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ABSTRACT 

 
One of core businesses of biomedical study is to establish diseases-genes-drugs connections, which still remains 

as the fundamental challenge in today’s pharmacological and medical research due to the limited numbers of 

effective tools. Gene-expression profiling has historically served as a valuable resource for elucidating the 

mechanisms underlying biological pathway, for instance, the molecular pathological mechanism of certain disease 

in biomedicine. However, few efforts have been put into exploring deeper knowledge of medication by means of 

gene expression profiling.  

 

The aim of the project reported here was to establish a systematic approach to the discovery of functional 

connections among gene expression, drug classification and drug action using statistical (machine) learning 

techniques available and refined in R and in RapidMiner. Based on the data derived from “Connectivity Map”
 

resource (a large collection of 22000-dimensional gene-expression profiles induced in cultured human cells when 

treated with 1309 different drug molecules) the feasibility to establish a well performing classifier which can 

predict drug groups according to the Anatomical Therapeutic Chemical (ATC) system was explored. The same 

kind of classification approach was also applied to predict adverse side effects of drugs, available in the SIDER 

online database, using the same “Connectivity Map” gene expression data. In order to avoid information leaks 

between the classifier design and the subsequent test on new examples, which could future lead to over-optimistic 

conclusions, all feasibility studies were performed using carefully designed cross validation procedures. Although 

we succeeded in building a well performing classifier for one certain ATC group on the second level, the overall 

performance of classifiers when evaluated properly (no information leaks) was less promising than expected, for 

both ATC and side effect prediction. Therefore the main conclusion is that the “Connectivity Map” resource seems 

to contain surprisingly limited information with respect to these two prediction tasks. 

 

 

 

 

 
 

 

 

 

 

 

 
 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 

 

 



Prediction of drug class and adverse side effects based on induced gene 

expression profiles - a feasibility study 
 

 

Popular science summary 
 

Xiaodong Liu 

 

A fundamental challenge that arises throughout biomedical research is to connect diseases with the small 

bioactive molecules that can cure them and the genes that underlie them. One generic solution to this problem has 

been provided by Connectivity Map, a high-volume public database of signatures of drugs and genes established 

by Broad Institute. The presence of such a resource facilitated the research in the field of life science such as drug 

candidate, gene and disease, as one could compare its signature to Connectivity Map and highly likely find the 

potential connections. With advances in genomic research, the exploration of gene-expression profiling on a 

genome-wide scale has brought unprecedented possibilities in biology and medicine study. Especially, previous 

study has proven that gene-expression data could be used for identification of small molecules and genes in terms 

of their functions. More recently, a number of databases dedicated to expression profiles from rat tissues have 

demonstrated their viability of detecting potential toxicities of new small molecules. Therefore, Connectivity Map 

could use the genomic signatures of induced gene-expression on cultured human cells partly aiming to provide a 

systematic approach to connecting genes with drugs and their actions. 

 

Drug classification is a key issue of great concern in medical and pharmaceutical research today, as it is strongly 

correlated with medicine control and its use. By far Anatomical Therapeutic Chemical(ATC) classification system, 

initialized and managed by WHO Collaborating Centre for Drug Statistics Methodology(WHOCC), has been the 

most widely used coding system for categorizing drug based on its therapeutic and chemical characteristics. 

Another important subject regarding medicine from the perspective of toxicology is the side effect, also known as 

adverse drug reactions. Since side effect plays a significant role in clinical failure and discovery of new function 

of drug, medical research would greatly benefit from good interpretation of side effect data. The establishment of 

SIDER- a public online database connecting around 1000 drugs to more than 1500 side effect terms has 

ameliorated the situation of insufficient accessibility of data.  

 

The approach for predicting ATC class for drug involved in Connectivity Map database according to the 

corresponding genomic gene-expression data and future for side effect in combination with SIDER resource using 

machine learning appears to hold great potential for providing new insights into drugs-genes-diseases connections. 

In this study, we explored the feasibility of the idea mentioned above by means of applying statistical machine 

learning and data mining techniques. 
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1 INTRODUCTION 

New technologies are opening unprecedented possibilities in biomedicine: gene expression arrays, on-line 

databases, and modern statistical machine learning methods. By merging these tools, there is a great potential to 

accelerate biomedical research [1-3]. Gene expression profiling has long been applied in life science to elicit the 

mechanisms underlying a biological pathway, reveal cryptic subtypes of diseases and potentially predict 

biomedical issues which concerns human’s health conditions significantly [4]. The technical advances in IT and 

database management have facilitated the access and collection of large-scale biomedical information through the 

availability of growing number of online database including DrugBank [5-7], TDR Targets [8] and so forth. 

Connectivity Map resource, an effort aims to generate a detailed map that links gene patterns associated with 

disease to corresponding patterns produced by drug candidates, collected the genomic signatures from cultured 

human cell lines treated with bioactive molecules [9, 10]. This genome-wide gene-expression profiling data has 

been proven to be powerful in recognizing drugs with common mechanisms of action and identify potential new 

therapeutics. In addition to Connectivity Map resource, SIDER [11]- the first online database in documenting the 

relationship between drugs and their side effects provides accessibility of data on side effects of drugs (also 

known as adverse drug reactions). Due to the great potential of side effect to elucidating mechanisms of drug 

action and developing personalized medicines, the installment of SIDER database makes an important step in the 

pharmaceutical research from the perspective of toxicology. As a valuable tool to deal with huge amount of 

biological and biomedical data, statistical machine learning has shown wide use in resolving important questions 

in life science by providing mathematical frameworks to analyze enormous amount of biological information 

[12]. The term statistical machine learning refers to a scientific discipline concerned with creation and evaluation 

of algorithms that allow computers to evolve behaviors based on empirical data aiming for pattern recognition, 

classification and regression. The history of statistical machine learning applied to biology and medicine is both 

long and complex [12]. A typical scenario is that certain proportion of the whole data is used for learning, or in 

other words to train the predictor (classifier in classification) and then the newly built predictor is tested and 

validated via the rest part of the data. Especially, cross validation is a widely used technique in statistical learning 

since it can offers an indication of how well the predictor will do when asked to make new predictions for data it 

has not already seen. That is, cross validation can both make good use of all available data, which is particularly 

important in coping with biomedical issues where further samples are usually hazardous, costly or impossible to 

collect, and prevent information leak: the unbiased estimation of predictor can only be obtained by test using 

unseen data. 

 

In modern biomedical science, drug repurposing is an attractive idea that has currently been gaining a lot of 

interest [13]. As the name indicates, drug repurposing is the process of using existing drugs in new indications 

(e.g., disease treatment) other than the ones they were designed for. The main advantage of drug repurposing over 

traditional drug development is that since the candidate drugs for repurposing has already passed a large number 

of toxicity and other test, the risk of failures due to severe adverse drug response should be significantly reduced. 

According to the previous convey, more than 90% of drugs fail during development [14], which accounts for the 

mounting costs of pharmaceutical R&D. One potential approach to facilitating drug repurposing is to recognize 

the pattern of drugs actions for those who share their therapeutic, pharmacological and chemical properties or act 

on the same organ or system. In other words, if we can predict the class (or group) of one drug with rarely 

available medical information, the new feature or the potentially therapeutic use of that drugs could be inferred 

from the general information regarding the corresponding drug class that it belongs to. The Anatomical 

Therapeutic Chemical (ATC) Classification [15], which was first published in 1976, can serve as a robust system 

http://en.wikipedia.org/wiki/Statistical_sample


8 

 

that divides drugs into different groups according to the tissues on which they act their therapeutic and chemical 

characteristics. The structure of ATC system is illustrated using the instance in the table below. Therefore, a 

predictor for medicine according to the ATC code would be useful for the purpose of drug repurposing. Previous 

research revealed that genomic signatures could be used to study drugs with common mechanisms of actions [9]. 

We thus hypothesize that the genome-wide gene expression profile derived from Connectivity Map can 

potentially be used to recognize the drug classifications in ATC system. 

 

 

Table 1 Detailed information of metformin at 5 levels in the ATC system 

A Alimentary tract and metabolism 
(1st level, anatomical main group) 

A10 Drug used in diabetes 
(2nd level, therapeutic subgroup) 

A10B Blood glucose lowering drugs, excl. insulins 
(3dr level, pharmacological subgroup) 

A10BA Biguanides 
(4th level, chemical subgroup) 

A10BA02 Metformin 
(5th level, chemical substance) 

 

 

From the perspective of toxicology, another topic attracting growing attention in biomedical science is the side 

effect of drugs, also known as adverse drug reactions, which could easily cause failure in clinical trials. Side 

effects are unwanted phenotypic responses from the human organism to drug treatment. Nowadays, people have 

been putting increasing emphasis on the side effects as an important subject of research in the pharmaceutical 

industry. As side effects are a typical sort of complex phenomenological observations that have been attributed to 

a number of molecular scenarios including the interaction with the primary or additional targets, downstream 

pathway perturbations, drug-drug interference, etc. [16], it remains a daunting task to shed light on the biological 

process underlying side effects. However, previous research effort has opened up possibilities of exploring the 

relationships between drug responsive biological processes and side effects: Connectivity Map was intended to 

generate and analyze a drug-gene-disease network from large-scale experimental gene expression responses to 

drug treatments [9]. SIDER recently developed database on side effects to document the relationship between 

drugs and side effects [11]. By utilizing Connectivity Map, which provides drug-responsive gene expression 

information, and SIDER that provides drug-side effect relationships (Fig 1), our goal is to attempt to establish a 

classifier that can predict certain sort of side effects on the basis of gene-expression profile connected by drugs. 
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Fig 1 Illustration of gene-drug-side effects network. A: Drug-Biological process (genome- wide gene expression) network derived from 
Connectivity Map. B: Drug- Side effects network derived from SIDER. 

