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  ABSTRACT 

The main objective of this study is to gain an exploratory sense of the relationships between the 

phenotypes (response to drugs) employing the genome‐wide association studies (GWAS) 

summary statistics for searching underlying contribution of pleiotropy across the associated SNPs 

to this relationship. The findings in this study show that the effect size should be weighted 

appropriately, depending on the nature of assumption made for conducting phenotype clustering 

based on GWAS summary. Thus the methods used were helpful for exploring workable clusters 

of related drugs on the basis of the effect size of the shared associated SNPs when weighted with 

SNP-sharing strength. The presence of strong correlation between the weighted fixed effect size 

and the principal components provides a possibility of using principal component regression for 

predicting the effect size of association of a drug response with SNPs. Overall, the phenotypic 

pattern of drugs and associated SNPs revealed by this study are expected to help in future for 

understanding aetiological basis of different drugs by highlighting relevant biological pathways.  
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INTRODUCTION 

For last several decades researchers have 

reported variability in response to drugs 

between different human subjects. 

Historically, in 510 B.C. Pythagoras 

observed that eating fava beans caused severe 

sickness and death of some consumers [1]. It 

was two millennia later when a defect in the 

glucose-6-phosphate dehydrogenase enzyme 

was discovered and it was associated with 

haemolytic anaemia following the 

consumption of fresh fava beans as well as 

exposure to some drugs such as aspirin, 

phenacetin or primaquine [1,2].  

Many factors affect response to a drug, 

including individual’s genetic makeup, age, 

BMI, food/beverage intake, smoking, dietary 

supplements, reaction with other drugs, drug 

storage, tolerance and resistance to drug, 

physical condition (disease, fatigue, trauma) 

[3]. Some of the factors like tobacco use or 

alcohol intake can be controlled but factors 

like age, health condition (including other 

diseases) and genetic factors cannot be 

changed [4]. Practically, the response to 

drugs is determined by three factors: i) the 

phenotype (usually the disease), ii) the 

responsiveness of tissues and iii) the drug 

concentration at the site of action (reflected 

in the plasma). The relative response to drugs 

does not only differ between drugs but also 

within a drug [5]. 

Response to drugs is affected by genetic 

variants in few known ways: i) by affecting 

the influx and efflux of drug transporters 

within and outside of a cell; ii) altering drug 

metabolizing enzymes that control the 

chemical conversions of chemotherapeutics 

for their degradation and ultimate excretion; 

iii) how well a drug works as intended by 

altering the amount of the target protein or by 

delivering therapy, and iv) affecting allergic 

response to certain drugs [6]. 

In the last two decades, Genome‐wide 

association studies (GWAS) have provided 

powerful tools for exploring the impact of 

single nucleotide polymorphism (SNP) on 

individual drug response and for the 

investigating targets and effects of drugs 

[7,8]. Therefore, the use of the phrase 

‘response to drug’ or shortly ‘drug response’ 

(DR) throughout this study refers to 

combined effect of all the determining factors 

reported in GWAS.  

Pharmacogenomics GWAS (PGx GWAS) 

mostly deals with changes in response due to 

“off-target” genes diverting from the 

intended target, genetic changes in in the 

downstream pathway of a drug, or changes in 

pharmacodynamics or pharmacokinetics 

[12]. Although only little more than 10% of 
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GWAS have focused on PGx GWAS [13,14], 

scientific community has ever increasing 

interest in predicting targets identification of 

drugs and rely more and more on genetic 

evidence. One of the major contributions of 

PGx GWAS is that drugs with genetically 

supported targets identified by GWAS have 

higher likelihood to receive clinical approval 

[9-11]. A publically available online 

database, the Pharmacogenomics 

Knowledgebase, responsible for 

summarizing regarding the impact of human 

genetic variation on drug response, to date 

reported more than 1,100 genetic loci having 

significant association with response to drug 

[15]. However, clinical implications of the 

associated variants are very small which may 

be affected by their linkage disequilibrium 

with the causal variants [16,17].  

PGx GWAS is further constrained due to 

rarity of drug related phenotype and 

collection of sufficient samples [18,13,19]. 

Therefore, sample size required for 

successful PGx GWAS to obtain association 

with drug response phenotypes, necessitates 

concerted international collaboration, similar 

to those for complex human diseases. 

Consequently, various networks and 

consortia have been formed by GWAS 

researchers to undertake after aggressive data 

sharing across same or related diseases or 

traits [20]. For example, an international 

consortium, PGRN-RIKEN, has conducted 

scores of PGx GWAS and supported the 

largest number of PGx studies since 2008 

which are reported in the GWAS catalog 

[18]. Likewise, international consortia like 

the International Serious Adverse Events 

Consortium [21], EUDRAGENE [22], and 

others [23,24] mediate the process of 

collective sampling. Despite the sampling 

challenges, the available samples have 

identified genetic risk factors for some 

adverse drug reactions (ADRs) [2,18,25,26]. 

Extensive pleiotropy among the common 

variants associated with complex traits has 

been reveled [27,28]. The studies involving 

pleiotropic associations are called cross-

phenotype associations (CPA), i.e., testing 

association of multiple traits simultaneously 

influenced by many genetic variants, such as 

single nucleotide polymorphisms (SNPs). 

