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ABSTRACT 
 
This study is aimed at finding Quantitative Structure Activity Relationships (QSAR) for drugs reported to result in 
fatal consequence due to kidney failure and categorized as Adverse Drug Reactions (ADR). Study is based on the 
reports from open source Canada Vigilance Adverse Reaction Online database. Biological toxicity of small 
molecules has been predicted as a function of molecular structural features represented by their molecular 
descriptors. QSAR methods used have identified the structural features of the drugs/molecules and predicted their 
toxicity. Drugs suspected to cause kidney failure as ADR were analyzed. The molecular descriptors of these drugs 
were obtained using DRAGON web interface. The structural characteristics that distinguish drugs reported to cause 
death due to kidney failure as ADR against drugs not causing death but causing kidney failure as ADR were 
checked. Three QSAR methods used to find the relationships were Simple Kmeans clustering, decision tree and 
linear regression analysis. The greater value of the descriptor MAXDP is favorable for preventing death has been 
illustrated by all three models. The 9-membered ring of the benzimidazole substructure can be inferred from 
Pubchem database to contribute positively towards death. The descriptor, T(N..P), sum of topological distances 
between N..P 2D atom pairs, would prevent death if its value is lowered. A decrease in value of the descriptor, PCR 
- ratio of multiple path count over path count, will result in a decrease in probability of fatal consequences. The 
study predicts that renal toxicity could be decreased if the above mentioned molecular descriptors are modified. 
 
Keywords: Adverse Drug Reactions, Decision tree, Kidney failure, K-means clustering, linear regression, 
Quantitative Structure Activity Relationship. 
_____________________________________________________________________________________________ 

 
INTRODUCTION 

 
Adverse Drug Reactions (ADR) are a major cause because of which a drug could be withdrawn from market. The 
ADR related toxicity is known to be one of the top ten causes of death in the US. In addition ADR related toxicity 
can enhance annual health care cost several fold. [1]. Kidneys are a pair of organs in our body that filters waste 
materials that are subsequently eliminated in urine. The buildup of waste and fluid in the body is due to kidney 
failure. Acute kidney failure develops suddenly due to drugs or other reasons. Chronic kidney failure develops 
gradually over time. In the end stages of kidney failure the patient suffers from symptoms like anemia, high blood 
pressure, bone disease, heart failure, and poor mental functioning [2]. Mortality due to acute kidney failure is rising 
at a faster pace compared to mortality due to acute myocardial infarction. [3]. There is a need for understanding why 
some drugs lead to acute or chronic kidney failure. 
 
Biological response in terms of activity or toxicities of a drug can be defined by its structure. A quantitative 
structure-activity relationship (QSAR) relates quantitative chemical structure attributes (molecular descriptors) to a 
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biological response. The chemical as well as biological properties of compounds are related to the structure of the 
compound. The chemical structures can be mathematically transformed into numerical values that characterize the 
molecule. [4]. Molecular descriptors are the numerical values that characterize properties of molecules.  A lot of 
descriptors are now available through various sources. A method is essential to pick optimal subset of descriptors 
from many available sources that can explain the biological response. [5] 
 
Various pattern recognition techniques like linear regression analysis, clustering (simple Kmeans clustering, KNN 
clustering, hierarchical clustering), decision tree etc. have been used by other researchers in finding relationships 
between biological response of compounds and their structural characteristics. A review of QSAR models and 
software for predicting reproductive toxicity has been provided by Piparo & Worth [6]. Fliri et al. have 
used hierarchical clustering to find relationships between percentage inhibition values and molecular structures of 
compounds. [7] Fliri et al. have also used hierarchical clustering to find relationships between drugs induced side 
effects and molecular structural characteristics. [8] Hong et al. have used tree based approach to find relationships 
between structural characteristics of chemicals and their estrogen binding capacity. [9] Rodgers et al. have used 
KNN clustering method to find QSAR relationships between drugs and liver related ADRs on a large scale. They 
used MolconnZ descriptors and Dragon descriptors for developing QSAR models and found Dragon descriptors 
more useful in predicting liver toxicity. [10] 
 
The objective of this study was to find the structural characteristics defined by their molecular descriptors that 
distinguish drugs (small single drug molecules) reported to cause death due to kidney failure as ADR against drugs 
not causing death but causing kidney failure as ADR. The QSAR methods used to find the relationships were Simple 
Kmeans clustering, decision tree and linear regression analysis. Further, an open source Weka machine learning 
software [11] is used for selecting molecular descriptors and building various models. This study is intended to help 
drug designer avoid structural features that can cause fatality due to kidney failure. 
 