 

 

All in all, in the project reported here, the aim was to explore the possibility to predict ATC and side effects based 

on the CMAP gene expression profiles by means of modern statistical machine learning techniques. If successful, 

this would open for exciting possibilities to perform drug repurposing and subsequently avoid failing clinical 

trials. 

 

 

2 AIMS 
Genome- wide gene expression profiling has shown great power in elucidating the molecular mechanisms 

underlying biomedical traits, whereas its application in medicine research has been hampered by insufficient 

accessibility of relevant data. The Connectivity Map approach using gene-expression signatures opened 

possibilities for connecting bioactive molecules in drugs and genes. The general aim of the this study was to 

evaluate a systematic approach to the discovery of functional connections among gene expression, drug 

classification and drug action using statistical (machine) learning techniques available and refined in R [17] and 

RapidMiner [18]. In details, we intend to implement statistical learning methods to Connectivity Map gene-

expression data associated with the ATC code of corresponding drug with the purpose of establishing a well 

performing classifier that could explore the potential relations between them. In addition, the same sort of 

classification approach can also be applied to predict adverse side effects of drugs, which are available in the 

SIDER online database using the same Connectivity Map gene expression data. Thus, this study is to evaluate the 

strength and usefulness of applying Statistical Learning Methods to the Connectivity Map expression data for the 

purpose of multidimensional connections between genome-wide expression signature and biomedical 

characteristics of drugs. 
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3 BACKGROUND THEORY  

 

3.1 Connectivity Map 

The Connectivity Map, built by the Broad Institute of the Massachusetts Institute of Technology and Harvard 

University, was the most comprehensive source yet aimed for using genomic gene expressions patterns in a drug 

discovery pattern and a variety of genetic manipulations. In detail, from the genomic perspective, connectivity 

map collected transcriptional expression data from cultured human cells treated with key drug component (small 

bioactive molecules) and implemented simple pattern-identification algorithms that together enable the discovery 

of functional connections between drugs and diseases through the transitory feature of common gene-expression 

changes. It has been proved to be a powerful tool that can yield new scientific insights into poorly understood 

drug, diseases and the connections [9, 10]. Overall, the Connectivity Map has encouraging prospects for 

strengthening our understanding of biological mechanism underlying drugs. 

 

3.2 ATC 

The Anatomical Therapeutic Chemical (ATC) classification system provides a global standard for classifying 

medical substances and serves as a tool for drug utilization research and has been maintained by the WHO 

Collaborating Centre for Drug Statistics Methodology since first published in 1976. This pharmaceutical coding 

system divides drugs into different groups according to the organ or system on they act and their therapeutic, 

pharmacological and chemical properties. In order to illustrate the 5 levels of ATC codes, the complete 

classification of metformin was showed in table 1. In an effort to grab the essential characteristic of drugs with 

common mechanisms of actions as well as prevent digging into the chemical particulars of each drug, recent 

researches usually focuses on the first and second level of ATC groups which indicate the anatomical main group 

and the therapeutic main group respectively. 

 

3.3 SIDER 

Side effects of drugs (also known as adverse drug reactions) are the most important phenotypic responses of the 

human to drug treatment. However, the analysis and research on this topic had been hampered by insufficient 

accessibility of data, in particular, recorded adverse drug reactions. With the purpose of ameliorating this 

situation, Michael Kuhn etc., compiled package inserts from several public sources and subsequently developed a 

public database- SIDER. The available information on SIDER includes side effect frequency, drug and side effect 

classifications as well as links to further information, for example drug–target relations. Since our understanding 

of drugs and their side effects is in rapid progress, the SIDER database will also be updated periodically with the 

incorporation of new drug labels. The version involved in this study was released on March 16, 2012. 

 

3.4 Classification design based on machine learning 

Statistical machine learning, with roots at least in computer science, engineering and statistics, is a scientific 

discipline concerned with creation and evaluation of algorithms that allow computers to evolve behaviors based 

on empirical data aiming for pattern recognition, classification and regression. Modern biomedical research has 

benefited from the development of statistical machine learning, especially supervised statistical classification, 

which predicts qualitative output
 
[12].  The basic synopsis is that we feed the learning algorithms training data in 

which each item is already labeled with the correct category to create model that can be used to classify similar 

and unlabeled data.  Normally, a two-class supervised learning problem can be written as a formula, 
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which contains m examples and each example xi has d 

features and target (label) yi. Given unseen testing examples, the predictor should yield an estimated y value. 

 

Then there comes an intuitive question: how to measure and represent the accuracy of the predictor? A common 

solution would be confusion matrix (error matrix), a specific table layout that allows visualization of the 

prediction performance in the domain of machine learning. In the matrix, each column represents the instance in a 

predicted class, while each row stands for the instances in an actual class. As the most common issue, the 

following table shows the confusion matrix for a binary classification.  

 

 

Table 2 Confusion Matrix for a two-class classifier 

  
actual value 

  
Positive Negative 

prediction 
outcome 

Positive True 
Positive* 

False  
Positive* 

Negative 
False 
Positive* 

True 
Negative* 

  

* True Positive (TP), the number of correctly predicted positive instances 

    False Negative (FN), the number of actual positive instances marked as negative 

    False Positive (FP), the number of actual negative instances marked as positive 

   True Negative (TN), the number of correctly predicted negative instances 

 

 

Accuracy = (TP+TN)/(TP+TN+FP+FN)…………………….………….…….(1) 

 

True Positive Rate (TPR) = TP/(TP+FN)…………...……….…...……….…...(2) 

 

False Positive Rate (FPR) = FP/(TN+FP)…….……........………..……..…….(3) 

 

Sensitivity = TPR = TP/(TP+FN)………………….…..……….….………….(4) 

 

Specificity = 1- FPR = TN/(TN+FP)…………………………………………..(5) 

 

As the table indicated, one can obtain more detailed analytical information than mere accuracy. One point worth 

mentioning is that accuracy is not an absolutely reliable metric for the real performance of predictor, because it 

tends to yield misleading result when the dataset is unbalanced. For instance, if the size of one class is 

significantly larger than the other, a biased predictor would highly likely put all instances into the major class. It 

will therefore give rise to a 0% recognition rate for the minor class.  

 

Another widely used approach to representing the performance of predictor is Receiver Operating Characteristic 

(ROC) curve (Fig1.B). Again let us consider a binary classification problem, in which the outcomes are labeled 
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either as positive or negative. Among the evaluation metrics derived from confusion matrix, only TPR equivalent 

with sensitivity and FPR equal to 1-specificity are needed to draw the ROC curve. An ROC space is defined by 

FPR and TPR as x and y axes respectively, which depicts relative trade-offs between true positive and false 

positive. The compromise can be calibrated via choosing different threshold values as Fig 1.A shows, aiming to 

pinpoint a point on the ROC curve, which has a high TPR and a relatively small FPR at the same time and 

therefore provides a reasonable predictor.  

 

 

A       B 

 

 
Fig 2 An illustration of ROC curve [19]. A: The vertical line represents the arbitrary threshold for predicted positive samples and negative 

samples. B: An instance of ROC curve, in which the horizontal axis stands for FPR (False Positive Rate) or 1-Specificity while the vertical 
axis stands for TPR (True Positive Rate) or Sensitivity. 

 

In contrast to the supervised framework, in unsupervised learning the instances given to the predictors for learning 

or training are not predefined which means there is no error or reward signal to evaluate a potential solution. In 

these cases, the goal is to explore the data and discover similarities between objects. Similarities are used to 

define groups of objects, referred to as clusters. Considering my project, with the purpose of better interpretability 

and hypothesis validation we performed supervised learning.  

 

3.5 Cross-validation in machine learning 

Cross-validation is a straightforward and the most widely used technique for estimating prediction error [20].  It is 

mostly used in settings where one wants to assess how the results of a statistical learning will generate to an 

independent dataset. In one round of cross-validation, the dataset is partitioned into complementary subsets which 

include the training set used for establishing the classifier and the testing set used for validating the classifier. The 

validation results are averaged over multiple runs using different partitions. In the scenario of biological and 

medical study in which data is costly or even impossible to collect, cross-validation is an effective strategy for 

predicting the fit of a model to a hypothetical validation set and avoiding the overfitting.  