There is a growing evidence that more power 

can be gained by CPA associations [29-

33,34].  

Considering growing evidence for 

widespread pleiotropy among 

pharmacogenes [9,27], the main objective of 

this study is to gain an exploratory sense of 

the relationships between the phenotypes 

(response to drugs) employing the GWAS 

summary statistics and searching underlying 

contribution of pleiotropy across the 
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associated SNPs to this relationship [35]. We 

specifically treat GWAS binary phenotype 

(response to drug) as dependent and SNP 

effect size (SNP score) as independent 

variables. In the remainder of this article we 

frequently use the shortened terms ‘drug 

response’ and ‘SNP score’ for brevity. 

 

MATERIALS AND METHODS 

Methods of data collection and analyses used 

in this study are described along with the 

background and justification as below. 

GWAS Data 

Most of the multi-variant methods are 

employed to analyze GWAS summary data 

collected from databases available in public 

domain, e.g., the National Human Genome 

Research Institute (NHGRI) and The 

European Bioinformatics Institute (EBI) 

database, the NHGRI-EBI GWAS Catalog 

[36], with particular reference to the minor 

allele frequency (MAF), effect size, standard 

errors, p-values for associated variants 

(mostly SNPs) analyzed in a GWAS [29,33]. 

The GWAS Catalog is a manually curated 

GWAS genetic evidence database widely 

used by researchers to identify new candidate 

loci to predict disease risk, identify rate of 

success in drug targets and undertake trait 

analysis. As of 2019-04-21, the GWAS 

Catalog recorded 3955 publications and 

identifying 136287 statistically significant 

associations between SNP risk alleles and the 

complex traits (at p-value threshold of 

5×10−8). Summaries collected from GWAS 

Catalog have provided useful results GWAS 

meta-analysis methods and useful results 

[20,29,30,33,34,36-40,41,42,51,52,53,54]. 

For this study summary statistics related to 

response to drugs were collected from the 

GWAS Catalog. The data were downloaded 

as the tab-separated values (TSV) GWAS 

Catalog file (gwas_catalog_v1.0.2-

associations_e96_r2019-09-24.tsv). The data 

file was converted to MS Excel for tabulation 

and filtered according to the fields related to 

the phenotype (response to drug), namely, 

‘study‘, disease/trait’ and ‘mapped trait’ 

along with the fields addressing sample size, 

strongest SNP-risk allele, mapped gene, risk 

allele frequency, odds ratio/beta-coefficient, 

standard error of the effect size and p-value 

for all associated SNPs. To make sure the 

GWAS chosen for this study are well-

powered, we only included the SNPs that had 

at least 6 hits on the genome-wide significant 

level of 𝑝 ≤ 10−6.  

While downloading a data set with all SNPs 

related to multiple traits, there is always a 

possibility of a particular SNP being reported 

more than once in GWAS catalog due to 

contribution of multiple studies [55]. 
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Therefore, we developed an Excel Macro to 

explore a unique set of SNPs associated with 

response to drugs. The data were then filtered 

according to a set comprising 6762 SNPs 

strongly associated with response to 128 

drug. This set of SNPs was assumed as a 

random sample from a population SNPs 

strongly associated with drug response. All 

drugs used for analysis in this study are 

enlisted in Table 1 with their abbreviations.  

Since values of odds ratio/beta-coefficient 

values were not available for all the short 

listed 6762 SNPs, the data were further 

filtered out to according to these statistics for 

5663 SNPs associated with response to 113 

drugs. This set of 5663 SNPs was also treated 

as a random sample from a population SNPs 

strongly associated with 113 drugs. 

For defining variables use in this study, we 

explain dependent vector 𝑌. Each 𝑌𝑗denotes 

the drug response (binary variable, 1 = 

response, 0 = no response), where 𝑗 =

1, 2, 3, … , 𝑘 (number of drugs). The 

explanatory vector 𝑋 denotes SNP score 

represented by 𝑋𝑖, where 𝑖 = 1, 2, 3, … , 𝑛 

(number of SNPs). The input to the model 

are, therefore, the ‘SNP scores’ (a set of 

effect size estimates for each SNP) on each of 

the phenotypes (response to drug) in the 

sample. Each explanatory vector for a drug is, 

therefore, a component of the matrix 𝑀 =

𝑛 ×  𝑘 , used as the feature vector in this 

study. All feature vectors of 𝑀 are assumed 

to be independent due to linkage 

disequilibrium (LD)-based pruning in 

GWAS Catalog [36]. Since index SNPs 

likely map to the same genetic locus in 

GWAS Catalog, we assume a linear 

polygenic structure of 𝑀 between 𝑌 and 𝑋 

and describe as below [56]. 

Let 𝑦𝑗 = (𝑦𝑗1, … ,  𝑦𝑗𝑛) denote the vector of 

measures on the 𝑗𝑡ℎ drug for 𝑛 SNPs.  