MATERIALS AND METHODS 
 

The first task for this study was to identify drugs suspected to cause kidney failure as ADR. For this purpose in open 
source Canada Vigilance Adverse Reaction Online database [12] was searched. Structures of the drug molecules 
identified were retrieved from Pubchem database in SMILES format. The molecular descriptors for these drugs were 
calculated using DRAGON [13] web interface. Appropriate descriptors were selected using various attribute 
selection algorithms provided by Weka machine learning software and literature studies. Finally, three different 
models were created using the Weka machine learning software to identify the structural features of the drugs that 
may be responsible for fatal consequences. A graphical flow chart of the study is shown in Figure 1 below. 
 

 
 

Figure 1: Graphical flow chart of the study 
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2.1. Data collection and data cleaning 
The open source Canada Vigilance Adverse Reaction Online database was searched for all drugs using ADR terms 
“Renal Failure Acute (RFA)” and “Renal failure Chronic (RFC)” from 01-01-1965 to 30-09-2012 in chunks of 10 
years.  
 
All the records downloaded from Canada Vigilance Adverse Reaction Online Database and were imported into 
MySQL for cleaning purpose. Two separate tables were created for Acute Renal Failure and Chronic Renal Failure. 
The raw data consisted of a total of 55574 records for RFA and 8364 records for RFC. Only records reported as 
suspects for an adverse event Renal Failure Acute & Renal Failure Chronic were selected. Duplicate records were 
removed. Total of 1573 records of RFA suspects and 358 records of RFC suspects were found after removal of 
duplicates.  
 
2.1.1. Drug Selection Criteria 
Criteria used for drug selection were  
1. Since this study is based on structural characteristics, single drug molecules with known chemical structures in 
SMILES format in Pubchem database were included. 
 
2. Biosimilars/biologics such as vaccines, monoclonal antibodies etc. are excluded as they lack precise SMILES 
structures in Pubchem. 
 
2.2. Data analysis 
A total of 577 drugs were reported to cause Renal Failure Acute and 147 drugs were found to cause Renal Failure 
Chronic. There were 276 incidences of drug induced death due to Renal Failure Acute (RFA) and 55 incidences of 
death due to Renal Failure Chronic (RFC) reported in the database. 57 drugs were common in Renal Failure Acute 
& Renal Failure Chronic database. Of the 57 drugs suspected to cause both Acute Renal Failure as well as Chronic 
Renal Failure, the drugs (small molecules)  where death has been reported as patient outcome were found to be 
Azathioprine, Clozaril/Clozapine, Diclofenac Sodium, Diflucan/Fluconazole, Furosemide, Indomethacin, 
Metformin, Micardis/Telmisartan, Viread/Tenofovir,  and Zyprexa/Olanzapine. 
 
The final dataset used for this study consists of 57 drug molecules, 47 of which are not suspected to cause death as 
patient consequence due to kidney failure as ADR and 10 are suspected to cause death.  
 
Simplified Molecular Input Line Entry Specification (SMILES) of structures of the 57 drugs were used to obtain 
molecular descriptor values through DRAGON web interface. All 266 possible topological descriptors that are 
implemented in the DRAGON (Milano Chemometrics and QSAR Research Group, Bicocca, Italy) software [13] 
were calculated for the 57 drugs. 
 
2.2. Development of Quantitative Structure Activity Relationship Models 
The biological consequence we are trying to study is death as a mathematical function of the numerical values 
describing structure of the drug molecules suspected to cause kidney failure. Three QSAR models were developed 
using simple k-means clustering, linear regression and decision tree analysis methods.  
 