 

3.6 Popular environments for data analysis: RapidMiner and R 

With the advances of computer sciences, the power of statistical machine learning has been fulfilled by 

considerably large number of tools. In particular, Rapidminer written in Java programming language has become 

an increasingly popular environment for machine learning and data mining [18]. One of the most remarkable 

features of RapidMiner is that it provides a GUI (graphical user interface) to construct an analytical pipeline 

which incorporates different operators. In addition, R, a well-known environment whose initial purpose was for 
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statistical computation and graphics [17], has shown the great potential for facilitating statistical learning due to 

its advantage in manipulating multi-variant data. Nearly all the common statistical learning algorithms can be 

implemented via packages and customized models are also achievable by means of R programming. In this study, 

all the analytical process was conducted in RapidMiner and R. 

 

 

4 RESULTS 

 

4.1 Predictions on ATC codes 

In the initial data derived from Connectivity Map, it included 6100 experimental instances for the expression 

profile of 22283 genes using several popular cell lines such as MCF7, THP-1 and so forth. For each instance, the 

genome-wide genetic expression data was obtained from mRNA experiment implemented on the cell after being 

treated with the corresponding drug or bioactive molecules. In order to remove noise introduced by difference in 

efficiency of microarray among treatment instances, the Connectivity Map offered the rank of genes in each 

instance by specific modification instead of real raw microarray data with respect to a given query signature. That 

is, high and low rankings were taken to indicate up-regulation and down-regulation respectively. Due to the 

limited and incomplete construction of ATC systems, only the subset of the involved drugs was identified and 

allocated to the ATC group. After pruning those instances without known ATC class, 1807 instances remained. 

Then we subsequently got the matrix that contained 1808 rows (1807 instances) and 22283 columns (22283 

genes). From the perspective of statistical learning, each gene is regarded as one attribute as well as one 

dimension, while the ATC class is called target. 

 

Considering such huge numbers of attributes in the dataset and relatively a handful of instances, some of these 

attributes are highly likely to introduce useless information or even noise which would give rise to overfitting and 

consequential poor performance of the classifier [12,21]. Intuitively, we need to reduce the dimensions of the 

dataset and only keep the important genes. One method for handling this issue could be variance-based feature 

selection. Common sense is that an attribute vector with low variance is usually supposed to contain similar or 

less varied elements. In the context of gene-expression profiling dataset, such vector corresponds to the gene 

whose expression level remains relatively stable in different instances. Apparently, this sort of gene won’t help 

much to categorize instances. Given the number of instance, we therefore captured top 300 genes with large 

variance by means of calculating the standard deviation for each. In addition, we also noticed replicates for the 

identical drug in Connectivity Map data. In other words, a considerable proportion of drugs were used in different 

experimental instances, which could cause serious over-estimation due to information leak. Our strategy to handle 

this problem was merge all the replicated instances across doses and cell lines dedicated to the same drug into one 

instance using the median value cross these instances. Motivations for employing median value instead of mean 

value is that the mean one can be skewed by very high rank at the top or low rank at the bottom in one instance 

among those associated with the identical drug, which is commonly observed in Connectivity Map dataset. 

Finally, the dataset after refinement was a matrix with 768 rows (unique drugs) and 301 columns (300 genes plus 

label- ATC class). 

 

4.1.1 First ATC Level 

A full ATC code contains abundant information regarding the drug’s chemical and therapeutical characteristics 

and therefore too specific to be classified based on hundreds examples. In the modified Connectivity Map dataset 

we can even hardly find two drugs sharing the same full ATC code. Instead, we intuitively concentrated on the 
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first level of the code that indicates the anatomical main group and consists of one letter. Below is the distribution 

of 14 groups on the main level of ATC system cross the Connectivity Map dataset. 

 

 

  
Figure 3 The distribution of ATC class on first level over the Connectivity Map data. As the chart indicated, samples belong to group C, N 

and J nearly take up the half of the total while the second half composed of samples from the rest 11 groups.  

 

 

As the chart above indicated, 14 groups for the target posed a thorny issue as a multi- class classification. 

Empirically, regular classification algorithm had really limited power facing this sort of problem. One applicable 

strategy to tackle it is conversion to one-vs-rest binary classification [22]. In details, we can focus on one of the 

groups with relatively large size, for instance Group C, N and J, and label instances belonging to the rest groups 

as O (other). So the multi-class classification was transformed into a binary case. However, even we selected one 

of the large-scale one among all 14 groups, its number of instances was still much smaller than the rest, resulting 

in a imbalanced class in binary classification. In the extreme case, the classifier would just put all test samples 

into the major class in order to purse high accuracy at the cost of ignoring the minor class completely. Such a 

predictor with the loss of recognition of one class was never regarded as a promising one. Fortunately, cost-based 

matrix has been proved to be an efficient approach for tacking imbalanced distribution in binary classification. By 

setting a much higher cost for the misclassification of instances from the minor class, the predictor could possibly 

find a suitable threshold between the two classes. That is, the predictor would not easily neglect the 

misclassification of the minor class, since the cost of that is much expensive than the major class.  

 

Combined with the statistical learning technical as mentioned, we implemented several typical algorithms and 

tuned the significantly influential parameters for each of them in order to find out the suitable statistical learning 

model with optimized parameters for our dataset. Particularly, Linear Support Vector Machines (SVMs), Logistics 

Regression (LR), K-Nearest Neighbors (k-NN) and Random Forest (RF) were employed in this study. Based on 

the previous research, the most important tunable parameters for SVMs is the penalty parameter- C, which 

controls the trade-off between the margin and the size of the slack variables, and Epsilon (ε), which controls the ε-

insensitive loss function. Since we employed SVM kernel type for Logistic Regression (LR) implementation, LR 

shared the same tunable parameters with SVM. As for k-NN and RF, the defined number of nearest neighbor (k) 

and number of predictors sampled for splitting at each node (mtry) are most commonly utilized for optimization 

respectively.  Empirical values for the parameter used in the later study were listed below. Besides, the cost of 

misclassification of the minor class can also be tuned for setting up the best threshold and improving the 
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performance of the predictor. Parameter optimization was carried out based on a 10- fold cross validation for each 

algorithm.  

 

 

Table 3 Parameters tuned in different algorithms and empirical values 

Parameters Candidate Value 

C (SVM, LR) 0; 0.5; 1; 2 

Epsilon (SVM, LR) 0.001; 0.01; 0.1; 1 

k (k-NN) 1; 2; 5; 10; 20 

mtry (RF) 1; 5; 10; 20 

Cost Ratio* 1:2; 1:5; 1:10 

* Cost Ratio = cost of misclassification of instances belonging to larger class/ cost of misclassification of smaller class 

 

The carefully designed models were applied to C vs. O, N vs. O and J vs. O cases, providing a relatively 

trustworthy estimate of the performance without information leak. Performances of each classifier using the 

mentioned algorithms with different parameter settings were elaborately recorded (Supplementary Table 1). 

Details about how the classifier performance is measured and assessed can be found in the background part. 

Particularly, the accuracy is not the only important metrics for the performance. In case of imbalanced binary 

class, sensitivity (we always define the minor class as positive in this study), specificity and AUC (area under 

ROC curve) can offer more precise indication of the performance. However, the results from all three classes on 

main ATC levels were surprisingly disappointed. Typically, we listed the best performance of classifiers for the 

case N-O using SMVs, LR, k-NN with optimized parameters respectively, while the RF seemed indiscernible, 

classifying all test data into the major group- O.  
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Table 4 Performance of classifiers with optimized parameters for N vs. O 

(referring to the left part of the composite figure) 

Class N vs. O (the rest) 

 

(A) 

   

 

(B) 

   

 

(C) 

     

Fig 4 The figures on the right side are the ROC curves (red line) of classifiers, which yielded best performance with the combination of 
parameter settings showed in the left table (table 4) while the cost ratio of major class versus minor class was tuned.  In the meantime, the 
blue line indicates the corresponding threshold to the point (classifiers) on the red line. Since generally ROC curves are fairly close to the 
diagonal, we couldn’t detect a point with a high true positive rate which is denoted by the vertical axis and a low false positive rate denoted 
by the horizontal axis, meaning that no effective classifiers were built. The performance of classifiers with all possible combinations of 
parameter settings can be found in the supplementary table. Note that instead of running classifiers for various decision thresholds to obtain 
ROC curve (there is no decision threshold for k-NN), which is extremely computationally expensive, RapidMiner created ROC plot by 

sorting all predictions based on their confidence and showed a colored background to represent boundaries of different curves using Cross 
Validation. 

