affymetrix NetAffx Analysis Center [35] and in Kyoto 

Encyclopedia of Genes and Genomes (KEGG) [36-38] for 

correlation between chip result and gene functions and 

pathways. 

 

4.3.  Results 

We discovered a number of gene sets of size 4 that 

were able to discriminate between the control and the 

450mg/kg HCB exposed group of Brown-Norway rats 

with >99% accuracy by SVM classification in 5-fold 

cross-validation tests, whereas classification using all of 

the genes with the same methods such as SVM, Naïve 

Bayesian, C4.5 decision tree, RandomForest yielded re-

sults that vary between 48,48% to 81.81% (Table 1). Simi-

larly, in 0-150mg/kg 7 genes, and in 150-450mg/kg 6 

genes that increased the accuracy dramatically were dis-

covered. Since the changes are more subtle, it is normal for 

them to have more features to classify correctly. 

SVM scores for selected sets for all comparisons, with 

respect to different parameters may be seen in Table 2. 

While SVM scoring is given for the distance to the classi-

fier vectors, for actual classifying purposes all of the data 

were classified correctly in 5-fold cross-validation tests, 

giving 100% accuracy for all sets using our data set. 

Note that only the best scoring 2 sets are shown in Ta-

ble 2. For 0-450, 8 of the iterations gave 4, 1 iteration gave 

3 and 1 gave 5 genes, for an average of 4 genes per set. 

The distributions were similar for others, with few less 

than and few more than 6 and 7.  

As seen in Table 1, since these genes are discrimina-

tive, any classifier can be used, not only SVM. Using 

multi-layer perceptron classification on set 3 also gave 

100%, C4.5 gave 93.94%, k-nearest neighbour clustering 

gave 96.97% accuracy. Thus, without using SVM, accu-

rate, simple, human readable decision trees of size 9 with 5 

leaves can be built easily using these genes. One example 

is given for C4.5 decision tree in Figure 3, with accuracy 

of 96.97% in whole data. The confusion matrix of the tree 

is given in Table 4. It can be seen that for this feature set 

and data, all of the errors of the type I, i.e. false positives. 

Depending on the indicator being developed, the genetic 

algorithm or the decision tree algorithm may be modified 

to favour one type of error over the other when selecting 

classifier features. 

Method 

Accuracy 

Using all 8799 
Genes in 

0-450mg/kg 

Using the 4 Genes 
in Set 3 (See Ap-

pendix) 

5-fold 
cross-

validation 

Test on 
training 

data 

5-fold 
cross-

validation 

Test on 
training 

data 

SVM 53,03% 100% 100% 100% 

Decision Table 71,21% 96,97% 77,27% 86,36% 

Naive Bayesian 65,15% 100% 77,27% 78,78% 

Naive Bayes 
Multinomial 

(updateable) 
54,55% 100% 93,94% 93,94% 

Multi-layer 
Perceptron 

N/A N/A 100% 100% 

RBF Network 43,94% 100% 92,42% 100% 

Simple Logistics 62,12% 100% 95,45% 100% 

Random Forest 68,18% 100% 90,90% 100% 

NBTree 75,76% 100% 78,79% 95,45% 

C4.5 Decision Tree 66,67% 96,97% 93,94% 96,97% 

IBk (k-nearest 
neighbour 

classification) 
81,81% 100% 96,97% 100% 

KStar N/A N/A 95,45% 100% 

Classification via 
clustering (N=2) 

48,48% 50% 45,45% 53,03% 

 
Table 1: Accuracy of classification with different meth-

ods using both unfiltered 8799 features and the selected 4 
features (set 3), in cases of 5-fold CV and testing on train-
ing data. Parameters are default values if not stated, except 
in SVM, which uses the parameters shown in section 3. N/A 
values were not classified due to high memory require-
ments. Post-selection accuracy values showing increase 
are indicated in green, showing decrease in red. 

 

 
Feature 

Set 

SVM Accuracy 

RBF, 
100 

RBF, 
10000 

LIN, 100 
LIN, 

10000 

0-
150 

Set 1 0.991385 0.992 0.999385 0.998769 

Set 2 0.996154 0.996308 0.987538 0.986462 

0-
450 

Set 3 0.993182 0.996515 0.997576 0.998636 

Set 4 0.991364 0.993636 0.988182 0.995909 

150-
450 

Set 5 0.997213 0.991148 0.941148 0.938525 

Set 6 0.990656 0.984098 0.971475 0.97377 

 
Table 2: Accuracy of SVM classification on highest scor-

ing 2 sets for each comparison. Note that all sets have practi-
cally 100% classification accuracy in 5-fold cross-validation 
due to sample size of 66. Highest values for each set are 
shown in green. 