2.2.1. Selection of Molecular descriptors 
Of the 266 molecular descriptors downloaded from DRAGON interface [13] attributes with zero variance were 
deleted at the outset. 20 descriptors were selected from literature regarding descriptors with known toxicities from 
compound containing Nitrogen atoms as all drugs in our study found to cause death due to renal failure have 
nitrogen atom [14]. 18 attributes were selected using Cfssubseteval + BestFit attribute selection method offered by 
Weka open source data mining software. A total of 39 attributes (including death added from data analysis done 
earlier) were used find Quantitative Structure Activity Relationship (QSAR) of drugs suspected to cause death as 
consequence due to kidney failure.  
 
2.2.2. Simple K-means Clustering Model Development 
The 38 molecular descriptors selected previously were subjected to Principal Component Analysis which resulted in 
a set of 10 molecular descriptors SOK, X5Av, Mp, AAC, Lop, T(N..P), nR09, nR04, nR11, MAXDP. The attribute 
death was added to the descriptor set as reported in Canada Vigilance Adverse Reaction Online database with death 
as patient consequence due to kidney failure as suspected ADR. The attribute death was converted into binary 
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format where death was represented as 1 for death as patient consequence otherwise 0 if no death was reported. The 
set of 11 descriptors were imported into Weka machine learning software and Simple Kmeans clustering algorithm 
was chosen for model creation. 
 
2.2.3. Linear Regression Model Development 
For building this model the 39 descriptors selected earlier were subjected to genetic search method provided by 
Weka for better attribute selection. This method yielded 17 molecular descriptors viz. MSD, PHI, Mv, ARR, nCL, 
nR04, nR09, nR11, MAXDP, BLI, T(N..P), T (F...F), T (Cl..Cl), PCR, X1Av, X3Av, Death. These were exported to 
Weka machine learning software for creating linear regression model. 
 
Since we had 57 compounds to start with, we created training and test set for internal validation. This was done by 
randomly selecting 8 compounds from death =0 group and selecting 2 compounds from death = 1 group. Linear 
regression model was created again using remaining 47 compounds and checked how the generated equation 
predicts death parameter of 10 compounds in test set that were not used to build the regression equation. 
 
2.2.4 Decision Tree model Development 
All the 38 attributes selected earlier were imported into Weka. The attribute death added earlier was converted into 
nominal attribute: y =yes and n=no. The classifier used was weka.classifiers.trees.J48 -C 0.25 -M 2. A decision tree 
is a simple data mining algorithm that creates a collection of “if → then” conditional rules for assignment of class 
labels to instances of a data set. The decision trees are represented by nodes that specify a particular attribute of the 
data and branches that represent a test the value of each attribute, and leaves that correspond to the terminal decision 
of class assignment for an instance in the data set. [15]  
 

RESULTS AND DISCUSSION 
 

All the models developed herein have identified eighteen molecular descriptors that can be attributed to renal 
toxicity with fatal consequences. Some molecular descriptors are common in all models and some are different. This 
difference can be attributed to the fact that the compounds in our dataset are not a set of homologous series. Table 1 
lists the eighteen molecular descriptors found by all three models along with their definition.  
 

Table 1: List of important descriptors found along with their category and definition 
 

Descriptor Definition Category 
Mp mean atomic polarizability Constitutional indices 
nR04 number of 4-membered rings Ring descriptors 
nR09 number of 9-membered rings Ring descriptors 
nR11 number of 11-membered rings Ring descriptors 
MAXDP maximal electrotopological positive variation Topological indices 
Lop Lopping centric index Topological indices 
T(N..P) sum of topological distances between N..P 2D Atom Pairs 
X4Av average valence connectivity index of order 4 Connectivity indices 
AAC mean information index on atomic composition Information indices 
S0K Kier symmetry index Topological indices 
MSD Mean square distance index (Balaban) Topological indices 
Mv mean atomic van der Waals volume Constitutional indices 
nCL number of Chlorine atoms  Constitutional indices 
T(F..F) sum of topological distances between F..F 2D Atom Pairs 
X1Av average valence connectivity index of order 1 Connectivity indices 
PCR ratio of multiple path count over path count Walk and path counts 
ISIZ Information index on molecular size Information indices 
IAC Total information index of atomic composition Information indices 