 

 

The charts above directly inferred that for each classifier, its ROC curve was surprisingly close to the diagonal 

that stands for random guess with 50 percentages. It meant that the classifier could not yield much better 
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predictions with respect to the first level of ATC codes than random guessing. We cannot establish a robust 

predictor with promising accuracy and balanced recognition of both classes for ATC codes on the first level. In 

spite of the disappointing performances when properly evaluated, we still extract some useful information when 

looking into the whole record (Supplementary Table). Firstly, specified cost ratio for two types of 

misclassification seemed to exert limited influential on the final performance. The reason for this lies in the ROC 

curve. Since for most built classifiers, their ROC curves were close to the diagonal and therefore implied a poor 

prediction, it was profoundly difficult or even impossible to find out a good threshold (on the blue curve of the 

chart) that could improve the performance. The second interesting discovery is that in terms of parameter 

optimization of SVM and logistics regression, epsilon was not as influential as expected. Namely, the 

performance of models built using SVM or logistics regression was a bit insensitive to epsilon when C was fixed. 

We preliminarily consider that the reason could be the specified misclassification cost in the model. Since epsilon 

was in charge of tuning the loss function which was closely relevant to cost matrix, its functionality would be 

undermined when the cost matrix was predefined.  Last but not least, when taking both accuracy and the balanced 

recognition of both classes into account, SVMs usually outputted the best overall performance with a reasonable 

trade-off. Thus, in pursuit of a well performing predictor dedicated to Connectivity Map data, SVMs appeared to 

be the best option.  

 

4.1.2 Second ATC level 

According to the previous study, we noticed that there are certain numbers of drugs that actually could be 

categorized into more than one ATC main group (on the first level), which consequentially resulted in ambiguity 

target issue.  It accounted for the less promising performances of the classifiers with respect to the main group in 

ATC systems. Therefore apart from the effort to establish predictors for ATC on the first level, we continued to 

look further into the second level of ATC code under one certain main group. Due to the limited number of 

available instances, we could only carry out the statistical machine learning approach to three secondary ATC 

groups- N05, N06 and C01, those containing an empirically sufficient number of instances for learning.  

Regarding the computational infrastructure, we focused on SVM algorithm according to the results of ATC level 

and implemented the strategy of double Cross-Validation for parameter optimization in order to gain a more 

robust performances of predictors with relatively limited number of instances. There were 2 tunable parameters in 

the model- C (in SVM) with candidate values: 0, 0.5, 1, 1.5 and 2 as well as cost ratio (cost for misclassification 

for major class over that of minor class) with candidate value: 1:5, 1:10, 1:15, 1:20. Particularly, in previous study 

people used cross-validated performance to select the most suitable parameter settings among several candidates. 

However, that error rate is too optimistic as it does not take into account the uncertainty of the selection 

procedure. That is, the average performance can be biased in case of an extraordinary fit between the model and 

data in certain iteration of CV while the model actually doesn’t fit the data well globally. The double cross-

validation that we conducted make the benefit of the cross-validation methodology at two stages in order to 

estimate the overall error rate of the procedure. Here is the sketch of this double cross-validation algorithm: 

 

 Split the whole dataset S into 10 subsets S
1
, S

2
, S

3
, … , S

10
 equally based on the stratification 

 For i in 1…10 do 

o Merge the rest 9 datasets into S
-i
= S-S

i 
 

o For each candidate parameter setting combination, computer the performance of the 

corresponding model and select the best parameter setting using inner 10-fold CV on S
-i
 

o Evaluate the selected parameter setting on the test dataset S
i
 

 Average the evaluated performance in outer 10-fold CV 
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Thus, we believe the most frequently selected parameter settings would be well adapted to the problem. Below we 

list the confusion matrix of the average among outer 10-CV and the most selected parameters out of 10 iterations. 

 

 

Table 5 Confusion matrix for classifier with optimized parameter settings. A for N05, B for N06 and C for C01 

A 

accuracy: 71.29% +/- 13.77% (mikro: 71.30%) 

Most Frequent Parameter settings: C=0; Cost Ratio= 1: 20 

 true N00 true N05 class precision 

pred. N00 63 13 82.89% 

pred. N05 20 19 48.72% 

class recall 75.90% 59.38%  

 

B 

accuracy: 49.39% +/- 15.39% (mikro: 49.57%) 

Most Frequent Parameter settings: C=0; Cost Ratio= 1: 15 

 true N00 true N06 class precision 

pred. N00 39 14 73.58% 

pred. N06 44 18 29.03% 

class recall 46.99% 56.25%  

 

C 

accuracy: 56.79% +/- 15.84% (mikro: 56.69%) 

Parameter settings: C=0; Cost Ratio= 1: 20 

 
true C00 true C01 class precision 

pred. C00 59 21 73.75% 

pred. C01 34 13 27.66% 

class recall 63.44% 38.24% 
 

 

 

Although the performance of the predictor with respect to the secondary ATC group N06 and C01 was not better 

than that of the main ATC group, it is still exciting to find that the classifier (C=0, cost ratio=1:20, such parameter 

combinations selected 8 times out of 10 iterations) for N05 yielded rather promising results! With 71.295% 

accuracy, 59.38% sensitivity and 75.90% specificity, the classifier could fairly accurately identify the secondary 

group N05 from the rest within the main group N.  
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Fig 5 The performance of classifier predicting N05. A: The screen shot of result from parameters optimization for the classifier model 
dealing with N05. B: The ROC curve of the classifier model designed for N05. The red line represents ROC curve plotting sensitivity 
against 1- specificity and the blue one is the corresponding threshold.  

 

 

In pursuance of further investigation into this group as well as a more credible estimate of classifier performance, 

we also built another complicated model that could facilitate forward feature selection inside nested loops to 

pinpoint most contributing genes for distinguishing the secondary ATC group. The infrastructure of this model 

was showed below, where the whole dataset was firstly split into two parts- 70% for training phase and 30% for 

test phase. Then among the 70% of the whole data, forward feature selection was implemented based on the result 

of split validation (hold out) in which 70% of the training data was utilized for establishing the model while the 

rest 30% was used for evaluating the model. Such feature selection was repeated 100 times and important features 

were subsequently selected according to the assembled results. Dimensions of the whole dataset were reduced by 

only keeping the selected feature. The final classifier model was established using all the training data with 

selected features, which took up 70% of the whole dataset. At last the remaining thirty percent of data was used to 

test the final model. The whole procedure was inside a nested outer loop that was supposed to run 100 times.  
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The Whole Dataset

Split Based On Stratification

Outer Training Set (70%)
Outer Testing Set 

(30%)

Forward Feature Selection 

(100 times)

Holdout Validation

Inner Training 

Set (70%)

SVM

Model

Inner Testing 

Set (30%)

Test

Selected Attributes

SVM Final Model

Final Test

Final 

Performance

 
Fig 6 The structure of the model of SVM with forward feature selection beneath nested loop. The initial dataset was divided into two parts, 
one of which contained 70% samples for training and the rest included 30% samples for testing in terms of both classes.  Basically, the 
process inside green rectangle stood for the training phase while the red one for testing phase. Regarding the training dataset, we 
implemented the forward selection inside 100 iterations based on split validation. Then all training data with selected features were used to 
train the model. The performance was obtained via testing the model with the remaining 30% data points, which were not seen in the 
design phase. All the procedures described above were repeated 100 times. 

 

 

In such way we got a rather unbiased result: 72.73% +/- 12.17 accuracy, 60.35% sensitivity and 77.5% specificity 

as well as a reasonable distribution of how frequently features were selected.  One point worth mentioning is that 

forward feature selection was performed based on the top 300 varying genes instead of all 22283 genes as a 

tradeoff between completeness of information and availability of computation. Due to the limitation of 

computational power- the model always crashed when employed to 22283 genes on our machine, which required 

much larger memory. Therefore we have to 300 capture genes at the risk of losing some information.  
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Fig 7 Features (genes) against the frequency of being selected. Based on the model illustrated in Fig 6, the frequency of all features being 
selected among 10,000 forward selections was shown in this figure.  

 

 

Clearly, there are some features (genes) exceedingly more frequently pinpointed than the rest. In addition, through 

the fact that the performance of the final model via forward feature selection was similar to that using cross 

validation procedure, we consider the popular genes by forward feature selection were significantly affected by 

drugs from N05 subgroups and therefore could discern N05 from the rest secondary groups under main group N. 

The functions of commonly selected genes will be looked through in order to check their similarities and explore 

the potential relations. 

 

4.2 Predictions on Drug Side Effects 

In addition to indicating the drug groups, Connectivity Map data has also shown potential for inferring phenotypic 

responses of the human organisms e.g. side effects during drug treatment. The accessibility of SIDER database, 

which collects and assembles the known side effects of drugs from various resources [11], enables several 

attractive possibilities for establishing a predictor for side effects based on the genotypic signatures, data available 

in Connectivity Map.  

 

Among the whole 6100 instances which contain replicates for identical drugs in Connectivity Map data, 1309 

unique drugs were detected. In the current stage, SIDER presented side effect information for 997 unique drugs. 