We assume that each drug response is 

modeled by linear regression denoted as 𝑦𝑗 =

𝑥𝑖𝑗𝑗
 +  𝑗 . We also assume that all 𝑦𝑗’s and 

𝑥𝑖’s are centered, so intercepts can be 

ignored. For simplicity, we assume absence 

of any other fixed effect in the model and 

ignore adjusting covariates, or other drug 

specific covariates can be equivalently 

observed and adjusted for. By stacking 

vectors, the model can be expressed as 𝑌 =

𝑿 +  , where Y is a vector of drug 

response , 𝑿 is a matrix of effect size (fixed 

or random),  is coefficient vector of effect 

size and  is residual [56-59],. The null 

hypothesis is H0:  = 0 and the alternative 

hypothesis H1 is that at least one of the 

elements of   0. A standard method to test 

 = 0 is the Wald test statistic [37,60]. 
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The sample sizes in GWAS Catalog are 

available only as text under the field “Initial 

Sample Size”. As the description of samples 

in the text (number of cases, controls, 

population, etc.) is quite consistent, an Excel 

Macro was developed to extract the sample 

sizes.  

Various effect size (ES) measures for SNP 

versus drug response association are 

employed in the statistical analysis [61-63]. 

Odds ratio (OR) is often referred to as 

standardized measures of effect. It is also 

possible to convert OR to other measure of 

Pearson correlation coefficient (r) and 

Cohen's d and z score (z) [64-67], while the z 

scores can be worked out with available 

sample sizes and p values. 

Although different effect size measures are 

related their values are not directly 

comparable due to different scales (metrics) 

used in the calculation. For example, OR 

measures the effect when the phenotype 

(dependent variable) is binary, i.e., measures 

the difference between the mean values of 

two groups. Instead, a correlation coefficient 

is a measure of the relationship between the 

state of the phenotype and the outcome [64]. 

For conducting meat-analysis dichotomous 

data, GWAS investigators prefer odds ratio 

and the log odds ratio (Lor) over correlation 

coefficient and Cohen's d [68] 

Most conversion from OR to other measures 

of effect size are mediated through log odds 

ratio (Lor) [64-67], since log odds ratio (Lor) 

has an approximately normal distribution: 

𝐿𝑜𝑟 ∼ 𝒩 (log (𝑂𝑅), 𝜎2) 

Parallel with odds ratio, Cramér’s (phi) is 

also used to measure effect size and it is a 

probabilistic measure like point correlation, 

i.e., [0, 1] [65]:  

∅ ≡ √
𝜒2

𝑁×(𝑘−1)
   (1) 

Where, 𝜒2 is chi-square value, and 𝑁 is the 

sample size and 𝑘 the smaller of the vertical 

or horizontal categories of the contingency 

table [61,65]. When association analysis is 

based on 2 × 2 table (𝑘 = 1), the equation 

simplifies to  

∅ = √
𝜒2

𝑁
  (2) 

Statistical Methods for GWAS Meta-

Analysis 

In the ideal situation, when genotyping 

results of all studies together are available, a 

“mega-analysis can be undertaken to directly 

combine data from the different populations. 

In this case meta-analysis would be 

redundant [69]. However, individual-level 

data for a GWAS are often not available as 

GWAS investigators may be reluctant or 
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unavailable to share the raw data. Besides, 

difficulty to retrieve, cost or time involved to 

procure the data may cause further 

constraints. This is particularly true for the 

individual level data for most of the PGx 

GWAS [13,18,19]. Fortunately, the earlier 

perception that mega-analysis involving 

individual-level data is statistically more 

powerful than meta-analysis based on GWAS 

summary, is no longer considered effective 

[53,20,70]. For conducting statistical 

analysis, meta-analyzed GWAS summary 

results prove equally efficient as mega-

analysis of individual studies provided same 

modeling assumptions are used both types of 

analyses [20,71]. 

A researcher would need convert individual 

studies into a common metric before 

undertaking statistical meta-analysis to 

synthesize results from different GWAS 

estimates [64,72]. Meta-analysis of GWAS in 

principle combines values of association 

from individual studies using appropriate 

weights followed by normalization for 

different sample sizes [30,40,73]. For 

clustering and estimation of genetic 

correlation from GWAS summary statistics 

for a polygenic traits, it is usually assumed 

that the meta-analyzed effect size value of a 

SNP embodies the influence of all SNPs in 

LD with that SNP [38,39,74]. Selecting 

GWAS for analysis necessitates filtering 

summary statistics on the basis that statistical 

power related to the index SNPs having 

desired genome-wide significant (usually 

ranging from p  10−6 to p  10−8). Further 

filtering may involve colocalization of 

multiple index SNPs using appropriate 

methods [55,75-78,45-51,79]. With the 

availability of large numbers of GWAS 

summary statistics there is a growing trend to 

conduct meta-analysis to explore pleiotropy 

and explicate the genetic relationship among 

traits [19,30,35,80]. 

As the collected genetic variants come from 

a large number of GWAS with different 

sample sizes, meta-analysis of all individual 

studies is usually undertaken for 

determination of combined effect size using 

normalization of sample sizes and 

appropriate weights, often employing 

specific analysis tool sets [36,40,52,68,71]. 