 
3.1. Simple K-means Clustering Model 
This model resulted in two clusters 0 and 1, showing the centroid of each cluster as well as statistics on the number 
and percentage of instances assigned to different clusters shown in Table 2. Cluster centroids are the mean vectors 
for each cluster (so, each dimension value in the centroid represents the mean value for that dimension in the 
cluster). Thus, centroids can be used to characterize the clusters. 
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Table 2: Cluster centroids 
 

Attribute Full Data Cluster #0 Cluster #1 
No of Molecules (57) (47) (10) 
S0K 139.5594 149.0958 94.7381 
Lop 1.1011 1.1216 1.0051 
Mp 0.6523 0.6464 0.68 
nR04 0.0351 0.0426 0 
nR09 0.2982 0.2553 0.5 
nR11 0.1053 0.0638 0.3 
MAXDP 5.3026 5.544 4.1682 
T(N..P) 0.7895 0.1702 3.7 
X5Av 0.0323 0.0334 0.0267 
AAC 1.6326 1.6131 1.7243 
Death 0.1754 0 1 

 
The predicted clustered instances have accurately detected not only the number of drugs in the dataset with death as 
a consequence but also the exact drugs reported to cause death as patient consequence shown in Table 3 below. 
 

Table 3: Cluster assignment of the fifty seven drugs in the dataset 
 

Drug Death reported Cluster Assigned Drug Death reported Cluster Assigned 
AMPICILLIN 0 cluster0 LIPITOR 0 cluster0 
METHOTREXATE 0 cluster0 LOPID 0 cluster0 
AREDIA 0 cluster0 LOSEC 0 cluster0 
ATACAND 0 cluster0 LOVENOX 0 cluster0 
AVANDIA 0 cluster0 LYRICA 0 cluster0 
AVAPRO 0 cluster0 METFORMIN 1 cluster1 
AZATHIOPRINE 1 cluster1 MICARDIS 1 cluster1 
CEFTAZIDIME 0 cluster0 MUTAMYCIN 0 cluster0 
CELEBREX 0 cluster0 NALFON 0 cluster0 
CIPRO 0 cluster0 PHENACETIN 0 cluster0 
CLINDAMYCIN 0 cluster0 PREDNISONE 0 cluster0 
CLOZARIL 1 cluster1 PREPULSID 0 cluster0 
CRIXIVAN 0 cluster0 PREXIGE 0 cluster0 
CYCLOMEN 0 cluster0 PRINIVIL 0 cluster0 
DEXAMETHASONE 0 cluster0 PROZAC 0 cluster0 
DICLOFENAC 1 cluster1 RAMIPRIL 0 cluster0 
DIDANOSINE 0 cluster0 RAPAMUNE 0 cluster0 
DIFLUCAN 1 cluster1 RITONAVIR 0 cluster0 
DIGOXIN 0 cluster0 SANDOSTATIN 0 cluster0 
DIOVAN 0 cluster0 SAQUINAVIR 0 cluster0 
FELDENE 0 cluster0 SEROQUEL 0 cluster0 
FLUOROURACIL 0 cluster0 TACROLIMUS 0 cluster0 
FUROSEMIDE 1 cluster1 TETRACYCLINE 0 cluster0 
GENTAMICIN 0 cluster0 VALIUM 0 cluster0 
HYDROCHLOROTHIAZIDE 0 cluster0 VASOTEC 0 cluster0 
IBUPROFEN 0 cluster0 VIREAD 1 cluster1 
INDOMETHACIN 1 cluster1 WARFARIN 0 cluster0 
ISOPTIN 0 cluster0 ZYPREXA 1 cluster1 
LAMIVUDINE 0 cluster0    