When compared with the set of drugs from these two online database mentioned above, there were 373 common 

drugs.  Data irrelevant to the shared drugs was consequentially purged for both dataset.  As for Connectivity Map, 

we again merged the replicated instances for the same drug into single instance by capturing the median value 

while unlike the process of tackling ATC data, all the 22283 features remained. Therefore the refined Connectivity 

Map data matrix included 373 rows (drugs) and 22283 columns (genes). Next we used test mining to solve the 

cumbersome task of extracting side effects of the shared 373 drugs from the differently formatted SIDER dataset 

(see Materials and Methods). Basically, we created an individual label vector for each of the side effects involved 

in the SIDER database with a sequence of 1 and 0 over 373 shared drugs. Namely 1 denoted the effect was related 

to the drug while 0 stood for irrelevance.  Since there were only two classes as the target- 1 and 0, the prediction 

on drug side effects has actually been converted into a binary classification issue.  

 

Here come more details about the infrastructure of the model used later. Considering all 22283 genes (features) in 
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the dataset, the scalability seemed unmanageable as the number of attributes (features) exceeded by far that of 

instances. To ameliorate this situation, we performed a feature selection based on setting up a proper threshold for 

correlation coefficient between each attribute and the label. As the correlation coefficient reflects the linear 

relationships between two vectors, a threshold of this can filter those attributes which had relatively weak linear 

relations with the label, proving a reduced dimensionality for the data space. One point worth particular attention 

is that the feature selection process should be only applied to the training set during classifier design. This is of 

vital importance to get an unbiased estimation of the classifier performance, preventing the information leak.  

 

A                                                                                              B 

   

C      D 

    

E      F 

     
 

          G 

  
Fig 8 The performance of classifiers for 35 side effects: The vertical axis stands for accuracy while the points on horizontal axis  stands for 
different parameters combination: cor.t (correlation coefficient cutoff)=0.1, 0.11, 0.12; C (penalty parameter in SVM)=1, 10, 100, 1000. 
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Secondly, with the purpose of balanced classification, we focus on the side effect for which the targets-0, 1 had an 

approximately symmetrical distribution varying from 40%-60% to 60%-40% respectively among the 373 

instances.  Besides, based on the previous study of ATC prediction we determined that SVMs was the most 

suitable classification algorithm taking accuracy and computational efficiency into account.    
 

We optimized the parameters- threshold for correlation coefficient and C in SVM and evaluated the models by 

means of 10-fold Cross Validation with stratified sampling. The procedure was carried out for 35 side effects that 

had a reasonable distribution among the whole instances. Therefore, accuracy alone can be considered as a 

reliable metric for model assessment. However, as the set of figures showed above, the result was rather 

disappointing in which the highest accuracy was around 65%. In one word, this study failed to produce a well-

performing classifier based on the information from Connectivity Map and SIDER data. 

 

 

5 MATERIALS AND METHODS 

All the In silico analysis was performed on a stationary computer with Core i3 CPU and 4G memory.  The main 

tools used in the study were Rapidminer of version 5.0.011, a widely used software for data mining with friendly 

user interface and R in version 2.14.2. 

 

For the predictions of ATC systems, the process was implemented in Rapidminer. Since the basic infrastructure 

has been elaborately explained in the results section, here we present a screen shot of the Rapidminer code design. 

 
Fig 8 An example of model design in Rapidminder.  The left side corresponds to the training phase where the threshold was determined 
based on the training set and right side was testing phase. 

 

 

In the prediction of drug side effects, all the classifier model design was achieved using R programming.  Because 

of the different pattern of how the SIDER dataset was presented from the Connectivity Map, we wrote the R 
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scripts to extract the desired information. Here are the pseudo codes: 

 

read the SIDER data table 

make the initial matrix (0, no of unique drugs × no of unique  side effects) 

for each unique drug in the matrix 

 for each unique side effect matrix 

  if the side effects is related to that drugs exists in the SIDER data table, then 

   assign 1 to the corresponding elements in the matrix 

output the matrix  

 

get the label for classification 

 

Next, we wrote our own R functions to design the classifiers using SVM with correlation coefficient based on 

feature selection inside k-fold cross validations by stratified sampling.  

 

sub- function split_table { 

 collect data whose label is 1 

 write the collected data into new table called pos_table 

 collect data whose label is 0 

 write the collected data into new table called neg_table 

} 

 

sub- function k-fold-CV_size { 

 initialize vector called size 

 for 1 to k 

first = 1 + ( ((i-1) *n) %/% k) 

last = ((i * n) %/% k) 

append new element which equals last- first +1 to sizes 

return size 

} 

 

sub-function k-fold-CV_testing { 

 initialize new multi-dimensional list called indices 

 get the size from the sub-function of  k-fold-CV-size given pos_(neg_)table and k 

 for 1 to k 

randomly pick up size[i] number of element from the list starting from 1 to number of rows 

in   pos_tab 

save these numbers into indices 

take out the selected numbers from the list 

return indices 

} 

 

sub-function feature_selection { 

 get the number of attributes, n.att 

 make an empty vector with n.att attributes 

 compute the absolute value of correlation coefficient between each attribute and the label, cor 

 if cor is greater than the threshold, then 

  keep the corresponding attribute 

} 
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main-function k-fold-CV-SVM { 

 load the library “e1071”  

   get pos_table  by split_table sub-function 

   get neg_table by split_table sub-function 

   get the indices for both pos_table and neg_table 

   for 1:k  

      split the data into training data and testing data for two tables 

  reduce the no of attributes by feature_selection sub-function 

create the model using SVMs based on training data 

      test the model using testing data 

  records the confusion matrix 

 combine the estimates of confusion matrix 

} 

 

 

6 DISCUSSION 

 

6.1 Conclusions 

To sum up, the overall results from these two prediction tasks- ATC codes on the first& second level and side 

effects were unexpectedly disappointing when evaluated properly. Namely, although we succeeded in establishing 

a sound and effective classifier model based on Support Vector Machines for the secondary ATC group- N05, 

performances of all the rest predictors were surprisingly poor with respect to the small number of manageable 

ATC main groups and secondary groups owing to the limitation of data available. Regarding drug side effects, it 

didn’t appear to be possible to create any well performing classifier for any side effect involved in this study. 

Therefore, the main conclusion is that classifiers built using the statistical machine learning techniques 

implemented in this study had limited power with respect to recognizing and detecting drug groups based on the 

ATC systems as well as side effects of drug candidates based on “Connectivity Map” resource. On the other hand, 

this study reveals insights into the potential relations between gene expression profile and the secondary groups of 

ATC (Anatomical Therapeutic Chemical Classification)- N05 by pinpointing the most important genes that 

distinguishes it from the rest secondary groups. 

 

6.2 Reasons for limited success 

Previous relevant researches provide information that can be exploited for reasonable explanations for the limited 

strength of Connectivity Map data in terms of drug and side effects classification [10]. To begin with, due to the 

limited knowledge of pharmaceutical science, the ATC classification is still far from a completely and well-

structured system.  For instance, a medicinal product can actually be given more than one ATC code if it is 

available in two or more strengths or routes of administration with clearly different therapeutic uses. Namely, sex 

hormones in certain dosage forms or strengths are only used in the treatment of cancer and are thus classified 

under L02- Endocrine therapy. Remaining dosage forms are classified under G03 - Sex hormones and modulators 

of the genital system.  Thus when it comes to the binary classification in this study, the issue of ambiguous label 

would arise due to the fundamental limitation of the ATC systems: certain drug instance actually belongs to both 

of the two target classes. This issue undoubtedly undermines the effectiveness of the statistical learning models.  

In other words, the accuracy of the classifier is likely to be underestimated, as certain proportion of 

misclassification is actually the correct case if the drug can be put into two groups. In addition to the biomedical 

point of view, the methodological weaknesses seem to be another influential factor. The retention of top 300 
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varying genes instead of the entire original 22283 would inevitably more or less give rise to information loss. 

However, the computational power of the machine in this study didn’t suffice to deal with a dataset containing 

hundreds instances with 20,000 attributes in RapidMiner. 

 

Regarding the case of side effects predictions, the reasons for unappealing outcomes are complicated. Firstly, the 

cell lines for mRNA microarray experiments from which the Connectivity Map data was obtained mainly stem 

from breast cancer cells
 
[9], while considerable numbers of the studied side effects actually emerge in other 

organs or tissues. It means that cell samples for the experiments might not be adversely affected by those side 

effects dedicated to other organs and therefore yield weakly detectable signals in gene expression regulation.  A 

typical example is dizziness, which is closely related to human nerve systems. We can imagine that gene 

expression of cells from human breast would hardly be influenced by such symptom dedicated to nerve systems. 