 



An important finding is that, while filtering features 

(and thus decreasing the information content) mostly re-

duced the classification accuracy using all of the training 

data for testing, at the same time it increased the accuracy 

of 5-fold cross-validation dramatically. We can conclude 

that the 100% accuracy in testing by training data is due to 

overfitting, and when the redundant features (i.e. noise) are 

filtered, the classifiers actually work much better in real 

world conditions. Reducing the feature count not only de-

creases the test cost and time/memory requirements, but 

also increases the accuracy.  

In 10 iterations, about 40 to 70 attributes are selected 

in total for each run. The selection of attributes shows half-

normal distribution; a small number of genes appear in 

most of the sets while most of them only appear in one. It 

is possible that by running the algorithm for more itera-

tions and selecting the most common elements may give 

more robust solutions for use in real world. 

However, while intra-class gene counts are half-

normally distributed, inter-class gene similarity is very 

low. As it can be seen in Table 3, in the genes selected for 

0-450 separation are selected, just 1 of them is selected 

once in 0-150 and 150-450 classification. The results from 

other sets are similar. Although these occurrences are more 

frequent than randomly selecting the same genes from a 

pool of 8799 genes, they are still somewhat lower consid-

ering the selected genes are effected by HCB exposure.  

Kucukural et al. compared the results on colon and 

ovarian cancer with other studies in terms of number of 

genes and accuracy. However, there are no studies in HCB 

toxicity focusing on minimum number of predictive genes. 

Study by Ezendam et al. focused on microarray data for 

important genes in various tissues that have role or af-

fected by HCB toxicity, and although feature selection was 

done for selecting significant ( p < 0.001 ) expression level 

changes, the number was not minimized. Nevertheless, 45 

changed genes in spleen, 16 genes in MLN, 7 genes in 

thymus, 27 in blood and 19 in liver were detected. Of 

those, M63122, D00913, K00996, AA891209 and E00778 

are also present in the genes we selected. 

To compare the number of features given by the algo-

rithms, we used the feature selection using genetic algo-

rithm module in RapidMiner. The GA feature selection 

module was coupled with 5-fold validation test and SVM 

scoring method with the same parameters used in our algo-

rithm. The module, however, was too slow and low gen-

eration counts were used. The number resulting selected 

features was about ~600, thus it only eliminated uncorre-

lated features and not tried to select the minimum number 

of genes that could classify the data. 

The decision table method (results shown in Table 1), 

when trained on all of the genes, has built 10 rules based 

on 4 genes (selected genes shown in appendix 7.1), but 

there were no similarities between the genes selected by 

decision table and by our method, and the accuracy of 

these rules were lower than ours.  

5. CONCLUSION AND DISCUSSION 

The dynamic parent generation with emphasis on fea-

ture suitability for classification performs much better than 

the standard genetic algorithm in which the chance of good 

features coming together is dependent on crossover prob-

abilities. In the standard approach heuristics are used only 

Accession Number Gene Symbol Description 

# of times selected 

0-150 0-450 
150-
450 

D00913_g_at Icam1 intercellular adhesion molecule 1 1 8 0 

AF093139_s_at Nxf1 
nuclear RNA export factor 1 

(mRNA_processing_Reactome ) 
0 3 0 

rc_AA892154_g_at Mxd4_predicted Max dimerization protein 4 (predicted) 0 3 0 

rc_AA892325_at Cept1 choline/ethanolamine phosphotransferase 1 0 2 0 

 
Table 3 : Details of the genes in set 3 and cross selection of these genes in other sets. 

 

D00913_g_at  > 154.42 

AF093139_s_at > 1038.25 

450mg/kg 

(7/1) 

Y 

450mg/kg 

(24/1) 

N 

rc_AA89215_g_at > 147.8 

0mg/kg 

(7/0) 

0mg/kg 

(12/0) 

0mg/kg 

(14/0) 

Figure 3: C4.5 decision tree built by the marker genes 
in set 3. Shown for demonstration purposes. The cor-

rect and erroneous decision counts are given in paren-
theses. Total accuracy is 96.97%, training and testing 

using all of the data 
. 
 