  
The most significant descriptors found from this analysis are SOK Kier symmetry index, MAXDP Maximal 
electrotopological positive variation, nR09 number of 9- membered rings and T (N..P) Sum of topological distances 
between N..P 2D Atom Pairs. The prediction accuracy and its interpretation are shown in confusion matrix in Table 
4. 
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3.2. Linear Regression Model 
The model developed is as follows: 
Death = -2.9788 * MSD + -3.2052 * Mv + 0.4048 * nCL + 0.1173 * nR09 + -0.1674 * MAXDP + 0.017 * T(N..P) + 
0.2521 * T(F..F) + 0.7898 * PCR + -2.3532 * X1Av + 3.3352 …….[1] 
 
Correlation coefficient                  0.7866 
 
Afterwards we checked if descriptors appearing in regression model i.e. MSD, Mv, nCL, nR09, MAXDP, T(N..P),   
T(F..F), PCR, X1Av are cross correlated. Two pairs that showed bit high correlation were MSD-MAXDP and Mv-
PCR. So after dropping systematically each of the above four descriptor from regression equation R2 was calculated 
again from remaining descriptors.   
 
DROPPING ATTRIBUTES Mv AND PCR FROM ORIGINAL EQUATION [1] FOR TRAINING SET:  
Death =  -1.9901 * MSD +  0.349  * nCl + 0.1356 * nR09 +  -0.1426 * MAXDP +  0.0208 * T(N..P) + 0.2291 * 
T(F..F) + -2.274 * X1Av + 2.0059 ……………..[2] 
 
Correlation coefficient   0.7159 for training set 
The signs of the regression coefficients suggest the direction of influence of explanatory variables in the models. 
The descriptors MSD, Mv, MAXDP and X1Av contribute negatively to death, whereas nCl, nR09, T(N..P), T(F..F), 
PCR have shown positive contribution to death. Thus a lower value of descriptors nCl, nR09, T(N..P), T(F..F), PCR 
and a higher value of descriptors MSD, Mv, MAXDP and X1Av would be favorable to preventing death.  
 
3.3 Decision Tree Model 
The decision tree model developed by us shown below displays a series of yes/no (Y/N) rules to classify drugs into 
fatal (y) and non-fatal (n) categories based on most relevant descriptors. Four descriptors PCR, ISIZ, IAC and 
MAXDP were found relevant for the set of drugs in explaining renal toxicity. The molecular descriptors along with 
transition rules are shown below in Figure 2. 
 

 
Figure 2: The decision tree model: The model displays a series of yes/no (Y/N) rules to classify drugs into fatal (Y) and non-fatal (N) 
categories based on four descriptors: PCR, ISIZ, IAC and MAXDP. The molecular descriptors are denoted by circle. The transition 

rules are depicted on the branches. And final category assigned is depicted by rectangle with number of instances in dataset represented 
by the category i.e. death (Y/N) 

 
Wrongly classified drugs depicted by a slash in the model above are drugs Metformin and Indomethacin classified 
as no instead of yes. The classification error for the drug metformin can be attributed to it being the only compound 
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without aromatic ring structure. The important descriptors detected from this model are PCR Ratio of multiple path 
count over path count, ISIZ Information index on molecular size, IAC Total information index of atomic 
composition and MAXDP Maximal electrotopological positive variation. The prediction accuracy of the decision 
tree model and its interpretation is shown in confusion matrix Table 4. 
 
Prediction accuracy of all models was calculated using confusion matrix along with true positive rate, true negative 
rate, false positive rate and false negative rate and tabulated below. 
 

Table 4: Comparison of prediction accuracy of all models with their interpretation 
 

Confusion Matrix for Simple Kmeans Clustering model 
 Death Predicted No Death Predicted Yes 

Death Actual No A = 47 B = 0 
Death Actual Yes C = 0 D = 10 
Confusion matrix for  linear regression equation [2] 
 Death Predicted No Death Predicted Yes 
Death Actual No A = 8 B = 0 
Death Actual Yes C = 0 D = 2 
Confusion Matrix for the decision tree model 
 Death Predicted No Death Predicted Yes 
Death Actual No A = 47 B = 0 
Death Actual Yes C = 2 D =  8 
Parameters used to interpret confusion matrix 
Parameter Kmeans Model Regression Model Decision Tree Model 
Accuracy (AC) AC1 = 1 AC = 1 AC = 0.965 
True positive rate /sensitivity (TP) TP2 = 1 TP = 1 TP = 0.8 
False positive rate (FP) FP3 =  0 FP = 0 FP = 0 
True negative rate /specificity (TN) TN4 = 1 TN = 1 TN = 1 
False negative rate (FN) FN 5= 0 FN = 0 FN = 0.2 