However, this explanation is not fully accountable for every performing classifier for the studied drug adverse 

responses. Secondly, there are several influential factors for drug adverse responses. In medicine, an adverse 

effect can result from an unsuitable or incorrect dosage [23]. That is, as a complex phenomenological observation, 

the seriousness of one certain drug side effect is highly likely impacted by the dosage of the drug. For instance, if 

the cell was treated with minor dose of the drug, it would generate a negligible signal for the side effects of that 

drug, which could be thus ignored in future analysis. Particularly, in order to avoid information leak resulting 

from replicated instances of the identical drug, we merged these instances into a single one by median value. But 

these replicates varied in the dosage of the drug with which cell sample was treated. So the data refinement could 

risk information loss in some sense, although the most essential information still remained and the classifier could 

be more accurately evaluated without bias. 

 

6.3 Impact of threshold defined in training phase and testing phase 

We compared the performances of predictors with their threshold tuned in the training phase and those with their 

threshold determined in the testing phase (although it gives rise to over-optimistic result). It was a bit astonishing 

that it exerted such a tremendous influence on the final result to determine the optimal threshold in the training 

phase or the testing phase, because the threshold won’t change the size AUC (area under curve). A close look into 

the ROC curve reveals the most prominent reason: due to the very limited number of data points, it is likely to 

find a point that corresponds to a proper threshold on the less smooth ROC line when both training and testing 

dataset is exposed, despite the ROC curve implies the classifier is unable to make much better predictions than 

random guess.  Here we cite an example from classifier for N06 to illustrate. 
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Fig 9 An illustrated example of detecting a good point (classifier) on the poor ROC curve by threshold defined in testing phase: Due to the 
low density of data, at certain point the ROC (red color) curve suddenly ascends and then extends stably. Although the ROC curve is close 
to the diagonal (random guess), certain point corresponding to a reasonable classifier, can still be found when the test data is exposed 
during classifier design. It raises over- optimistic as the threshold was determined in design phase. 

 

6.4 Future Works 

Due to the limited performances of the predictors designed and evaluated, the information available in the 

“Connectivity Map” seems less potent than perhaps expected. A possible expansion of this project could be to use 

some alternative database that containing gene-expression profile from human cells to test and verify our ideas. 
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SUPPLEMENTARY TABLE 

Table 1 The performance of models using Logistics regression, SVM, k-NN with different parameter settings for classification of C vs. 
Other, N vs. Other and J vs. Other on the first ATC level (since Random forest cannot distinguish the minor class and therefore give 0 

sensitivity, we didn’t present the performance of random forest models here). 
 

Logistic Regression 
 

C-O Logistic Regression 

Parameter Settings Accuracy Sensitivity Specificity AUC 

C=0 

epsilon=0.001 1:02 83.46% 0.00% 100% 0 

 

1:05 83.46% 0.00% 100% 0 

1:10 83.46% 0.00% 100% 0 

epsilon=0.01 

1:02 83.46% 0.00% 100% 0 

1:05 83.46% 0.00% 100% 0 

1:10 83.46% 0.00% 100% 0 

epsilon=0.1 

1:02 83.46% 0.00% 100% 0 

1:05 83.46% 0.00% 100% 0 

1:10 83.46% 0.00% 100% 0 

epsilon=1 

1:02 83.46% 0.00% 100% 0 

1:05 83.46% 0.00% 100% 0 

1:10 83.46% 0.00% 100% 0 

C=0.5 

epsilon=0.001 

1:02 64.19% 24.41% 72.07% 0.453 

1:05 63.54% 25.98% 70.98% 0.453 

1:10 62.24% 28.35% 68.95% 0.453 

epsilon=0.01 

1:02 64.19% 23.62% 72.23% 0.453 

1:05 63.54% 25.98% 70.98% 0.453 

1:10 62.24% 28.35% 68.95% 0.453 

epsilon=0.1 

1:02 64.32% 23.62% 72.39% 0.453 

1:05 63.80% 25.98% 71.29% 0.453 

1:10 62.24% 28.35% 68.95% 0.453 

epsilon=1 

1:02 64.58% 22.83% 72.85% 0.446 

1:05 62.89% 23.62% 70.67% 0.446 

1:10 60.81% 25.20% 67.86% 0.446 

C=1 

epsilon=0.001 

1:02 64.97% 23.62% 73.17% 0.459 

1:05 63.80% 24.41% 71.61% 0.459 

1:10 62.89% 25.98% 70.20% 0.459 

epsilon=0.01 

1:02 64.97% 23.62% 73.17% 0.459 

1:05 63.80% 24.41% 71.61% 0.459 

1:10 62.89% 25.98% 70.20% 0.459 

epsilon=0.1 

1:02 64.84% 22.83% 73.17% 0.458 

1:05 63.93% 25.20% 71.61% 0.458 

1:10 63.15% 26.77% 70.36% 0.458 

epsilon=1 1:02 64.97% 22.05% 73.48% 0.455 
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1:05 63.54% 23.62% 71.45% 0.455 

1:10 62.89% 24.41% 70.51% 0.455 

C=2 

epsilon=0.001 

1:02 64.84% 23.62% 73.01% 0.466 

1:05 64.58% 23.62% 72.70% 0.466 

1:10 64.58% 23.62% 72.70% 0.466 

epsilon=0.01 

1:02 64.84% 23.62% 73.01% 0.466 

1:05 64.58% 23.62% 72.70% 0.466 

1:10 64.58% 23.62% 72.70% 0.466 

epsilon=0.1 

1:02 64.84% 23.62% 73.01% 0.466 

1:05 64.71% 23.62% 72.85% 0.466 

1:10 64.71% 23.62% 72.85% 0.466 

epsilon=1 

1:02 65.10% 24.41% 73.17% 0.463 

1:05 65.10% 24.41% 73.17% 0.463 

1:10 65.10% 24.41% 73.17% 0.463 

 

N-O Logistic Regression 

Parameter Settings Accuracy Sensitivity Specificity AUC 

C=0 

epsilon=0.001 

1:02 85.03% 0.00% 100.00% 0 

1:05 85.03% 0.00% 100.00% 0 

1:10 85.03% 0.00% 100.00% 0 

epsilon=0.01 

1:02 85.03% 0.00% 100.00% 0 

1:05 85.03% 0.00% 100.00% 0 

1:10 85.03% 0.00% 100.00% 0 

epsilon=0.1 

1:02 85.03% 0.00% 100.00% 0 

1:05 85.03% 0.00% 100.00% 0 

1:10 85.03% 0.00% 100.00% 0 

epsilon=1 

1:02 85.03% 0.00% 100.00% 0 

1:05 85.03% 0.00% 100.00% 0 

1:10 85.03% 0.00% 100.00% 0 

C=0.5 

epsilon=0.001 

1:02 71.88% 25.22% 80.09% 0.561 

1:05 71.61% 25.22% 79.79% 0.561 

1:10 71.61% 25.22% 79.79% 0.561 

epsilon=0.01 

1:02 71.88% 25.22% 80.09% 0.561 

1:05 71.61% 25.22% 79.79% 0.561 

1:10 71.61% 25.22% 79.79% 0.561 

epsilon=0.1 

1:02 72.14% 25.22% 80.40% 0.56 

1:05 71.88% 25.22% 80.09% 0.561 

1:10 71.88% 25.22% 80.09% 0.561 

epsilon=1 

1:02 72.40% 24.35% 80.86% 0.56 

1:05 72.27% 24.35% 80.70% 0.56 

1:10 72.27% 24.35% 80.70% 0.56 
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C=1 

epsilon=0.001 

1:02 70.83% 23.48% 79.17% 0.559 

1:05 70.83% 23.48% 79.17% 0.559 

1:10 70.83% 23.48% 79.17% 0.559 

epsilon=0.01 

1:02 70.96% 23.48% 79.33% 0.559 

1:05 70.96% 23.48% 79.33% 0.559 

1:10 70.96% 23.48% 79.33% 0.559 

epsilon=0.1 

1:02 70.96% 23.48% 79.33% 0.56 

1:05 70.96% 23.48% 79.33% 0.56 

1:10 70.96% 23.48% 79.33% 0.56 

epsilon=1 

1:02 73.05% 23.48% 81.78% 0.563 

1:05 73.05% 23.48% 81.78% 0.563 

1:10 73.05% 23.48% 81.78% 0.563 

C=2 

epsilon=0.001 

1:02 69.40% 24.35% 77.34% 0.556 

1:05 69.40% 24.35% 77.34% 0.556 

1:10 69.40% 24.35% 77.34% 0.556 

epsilon=0.01 

1:02 69.40% 24.35% 77.34% 0.556 

1:05 69.40% 24.35% 77.34% 0.556 

1:10 69.40% 24.35% 77.34% 0.556 

epsilon=0.1 

1:02 69.27% 24.35% 77.18% 0.556 

1:05 69.27% 24.35% 77.18% 0.556 

1:10 69.27% 24.35% 77.18% 0.556 

epsilon=1 

1:02 71.22% 22.61% 79.79% 0.559 

1:05 71.22% 22.61% 79.79% 0.559 

1:10 71.22% 22.61% 79.79% 0.559 

 