Selecting GWAS for meta-analysis 

necessitate filtering summary statistics on the 

basis that statistical power related to the 

index SNPs with desired genome-wide 

significance (usually ranging from p  10−8 to 

p  10−6). Further filtering may involve 

colocalization of multiple index SNPs using 

appropriate methods [45,48,51,55,75-78,79]. 

Meta-analysis of GWAS datasets requires a 

number of pieces of information related to 

epidemiological study design (cohort, case-
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control, cross-sectional studies or clinical 

trials), quality checks, analytical methods, 

population structure, genotyping methods, 

amputation techniques, strand and build of 

the human genome [81].  

In this study the odds ratio (OR) and 

Cramér’s are considered the effect size (𝑡𝑖) 

attributed to a strongest SNP-risk allele 

associated with response to the drug. It is 

assumed that 𝑡𝑖 is determined as  

𝑡𝑖 =   + 𝑖  

where  is population mean and 𝑖  is the 

within-study error [69,70,82]. 

Most of the studies concerning clustering and 

genetic correlation of GWAS data are based 

on colocalization of genomic regions. 

Besides, larger GWAS are often weighted 

more than the smaller ones [69,82]. It is also 

argued that an association of a variant to a 

pair of traits does not establish that the variant 

is causal for both the traits due to possibility 

linkage disequilibrium of distinct variants 

[78,83]. Thus, effect size values, whether 

assessed directly or through or meta-analysis, 

with or without involving colocalization, 

may incorporate a lot of noise due underlying 

assumptions and rounding errors 

[45,48,51,75,78,79]. On the other hand direct 

use of a feature/variable, e.g., effect size 

summary, can prove equally noisy due to the 

coalition process. This necessitated 

preprocessing the GWAS summary statistics 

to de-noise the input data in this study as 

below. 

To circumvent the noise in the input data, we 

hypothesize in this study that weighting 

effect size of SNPs with the strength of 

sharing can be more efficient for clustering or 

correlation analysis of the phenotype. We 

assume that if a set of drugs is associated with 

a set of SNPs, the effect size of each SNP 

should be weighted by the number of drugs 

associated with it (𝑙 = size of drug group). 

However, the more the number of SNPs 

influencing a drug group ( = size of the 

drug group associated SNPs) the more will be 

the combined effect. Therefore, taking into 

account the influence of the drug group (𝑙𝑏 ,

𝑤ℎ𝑒𝑟𝑒 𝑏 ∈ {1, 2, 3} and corresponding size 

of the drug group associated SNPs 

(
𝑙𝑏

, 𝑤ℎ𝑒𝑟𝑒 𝑙𝑏 = 1,2,3, … , ) , we define 

strength of sharing (𝑆) as follows:  

𝑆 =
𝑙𝑏

𝑙𝑏

   (3) 

Both measures of effect size in this study, OR 

and , are weighted with a factor of 𝑚, 

henceforth referred to as SNP-sharing 

strength (SSS). For brevity in the remainder 

of this article, the effect size weighted as 

above is referred to 𝑖𝑗: 
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𝑖𝑗 = 𝑆 ∗ 𝑂𝑅𝑖𝑗 or 𝑖𝑗 = 𝑆 ∗ 
𝑖𝑗

 

 (4) 

Where 𝑖 = 1, 2, 3, … , 𝑛 (number of SNPs) 

and 𝑗 = 1, 2, 3, … , 𝑘 (number of drugs).  

The principle adapted in different methods 

for meta-analyses is that of bivariate meta-

analysis for handling the correlation between 

outcomes, both binary and to continuous 

outcomes [73,84]. Other than the standard 

weighting used in meta-analysis, most of 

existing methods employ different weighting 

schemes to test the effect of combination of 

variants on single or multiple traits 

[35,39,74,85]. The performance of these 

methods depends on the selection and 

application of weights. For example, large 

weights on rare variants and small on 

common variants can conceal certain 

characteristics of complex diseases and traits 

as these are caused by both types of variants. 

Therefore, optimal weights have been 

suggested to overcome these limitation [35].  

Inverse variance weighting is normally 

considered optimal in the meta-analysis [86]. 

The practicality of such weighting in GWAS 

meta-analysis is well documented for initial 

screenings and discovery [73,87]. The 

optimal weights from score statistics 

representing small effect sizes essentially 

have power comparable to the inverse 

variance weighting [73,88]. Normally, 

weights are derived from the sample sizes as 

follows [30,66]: 

𝑤𝑖𝑗 =  √𝑛𝑗,  (5) 

Where, for example, 𝑛𝑗  is the of the sample 

size of jth drug in this study. In this way larger 

studies are weighted more than the smaller 

ones. GWAS investigators who derive 

weights from sample size argue that a 

variance is dependent on the scale of 

measurement. However, this limitation of 

inverse variance weighting can be overcome 

by using the effect size (𝑖𝑗) and sample size 

(𝑛𝑗) in calculation of variance (𝑉𝑖𝑗) as follows 

[162-165]69,70,82,89: 

𝑉𝑖𝑗 =  
 𝑖𝑗

2 

𝑛𝑗∗
𝑖𝑗

2 ,   (6) 

therefore, 

𝑤𝑖𝑗 =  
1

𝑉𝑖𝑗
=  

𝑛𝑗∗
𝑖𝑗

2

𝑖𝑗
2   (7) 

For fixed effect (FE) model our effect 

summary for a pair of drug is:  

̅ =  
(𝑤𝑎∗ 𝑎) 

𝑤𝑎
 ,   (8) 

and the standard error is: 

𝑆𝐸̅ =  √
1

𝑤𝑎
  ,   (9) 
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Where 𝑎 = 1, 2,3, … , 𝑠, 𝑎𝑛𝑑 𝑠 is number 

SNPs shared by a pair of drugs. 