 

D00913_g_at  > 241.91 

Y 

Y 

Y 

N 

N 

N 

classified as 

0 450 

33 2 0 

a
c
tu

a
l 

v
a
lu

e
 

0 31 450 

 
Table 4: Confusion matrix of decision tree 

created by classification of set 3, shown in Figure 
3. 

 

 

 



to decrease the search space, while this method tries to 

select the optimal features. Along with parents (i.e. sets of 

features), features themselves get a score and these fea-

tures are then put into survival. With a higher fitness score, 

a feature gets selected more often while others are not se-

lected at all and eliminated, and better features have a 

chance to get selected more than once in an individual, 

thus decreasing the number of features in the parent. 

Although no prior work on biomarker detection for 

HCB induced toxicity was done, we compared the method 

with other well known classifier algorithms, in which the 

selected gene count and accuracy was better in our case. 

To compare our accuracy, we classified the data without  

any feature selection. Classifying the data using all of the 

genes, without any selection, results in lower accuracy. 

Thus, low number of genes used as biomarkers favour 

both accuracy and financial/computational costs of the 

tests.  

With this study, we concluded that biomarkers of tox-

icity can be discovered with the method by Kucukural et 

al, and possibly with even better results than cancer in this 

case of HCB. This method resulted in only 4 features out 

of 8799 that can classify HCB exposure in Brown Norway 

rats with 100% accuracy, which is higher than the results 

obtained in colon cancer (12 features, 98.38% accuracy) 

and ovarian cancer (12 features, 100% accuracy) [1]. 

Comparison of the selected genes with the literature [16, 

34-37] showed that most of these genes are known for 

their functions in the pathological effects of toxicity in-

duced by HCB. Using the low dose classifiers and other 

markers obtained by further study, toxin exposure can be 

detected when there are no emerging symptoms, which can 

be used in both medicine and experimental drug discovery. 

Studying only the changes in blood cells can lead to unin-

trusive markers that can be used detect the toxicity or dis-

ease from only blood samples. 

Another point of use for these markers is that, by 

gathering data from various toxic studies and finding reli-

able biomarkers of toxicity pathways for different mecha-

nisms of toxicity (e.g. in immunotoxicity; immunosup-

pression, immunostimulation, hypersensitivity reactions, 

autoimmune reactions, etc.) can allow us to generate toxic-

ity assays that are more efficient and accurate than the 

ones used today, which will allow detection of toxicity in 

very early stages of drug discovery, thus saving much 

time, effort and money. 
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7. APPENDIX 

7.1. Marker Sets 

 

0-150mg/kg 

Set 1: M63122_at, S82489_s_at, AF016179_at, 

rc_AI639421_at, rc_AA964530_at, rc_AI059291_at, 

J05231_at 

 

Set 2: AFFX-LysX-5_at, D28110_g_at, D89730_at, 

U57050_at, rc_AI639004_at, rc_AI639509_at, 

rc_AA874803_g_at 

 

0-450mg/kg 

Set 3: AF093139_s_at, D00913_g_at, rc_AA892154_g_at, 

rc_AA892325_at 

 

Set 4: D00913_g_at, Z18877_s_at, rc_AI235585_s_at, 

rc_AA874969_at 

 

150-450mg/kg 

Set 5: rc_AI172097_g_at, U64030_at, 

AF030089UTR#1_at, U95368_at, rc_AI639113_at, 

D78303_at 

 

Set 6: S82489_s_at, M15358cds_at, M15527_at, 

rc_AA875004_at, rc_H33001_at, rc_AA892333_at 

 

0-150-450mg/kg 

Set 7: K00996mRNA_s_at, Z19552cds_at, D00913_g_at, 

Z18877_s_at, rc_AI638945_at, rc_AI235585_s_at, 

AF065438_at, rc_AA866459_at, rc_AA891209_at, 

rc_AA800850_at 

 

Set 8: E00778cds_s_at, D63761_at, AF083418_at, 

D00913_g_at, U94322_s_at, M23995_at, 

rc_AI639113_at, U65656_at, AF065438_at, U96490_at, 

rc_AA859719_at, rc_AA866459_at, rc_AA799762_g_at 

 

Selected by Decision Table method on 0-450mg/kg  

L14782_s_at, L03294_g_at, L00191cds#1_s_at, 

M61142_at   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