J-O Logistic Regression 

Parameter Settings Accuracy Sensitivity Specificity AUC 

C=0 

epsilon=0.001 

1:02 86.59% 0.00% 100.00% 0 

1:05 86.59% 0.00% 100.00% 0 

1:10 86.59% 0.00% 100.00% 0 

epsilon=0.01 

1:02 86.59% 0.00% 100.00% 0 

1:05 86.59% 0.00% 100.00% 0 

1:10 86.59% 0.00% 100.00% 0 

epsilon=0.1 

1:02 86.59% 0.00% 100.00% 0 

1:05 86.59% 0.00% 100.00% 0 

1:10 86.59% 0.00% 100.00% 0 

epsilon=1 

1:02 86.59% 0.00% 100.00% 0 

1:05 86.59% 0.00% 100.00% 0 

1:10 86.59% 0.00% 100.00% 0 

C=0.5 epsilon=0.001 
1:02 70.31% 18.45% 78.35% 0.492 

1:05 70.31% 18.45% 78.35% 0.492 
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1:10 70.31% 18.45% 78.35% 0.492 

epsilon=0.01 

1:02 70.18% 17.48% 78.35% 0.492 

1:05 70.18% 17.48% 78.35% 0.492 

1:10 70.18% 17.48% 78.35% 0.492 

epsilon=0.1 

1:02 70.18% 17.48% 78.35% 0.491 

1:05 70.18% 17.48% 78.35% 0.491 

1:10 70.18% 17.48% 78.35% 0.491 

epsilon=1 

1:02 70.70% 16.50% 79.10% 0.491 

1:05 70.70% 16.50% 79.10% 0.491 

1:10 70.70% 16.50% 79.10% 0.491 

C=1 

epsilon=0.001 

1:02 77.59% 19.42% 77.59% 0.502 

1:05 77.59% 19.42% 77.59% 0.502 

1:10 69.79% 19.42% 77.59% 0.502 

epsilon=0.01 

1:02 69.79% 19.42% 77.59% 0.502 

1:05 69.79% 19.42% 77.59% 0.502 

1:10 69.79% 19.42% 77.59% 0.502 

epsilon=0.1 

1:02 69.79% 19.42% 77.59% 0.501 

1:05 69.79% 19.42% 77.59% 0.501 

1:10 69.79% 19.42% 77.59% 0.501 

epsilon=1 

1:02 70.57% 16.50% 78.95% 0.496 

1:05 70.57% 16.50% 78.95% 0.496 

1:10 70.57% 16.50% 78.95% 0.496 

C=2 

epsilon=0.001 

1:02 68.23% 21.36% 75.49% 0.508 

1:05 68.23% 21.36% 75.49% 0.508 

1:10 68.23% 21.36% 75.49% 0.508 

epsilon=0.01 

1:02 68.23% 21.36% 75.49% 0.508 

1:05 68.23% 21.36% 75.49% 0.508 

1:10 68.23% 21.36% 75.49% 0.508 

epsilon=0.1 

1:02 68.23% 21.36% 75.49% 0.507 

1:05 68.23% 21.36% 75.49% 0.507 

1:10 68.23% 21.36% 75.49% 0.507 

epsilon=1 

1:02 69.14% 19.42% 76.84% 0.502 

1:05 69.14% 19.42% 76.84% 0.502 

1:10 69.14% 19.42% 76.84% 0.502 

 

SVM 

C-O SVM 

Parameter Settings Accuracy Sensitivity Specificity AUC 

C=0 epsilon=0.001 

1:02 57.29% 36.22% 61.47% 0.455 

1:05 27.99% 70.87% 19.50% 0.455 

1:10 20.31% 87.40% 7.90% 0.455 
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epsilon=0.01 

1:02 58.33% 35.43% 62.87% 0.453 

1:05 28.52% 73.23% 19.66% 0.453 

1:10 18.62% 90.55% 4.37% 0.453 

epsilon=0.1 

1:02 60.81% 31.50% 66.61% 0.452 

1:05 22.53% 86.61% 9.83% 0.452 

1:10 20.44% 90.55% 6.55% 0.452 

epsilon=1 

1:02 83.46% 0.00% 100.00% 0 

1:05 83.46% 0.00% 100.00% 0 

1:10 83.46% 0.00% 100.00% 0 

C=0.5 

epsilon=0.001 

1:02 60.68% 29.13% 66.93% 0.469 

1:05 59.64% 34.65% 64.59% 0.469 

1:10 57.29% 36.22% 61.47% 0.469 

epsilon=0.01 

1:02 63.80% 27.56% 70.98% 0.473 

1:05 63.80% 27.56% 70.98% 0.473 

1:10 62.89% 28.35% 69.73% 0.473 

epsilon=0.1 

1:02 62.63% 26.77% 69.73% 0.475 

1:05 62.24% 28.35% 68.95% 0.475 

1:10 62.24% 28.35% 68.95% 0.475 

epsilon=1 

1:02 83.46% 0.00% 100.00% 0 

1:05 83.46% 0.00% 100.00% 0 

1:10 83.46% 0.00% 100.00% 0 

C=1 

epsilon=0.001 

1:02 62.63% 29.13% 69.27% 0.471 

1:05 62.50% 29.13% 69.11% 0.471 

1:10 62.50% 29.92% 68.95% 0.471 

epsilon=0.01 

1:02 62.37% 29.13% 68.95% 0.469 

1:05 62.37% 29.13% 68.95% 0.469 

1:10 62.11% 29.13% 68.64% 0.469 

epsilon=0.1 

1:02 63.41% 29.13% 70.20% 0.472 

1:05 63.15% 29.13% 69.89% 0.472 

1:10 62.50% 29.92% 68.95% 0.472 

epsilon=1 

1:02 83.46% 0.00% 100.00% 0 

1:05 83.46% 0.00% 100.00% 0 

1:10 83.46% 0.00% 100.00% 0 

C=2 

epsilon=0.001 

1:02 62.37% 30.71% 68.64% 0.468 

1:05 62.37% 30.71% 68.64% 0.468 

1:10 62.37% 30.71% 68.64% 0.468 

epsilon=0.01 

1:02 61.98% 30.71% 68.17% 0.47 

1:05 61.98% 30.71% 68.17% 0.47 

1:10 61.98% 30.71% 68.17% 0.47 

epsilon=0.1 
1:02 62.76% 29.92% 69.27% 0.467 

1:05 62.76% 29.92% 69.27% 0.467 
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1:10 62.76% 29.92% 69.27% 0.467 

epsilon=1 

1:02 83.46% 0.00% 100.00% 0 

1:05 83.46% 0.00% 100.00% 0 

1:10 83.46% 0.00% 100.00% 0 

 

N-O SVM  

Parameter Settings Accuracy Sensitivity Specificity AUC 

C=0 

epsilon=0.001 

1:02 62.76% 40.87% 66.62% 0.551 

1:05 55.60% 53.04% 56.05% 0.551 

1:10 35.81% 80.87% 27.87% 0.551 

epsilon=0.01 

1:02 63.02% 66.92% 40.87% 0.552 

1:05 56.25% 52.17% 56.97% 0.552 

1:10 35.29% 79.13% 27.57% 0.552 

epsilon=0.1 

1:02 65.36% 34.78% 70.75% 0.547 

1:05 49.87% 59.13% 48.24% 0.547 

1:10 31.64% 84.35% 22.36% 0.547 

epsilon=1 

1:02 85.03% 0.00% 100.00% 0 

1:05 85.03% 0.00% 100.00% 0 

1:10 85.03% 0.00% 100.00% 0 

C=0.5 

epsilon=0.001 

1:02 65.76% 32.17% 71.67% 0.547 

1:05 65.76% 32.17% 71.67% 0.547 

1:10 65.76% 32.17% 71.67% 0.547 

epsilon=0.01 

1:02 65.62% 28.70% 72.13% 0.55 

1:05 65.62% 28.70% 72.13% 0.55 

1:10 65.62% 28.70% 72.13% 0.55 

epsilon=0.1 

1:02 66.28% 27.83% 73.05% 0.549 

1:05 66.28% 27.83% 73.05% 0.549 

1:10 66.28% 27.83% 73.05% 0.549 

epsilon=1 

1:02 85.03% 0.00% 100.00% 0 

1:05 85.03% 0.00% 100.00% 0 

1:10 85.03% 0.00% 100.00% 0 

C=1 

epsilon=0.001 

1:02 65.76% 33.04% 71.52% 0.548 

1:05 65.76% 33.04% 71.52% 0.548 

1:10 65.76% 33.04% 71.52% 0.548 

epsilon=0.01 

1:02 65.89% 33.04% 71.67% 0.548 

1:05 65.89% 33.04% 71.67% 0.548 

1:10 65.89% 33.04% 71.67% 0.548 

epsilon=0.1 

1:02 65.76% 30.43% 71.98% 0.547 

1:05 65.76% 30.43% 71.98% 0.547 

1:10 65.76% 30.43% 71.98% 0.547 

epsilon=1 1:02 85.03% 0.00% 100.00% 0 
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1:05 85.03% 0.00% 100.00% 0 