For random effect (RE) model we assume 

that variability is not only due to random 

error but also to variability in the population 

of effects, i.e., number of shared SNPs in 

drug pair (𝑠). Therefore, the weight for each 

shared SNP in Equation 8 is adjusted with a 

constant ()[82,90]. 

 =  (
𝑄−(𝑠−1)

𝑤𝑎−
(𝑤𝑎)2

𝑤𝑎

)  (10) 

where the 𝑄 measures heterogeneity of effect 

among s SNPs,  

𝑄 =  (𝑤𝑎 −  𝑎
2) − (

(𝑤𝑎∗𝑎 )2

𝑤𝑎
) (11) 

For RE model, new weight (𝑤) for each 

shared SNP for a drug is calculated as: 

𝑤𝑗
=  

1

𝑉𝑖𝑗+ 𝑗 
   (12) 

Final random effect summary is calculated as 

in Equations 8 and 9 by replacing 𝑤𝑎  with 

𝑤𝑎
. 

Hierarchical Clustering (HC) and 

Principal Component Analysis (PCA) 

Extensively observed overlaps of association 

of diseases/traits to genetic variants have 

been considered reflecting shared etiology 

between those diseases/traits [78,83]. 

Clustering of phenotypes based on shared 

genetic loci identified in sets of publicly 

available GWAS catalogue data has revealed 

groups of diseases and traits with related 

clinical characteristics [75]. Recently, scores 

of statistical and bioinformatics methods 

have been developed to investigate shared 

genetic variants across phenotypes 

[78,80,91,92]. 

Small sample size and diffident individual 

effect of variants often render GWAS 

findings non-reproducible [93,94]. Besides, 

high degrees of freedom involved in the 

statistical tests are an issue even in multi-

locus analysis methods use for testing 

multiple SNPs. Therefore, a huge challenge 

for GWAS is to detect SNPs with weak 

individual effects that might have strong 

epistatic effect to influence the outcome of 

the disease or trait. Currently, multi-locus 

and multi-trait analysis methods used for 

testing multiple SNPs mainly focus on 

reducing number of degrees of freedom 

ensuing from [17,93,95-98]: (i) integrating 

statistical significance for all individual SNPs 

into a combined test statistic; or (ii) a 

combined signal directly emanating from all 

SNPs. However, the calculation methods of 

combined test statistics conceal the epistatic 

effect and thus obliterate relationships among 

SNPs in functional regions of interest [93]. 
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Depending on the biological aspect under 

consideration, multi-trait influence of a 

genetic variant can be interpreted in two 

ways: (i) the effect of variant (𝐸) may be 

through independent physiological processes 

on phenotypes 𝑃1 and 𝑃2 and may be 

represented as 𝑃1  ← 𝐸 → 𝑃2 ; or (ii) a 

phenotype may be influenced by the variant 

via other phenotype as 𝐸 → 𝑃1 → 𝑃2 or 𝐸 →

𝑃2 → 𝑃1 [80,99]. The increasing number of 

GWAS has demonstrated existence of 

pleiotropy that may cause genetic 

relationships among multiple traits 

(biological pleiotropy) or linkage 

disequilibrium (LD) between genes for 

multiple traits (spurious pleiotropy) 

[19,35,78,83,100,101]. Similar pleiotropic 

associations have also been reported for 

response to drugs, drug-metabolizing 

enzymes, and drug transporters [27]. 

Generally, pleiotropic traits are 

phenotypically or genetically correlated. 

According to NHGRI, pleiotropy exists in 

17% of trait-associated genes and 5% of trait-

associated single nucleotide polymorphisms 

(SNPs) [102,103]. Evidence shows that a 

combined analysis of two or more pleiotropic 

traits can enhance GWAS detection power. 

Hierarchical clustering and principal 

component analysis (PCA) are two potential 

approaches to search for pleiotropy in 

multiple-trait GWAS [103,104]. 

Recent association studies involving multiple 

traits, so-called phenome-wide association 

studies (PheWAS), have many advantages. 

PheWAS elucidate the complex interrelated 

networks among phenotypes and by 

underpinning their genetic basis spell out the 

underlying pleiotropy [95,96,105,106].  

Two main multi-trait association pleiotropic 

patterns have been reported in GWAS: (i) 

association of more than one phenotype with 

a single SNP within a functional region, e.g, 

a coding region; (ii) different phenotype 

associations with two different SNPs within 

a single functional region [95,100,107]. 

Some studies have demonstrated that 

pleiotropic regions tend to be longer and they 

are within a gene, the pleiotropic regions are 

mostly exonic [95,102]. 