 
Formula/ Significance: 1AC = [(A +D)/(A + B + C +D)] indicates the proportion total number of correct 
predictions,  2 TP = [D/(C +D)] indicates the proportion of correctly identified molecules, 3FP = [B/(A + B)] 
indicates the proportion of incorrectly identified molecules,  4 TN = [A/(A + B)] indicates the proportion of 
correctly identified molecules,  5 FN = [C/(C +D)] indicates the proportion of incorrectly identified molecules. 
 
The descriptors from constitutional, topological, 2D autocorrelation, informational, connectivity and ring descriptors 
have together formed models that explain the activity. Ring descriptors and topological indices are the predominant 
classes for the three models created.  
 
The descriptor Maximal electro-topological positive variation (MAXDP) is shared by all the three models. The 
greater value of the descriptor MAXDP is favorable for preventing death has been illustrated by all three models. 
 
The descriptor, nR09, number of 9-membered rings is shared by Kmeans & linear regression model. The 9-
membered ring of the benzimidazole substructure can be inferred from Pubchem database to contribute positively 
towards death. Avoiding this substructure in a drug molecule or its metabolites will be helpful in preventing death 
due to kidney failure.   
 
Similarly the descriptor, T(N..P), sum of topological distances between N..P 2D atom pairs, is shared by both 
Kmeans & linear regression models would prevent death if its value is lowered. 
 
The descriptor, PCR ratio of multiple path count over path count, is common descriptor for linear regression model 
and decision tree model. Sign of the regression coefficient associated with PCR is positive therefore a decrease in 
value of this predictor will result in a decrease in probability of death as patient consequence. 
 
Earlier research on drug induced renal toxicity has revealed many facts relating to causes of kidney failure. Some of 
the drugs identified by them have also shown up in our research. The drug Micardis/Telmisartan detected from our 
analysis has been known to inhibit angiotensin-converting enzyme that could injure the kidney by its hemodynamic 
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effect. The drugs indinavir/Crixivan and methotrexate can cause tubular injury as a result of 
precipitation/crystallization thus causing obstruction.  Immune-mediated interstitial damage in the form of acute 
interstitial nephritis (AIN) is commonly seen with antibiotics. The antibiotics ampicillin, tetracycline, gentamicin, 
clindamycin etc. have been detected in our study. The Non-steroidal anti-inflammatory drugs (NSAIDs) Diclofenac 
& indomethacin that have been detected with fatal consequence have been associated with kidney injury by other 
researchers as well. [16].  
 
One of the most important functions of the kidney is the filtration and excretion of nitrogenous waste products from 
the blood [17]. All the drugs causing death due to kidney failure detected from this study have nitrogen atom. The 
topological descriptor T(N..P) predicted contributes positively to death has been identified from all models that 
resulted from this study. 
 
 Since the various drugs included in our dataset are not structurally homologous, single well-defined SAR cannot be 
detected. Therefore three different models have been developed and analyzed [18] 
 

CONCLUSION 
 

The greater value of the descriptor, MAXDP - Maximal electrotopological positive variation, is favorable for 
preventing death has been underlined by all three models. Avoiding benzimidazole substructure in a drug molecule 
or its metabolite will be helpful in preventing death due to kidney failure. Similarly the descriptor, T(N..P) - sum of 
topological distances between N..P 2D atom pairs, would prevent death if its value is decreased.  A decrease in value 
of the descriptor, PCR - ratio of multiple path count over path count will result in decrease in probability of fatal 
consequences. 
 
The QSAR approach based models used in this study provides interesting insight into drug design with concomitant 
reduction in toxicity. The models reported herein and inferences are expected to help designers of drugs and ligands 
for avoiding fatal consequences due to kidney failure. 
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