1:10 85.03% 0.00% 100.00% 0 

C=2 

epsilon=0.001 

1:02 65.76% 33.04% 71.52% 0.548 

1:05 65.76% 33.04% 71.52% 0.548 

1:10 65.76% 33.04% 71.52% 0.548 

epsilon=0.01 

1:02 65.89% 33.04% 71.67% 0.548 

1:05 65.89% 33.04% 71.67% 0.548 

1:10 65.89% 33.04% 71.67% 0.548 

epsilon=0.1 

1:02 65.76% 30.43% 71.98% 0.547 

1:05 65.76% 30.43% 71.98% 0.547 

1:10 65.76% 30.43% 71.98% 0.547 

epsilon=1 

1:02 85.03% 0.00% 100.00% 0 

1:05 85.03% 0.00% 100.00% 0 

1:10 85.03% 0.00% 100.00% 0 

 

J-O SVM  

Parameter Settings Accuracy Sensitivity Specificity AUC 

C=0 

epsilon=0.001 

1:02 62.76% 29.13% 67.97% 0.473 

1:05 46.88% 50.49% 46.32% 0.473 

1:10 39.58% 68.93% 35.04% 0.473 

epsilon=0.01 

1:02 62.63% 28.16% 67.97% 0.475 

1:05 49.35% 44.66% 50.08% 0.475 

1:10 38.28% 70.87% 33.23% 0.475 

epsilon=0.1 

1:02 63.15% 25.24% 69.02% 0.474 

1:05 42.58% 54.37% 40.75% 0.474 

1:10 34.51% 73.79% 28.42% 0.474 

epsilon=1 

1:02 86.59% 0.00% 100.00% 0 

1:05 86.59% 0.00% 100.00% 0 

1:10 86.59% 0.00% 100.00% 0 

C=0.5 

epsilon=0.001 

1:02 66.15% 33.01% 71.28% 0.531 

1:05 66.02% 33.01% 71.13% 0.531 

1:10 66.02% 33.01% 71.13% 0.531 

epsilon=0.01 

1:02 66.41% 33.01% 71.58% 0.532 

1:05 66.41% 33.01% 71.58% 0.532 

1:10 66.41% 33.01% 71.58% 0.532 

epsilon=0.1 

1:02 66.54% 33.01% 71.73% 0.53 

1:05 66.54% 33.01% 71.73% 0.53 

1:10 66.54% 33.01% 71.73% 0.53 

epsilon=1 

1:02 86.59% 0.00% 100.00% 0 

1:05 86.59% 0.00% 100.00% 0 

1:10 86.59% 0.00% 100.00% 0 
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C=1 

epsilon=0.001 

1:02 66.15% 33.01% 71.28% 0.532 

1:05 66.15% 33.01% 71.28% 0.532 

1:10 66.15% 33.01% 71.28% 0.532 

epsilon=0.01 

1:02 66.28% 33.01% 71.43% 0.532 

1:05 66.28% 33.01% 71.43% 0.532 

1:10 66.28% 33.01% 71.43% 0.532 

epsilon=0.1 

1:02 66.28% 33.01% 71.43% 0.531 

1:05 66.28% 33.01% 71.43% 0.531 

1:10 66.28% 33.01% 71.43% 0.531 

epsilon=1 

1:02 86.59% 0.00% 100.00% 0 

1:05 86.59% 0.00% 100.00% 0 

1:10 86.59% 0.00% 100.00% 0 

C=2 

epsilon=0.001 

1:02 66.15% 33.01% 71.28% 0.532 

1:05 66.15% 33.01% 71.28% 0.532 

1:10 66.15% 33.01% 71.28% 0.532 

epsilon=0.01 

1:02 66.28% 33.01% 71.43% 0.532 

1:05 66.28% 33.01% 71.43% 0.532 

1:10 66.28% 33.01% 71.43% 0.532 

epsilon=0.1 

1:02 66.28% 33.01% 71.43% 0.531 

1:05 66.28% 33.01% 71.43% 0.531 

1:10 66.28% 33.01% 71.43% 0.531 

epsilon=1 

1:02 86.59% 0.00% 100.00% 0 

1:05 86.59% 0.00% 100.00% 0 

1:10 86.59% 0.00% 100.00% 0 

 

k-NN 

C-O k-NN 

Parameter Settings Accuracy Sensitivity Specificity 

k=1 

1:02 83.85% 3.15% 99.84% 

1:05 83.85% 3.15% 99.84% 

1:10 83.85% 3.15% 99.84% 

k=2 

1:02 83.33% 0.79% 99.69% 

1:05 83.33% 0.79% 99.69% 

1:10 83.33% 0.79% 99.69% 

k=5 

1:02 83.33% 2.36% 99.38% 

1:05 83.33% 2.36% 99.38% 

1:10 83.33% 2.36% 99.38% 

k=10 

1:02 70.44% 17.32% 80.97% 

1:05 70.44% 17.32% 80.97% 

1:10 70.44% 17.32% 80.97% 

k=20 1:02 52.73% 44.09% 54.45% 



38 

 

1:05 33.33% 66.93% 26.68% 

1:10 31.64% 68.50% 24.34% 

 

N-O k-NN 

Parameter Settings Accuracy Sensitivity Specificity 

k=1 

1:02 71.61% 18.26% 81.01% 

1:05 71.61% 18.26% 81.01% 

1:10 71.61% 18.26% 81.01% 

k=2 

1:02 82.03% 3.48% 95.87% 

1:05 43.88% 57.39% 41.50% 

1:10 56.64% 53.04% 57.27% 

k=5 

1:02 77.86% 19.13% 88.21% 

1:05 51.69% 48.70% 52.22% 

1:10 43.88% 57.39% 41.50% 

k=10 

1:02 59.38% 48.70% 61.26% 

1:05 59.38% 48.70% 61.26% 

1:10 59.38% 48.70% 61.26% 

k=20 

1:02 50.13% 52.17% 49.77% 

1:05 80.00% 25.42% 33.59% 

1:10 80.00% 25.42% 33.59% 

 

J-O k-NN 

Parameter Settings Accuracy Sensitivity Specificity 

k=1 

1:02 86.46% 0.00% 99.85% 

1:05 86.46% 0.00% 99.85% 

1:10 86.46% 0.00% 99.85% 

k=2 

1:02 86.46% 0.00% 99.85% 

1:05 86.46% 0.00% 99.85% 

1:10 86.46% 0.00% 99.85% 

k=5 

1:02 86.46% 0.00% 99.85% 

1:05 86.46% 0.00% 99.85% 

1:10 86.46% 0.00% 99.85% 

k=10 

1:02 83.72% 2.91% 96.24% 

1:05 83.72% 2.91% 96.24% 

1:10 83.72% 2.91% 96.24% 

k=20 

1:02 64.19% 35.92% 68.57% 

1:05 64.19% 35.92% 68.57% 

1:10 64.19% 35.92% 68.57% 

 

Table 2 Performance of SVM models within double cross-validation for N05, N06 and C01 

N05 
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Iteration 
Selected optimal settings 

Performance 

C cost ratio 

1 0 1:05 0.416666667 

2 0 1:20 0.818181818 

3 0 1:20 0.833333333 

4 0 1:10 0.545454545 

5 0 1:20 0.666666667 

6 0 1:20 0.818181818 

7 0 1:20 0.833333333 

8 0 1:20 0.636363636 

9 0 1:20 0.727272727 

10 0 1:20 0.833333333 

N06 

Iteration 
Selected optimal settings 

Performance 

C cost ratio 

1 0 15 0.583333333 

2 0 15 0.454545455 

3 0 20 0.75 

4 0 1 0.363636364 

5 0 15 0.583333333 

6 0 1 0.454545455 

7 0 15 0.333333333 

8 0 1 0.727272727 

9 0 15 0.272727273 

10 0 15 0.416666667 

C01 

Iteration 
Selected optimal settings 

Performance 

C cost ratio 

1 0 1 0.538461538 

2 0 20 0.666666667 

3 0 20 0.769230769 

4 0 15 0.384615385 

5 0 20 0.461538462 

6 0 20 0.416666667 

7 0 20 0.307692308 

8 0 15 0.692307692 

9 0 20 0.75 

10 0 20 0.692307692 

 

Table 3 Gene identity with high frequency in forward selections 

X201465_s_at 0.0652 
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X202248_at 0.0455 

X215218_s_at 0.0421 

X202340_x_at 0.0404 

X219270_at 0.0327 

X210797_s_at 0.0252 

X217662_x_at 0.0239 

X201382_at 0.0221 

X213281_at 0.022 

X204738_s_at 0.0214 

X216823_at 0.021 

X219967_at 0.0207 

 

 