The main aim of this study is to identify 

clusters of phenotypes (response to drugs) 

that share multiple strongest SNP-risk allele 

in common. We employed principal 

component analysis (PCA) and hierarchical 

cluster analysis (HCA) to explore groups of 

drugs that show evidence of a genetic 

relationship between the identified cluster of 

drugs. It is assumed that clustering of the 

SNP-drug matrix will result in clusters of 

drugs with similar genetic associations. The 
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drug association clusters can thus be seen as 

non-overlapping sets of drugs, or overlapping 

sets of SNPs.  

Clustering of phenotype-SNP association is 

generally based on a feature vector of a 

genomics track [39,55,108]. Typically, a 

SNP is treated as a nominal categorical or 

ordinal variable. As both categorical and 

ordinal values can create a monotone 

relationship between SNP association 

statuses, their use in clustering becomes 

inappropriate. Therefore, dummy variable 

coding is often considered. [144]. As 

categorical variable in association studies is 

binary coding strategy has little effect on the 

subsequent analysis, for example clustering 

of original or GWAS summary data. For this 

purpose, GWAS investigators mostly employ 

GWAS profile matrix of SNP-phenotype 

association [39,55,108,109]. 

For conducting efficient hierarchical cluster 

analysis (HCA) and principal component 

analysis (PCA), we define three SNP-drug 

matrices (𝑿, 𝚽 and 𝐎𝐑)  in which each row 

represents a strongly SNP and each column 

represents a phenotype (response to drug) 

and each entry as follows: 

𝑿𝑖𝑗

=  {
1     𝑖𝑓 𝑆𝑁𝑃 𝑖 𝑖𝑠 𝑎𝑠𝑠𝑜𝑐𝑖𝑎𝑡𝑒𝑑 𝑤𝑖𝑡ℎ 𝑝ℎ𝑒𝑛𝑜𝑡𝑦𝑝𝑒 𝑗, 𝑎𝑛𝑑 𝑖 ≠ 𝑗
0    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                               

 

For 𝚽𝑖𝑗 and 𝑶𝑹𝑖𝑗 each entry represents the 

point estimate of the i-th SNP with j-th drug. 

𝚽𝑖𝑗

=  {
𝑆 ∗ 

𝑖𝑗
 𝑖𝑓 𝑆𝑁𝑃 𝑖 𝑖𝑠 𝑎𝑠𝑠𝑜𝑐𝑖𝑎𝑡𝑒𝑑 𝑤𝑖𝑡ℎ 𝑝ℎ𝑒𝑛𝑜𝑡𝑦𝑝𝑒 𝑗, 𝑎𝑛𝑑 𝑖 ≠ 𝑗

0  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                       
 

𝑶𝑹𝑖𝑗

=  {
𝑆 ∗ 𝑂𝑅𝑖𝑗 𝑖𝑓 𝑆𝑁𝑃 𝑖 𝑖𝑠 𝑎𝑠𝑠𝑜𝑐𝑖𝑎𝑡𝑒𝑑 𝑤𝑖𝑡ℎ 𝑝ℎ𝑒𝑛𝑜𝑡𝑦𝑝𝑒 𝑗, 𝑎𝑛𝑑 𝑖 ≠ 𝑗

0  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                            
 

where  𝑆 ∗   𝑎𝑛𝑑 𝑆 ∗ OR are as defined in 

Equation 4. 

The matrix 𝑿, 𝚽 and 𝐎𝐑  were subjected to 

HC and PCA using IBM SPSS Statistics. 

RESULTS 

We performed analysis of GWAS data on 

6762 SNPs strongly associated with response 

to 128 drug based on GWAS summary 

statistics collected from the GWAS Catalog. 

For this purpose drugs versus SNPs data 

matrices were subjected to meta-analysis, 

clustering and PCA as explained in Materials 

ad Methods. Only two measures of effect size 

were used in this study, namely, Odds ratio 

(OR) and Cramér’s. The former was directly 

collected and the latter was estimated from 

the available p-values, confidence interval 

(CI) and sample size from the GWAS 

Catalog.  
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We defined the SNP-sharing strength (SSS) 

in this study and hypothesized that the 

weighting effect size of SNPs with SSS can 

be more efficient for clustering of the drug 

response and identify SNPs sub-sets from a 

set of 6762 SNPs that have similar effects 

over a cluster of drugs. Table 1 shows the 

distribution of SNPs shared by drugs in a set 

of 6762 SNPs strongly associated with 

response to 128 drug. Only 52 (41%) drugs 

shared SNPs. Out of 6762 SNPs, 101 (1%) 

are shared by 3 drugs, 386 (6%) are shared by 

2 drugs while 6275 (93%) are singly 

associated with a drug without any sharing.  

Meta-analysis summary of weighted fixed 

effect size (OR) of 211 strongest SNP-risk 

alleles associated with response to 40 drugs 

(Table 4) shows a strong positive correlation 

between fixed and random weighted effect 

size (p = 4.00 x 10-40). Therefore, most of the 

analysis is focused on weighted fixed effect 

size (OR). 

The results of preliminary HCA and PCA 

analysis showed that the SNP-drug matrices 

using both non-weighted and SSS-weighted 

Log OR and Cramér’s generated 

inconsequential clustering of drugs. Only 

SSS-weighted OR yielded meaningful 

clustering and revealed several SNP-drug 

response connections. Therefore, we focus 

only on the results based on analysis of SSS-

weighted OR matrices. 

Meta-analysis of SSS-weighted OR in the 

5663 × 113 SNP-drug helped in short-

listing 40 drugs sharing 211 SNPs. The 

resulting 211 × 40 SNP-drug was subjected 

to PCA and PCA.  

Three linkage measures were tried in this 

study, viz., between groups linkage, single 

linkage, and complete linkage. All these 

measures returned almost similar clustering 

of the drugs. Between groups linkage 

provided a natural compatibility between 

various linkage approaches and offered a 

more reliable between cluster measures. 

[110]. As there is no built-in method for 

further partitioning dense blobs of clusters in 

SPSS, this was performed by shortening data 

matrix according to the composition of a 

dense cluster for further clustering analysis. 

All resulting sub-clusters were assembled 

together into a single dendrogram (Figure 1), 

keeping the scale of the original cluster. The 

resulting dendrogram is depicted in Figure 1. 

The clusters of drugs in Figure 1 and the 

distribution of shared SNPs in Table 1 are 

further summarized in Table 2 and 

diagrammatically depicted in Figure 3.  

The dendrogram in Figure 1 was cut where 

the difference was most significant and thus 

six clusters of drugs are identified. The first 
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three clusters of drugs are almost equal size 

together comprise 34 drugs (85%) and a 

variable number of sub-clusters. The HCA 

clustering is closely resembles the clustering 

of the drugs plotted against the first three 

principal components (Figure 4). 

The values of fixed effect size resulting from 

the meta-analysis and corresponding number 

of shared SNPs for pairs of drugs are 

presented as heatmap in Figure 2 in which all 

the drugs are arrayed according to the clusters 

in Figure 1. In another heatmap (Figure 5) the 

same array of drug clusters is presented with 

the weighted OR values of all 211 SNPs 

arranged in the ascending order of the data 

file obtained from from GWAS Catalog file 

(gwas_catalog_v1.0.2-

associations_e96_r2019-09-24.tsv). 

The first cluster consists of 11 drugs (28%) 

and 4 distinct sub-clusters of antidepressant, 

antihyperthyroid, antineoplastic and 

antihypertensive drugs. The compactness of 

the linkage in Cluster-1 is also evident in 

Figures 2 summarizing the result of meta-

analysis where the corresponding fixed effect 

size values are along the diagonal. Most of 

the drugs in Cluster-1 also share a larger 

number of SNPs with other drugs as shown 

in Table 2 and Figure 3.  

The composition of Cluster 1 is supported by 

interactions among the clustered drugs 

reported in the literature. For example, 

interactions between antidepressants and 

antihypertensive has been documented [111]. 

Tricyclic antidepressants, antipsychotic 

phenothiazines and some other psychoactive 

drugs can cause iatrogenic effects in thyroid 

[112]. Thyroidectomy in SHR exhibits 

antihypertensive effect and associated 

changes in heart performance [113]. There is 

evidence of interactions between 

idiosyncratic effect of antidepressants (ADs) 

and antineoplastic agents [114]. 

The Cluster-2 is little larger than the Cluster-

1 and 3, and mainly comprises cytotoxic & 

adjuvant medicines linked with a small 

cluster of antibiotic and interferon. The skin 

lesions of cancer patients treated with 

cetuximab, an epidermal growth factor 

receptor (EGFR), have shown type I 

interferon signaling [115]. Close clustering 

of cetuximab and Capox-b in Cluster-2 is 

supported with the reported improved 

activity and tolerability in first-line treatment 

of metastatic colorectal cancer [116]. 

Likewise, close clustering of antibiotic and 

bleomycin and their linkage with the cluster 

of diverse anti-cancer drugs is compatible 

with clinical and pre-clinical demonstration 

of beneficial effect of the adjuvant 

antimicrobial therapy in cancer treatment 

[117]. 
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In the Cluster-3 is a cluster of anticancer 

drugs with the exception of a sub-cluster of 

two thiazide diuretics. This thiazide cluster is 

closely linked with a singular sub-cluster 

comprising topoisomerase inhibitor. Patients 

treated with combination chemotherapy and 

thiazide diuretics against metastatic breast 

cancer have shown an augmentation of 

granulocytopenia as compared with only 

chemotherapy treatment, revealing an 

interaction between the diuretic and the 

cytotoxic agents [118].  

The last three clusters comprising 

antipsychotics, antiviral/antituberculotic and 

antidepressants, respectively, with each 

cluster consisting of two drug, are all isolated 

in the dendrogram (Figure 1). The Cluster-6 

of the two antidepressants, citalopram and 

escitalopram, is one of the most isolated. 

The clustering of drugs in Figure 1 and the 

distribution of shared SNPs in Table 2 are 

further summarized in Table 3a and Table 3b 

with addition of shared SNP composition of 

drug clusters and corresponding mapped 

gene composition, respectively.  

Tables 3a shows that Cluster 1 &2 do not 

share their within cluster shared SNPs 

(WCSS). However, Cluster 1 &2 strongly 

share the WCSSs with those of Cluster 3. 

However, only Sub-cluster 1c of the 

Cytotoxic and adjuvant medicines, shares 13 

WCSS with Cluster 3. The scenario of within 

cluster shared mapped genes (WCSG) is 

different (Table 3b) where Sub-cluster 1c 

shares 9 WCSGs with Cluster 3. In Cluster 2 

only Sub-cluster 2d shares all its 42 WCSSs 

with Cluster 3. 

Therefore, Cluster 3, comprising mostly 

cytotoxic and adjuvant medicines is not only 

a visible connecting link between Clusters 1 

& 2 (Figures 1 & 4), but also due to sharing 

of the most of its WCSSs with Clusters 1 & 2 

the exception of those in Sub-cluster 3b 

consisting of thiazide diuretics. The Cluster 3 

also has large inter sub-cluster sharing of 

WCSSs and WCSG not found in other 

clusters (Table 3a&b). The diversity of SNPs 

sharing in Cluster 3 is also evident in Figure 

3. 
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Table 1. Distribution of SNPs shared by drugs in a set of 6762 SNPs strongly associated with response to 

128 drug as reported in GWAS catalog [11] 
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Table 2. Distribution of SNPs shared by drugs in a set of 8762 SNPs strongly associated with response to 

40 drugs arrayed according to the clustering in Figure 1 

 

 

Table 3a. Shared SNP composition of the clusters and sub-clusters of 40 drugs according to the clustering 

in Figure 1. Inter cluster sharing of SNPs is shown in red and blue, intra-cluster sharing is shown in green 
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Table 3b. Mapped gene composition of the clusters and sub-clusters of 40 drugs according to the 

clustering in Figure 1. Inter cluster sharing of mapped genes is shown in red and blue, intra-cluster 

sharing is shown in green 
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Table 4. Meta-analysis summary of weighted fixed effect size (OR) of 211 strongest SNP-risk alleles 

associated with response to 40 drugs. The drugs are arrayed according to the clustering in Figure 1. 

Where K is the number of studies representing a strongly associated SNP; Q is statistics for heterogeneity 

measure among studies; I2 is statistics to quantify heterogeneity (% of the total variability in the set of 

effect sizes due to true heterogeneity); ES is effect size (weighted OR); SE is standard error; and .CI is 

confidence interval 

 

 

 

In Table 2 and Figure 3, out of the SNPs 

individually shared by drugs, a positive 

correlation (p=0.0533) can be seen between 

the number of SNPs that are not shared by 

drugs and those shared between two drugs. It 

can be inferred from this trend that more a 

drug has strongly associated SNPs the more 

likely it shares SNPs with one more drug and 

less so with any additional drug. This 

correlation is more significant pronounced in 

drugs of Cluster-1 (p=0.0002) as compared 

with Cluster 2 (p=0.0444) and Cluster-3, 

being the least in Cluster-3 (p=0.0798). 
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A significant positive correlation was found 

between the weighted fixed effect size vector 

of the 40 drugs with the corresponding 

vectors of first two principal components, 

with p = 0.0009 and p = 0.0113, respectively, 

but insignificant correlation with that of 3rd 

component (Table 4, Figure 4). The weighted 

random effect size vector had no significant 

correlation any of the principal components. 

This finding supports our assumption to treat 

SNPs included in this study as a random 

sample from a single population of SNPs 

strongly associated with the studied drugs. 

The presence of strong correlation between 

the weighted fixed effect size and the 

principal components provides a possibility 

of using principal component regression for 

predicting the effect size of association of a 

drug response with SNPs [127]. 
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Figure 1. Dendrogram showing between cluster grouping of 40 drugs on the basis of weighted fixed 

effect size (OR)  of 211 associated strongest SNP-risk alleles. 
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Figure 2. Heatmap showing weighted fixed effect size (OR) meta-analyzed on the basis of 211 associated 

strongest SNP-risk alleles between 40 drugs (values below the diagonal). values above the diagonal 

indicate number of  shared SNPs between the drugs. The darker colors representing higher values. 
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Figure 3. Distribution of SNPs shared by drugs in a set of 211 SNPs strongly associated with response to 

40 drugs arrayed according to the clustering in Figure 1. a positive correlation (p=0.0533) can be seen 

between the number of SNPs not shared by drugs and those shared between two drugs. It can be inferred 

from this trend that more a drug has strongly associated SNPs the more likely it shares SNPs with one 

more drug and less so with any additional drug. This correlation is more significant pronounced in drugs 

of Cluster-1 (p=0.0002) as compared with Cluster 2 (p=0.0444) and Cluster-3, where it is the least 

(p=0.0798). 
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Figure 4. Clustering of the drugs plotted against the first three principal components obtained by PCA of 

40 drugs on the basis of weighted fixed effect size (OR) of 211 associated strongest SNP-risk. Correlation 

between the weighted fixed effect size vector of the 40 drugs (from Table 4) with the corresponding 

vectors of first two principal components is shown at bottom right.

 

 

Figure 5. Heatmap showing weighted effect size (OR) of 211 associated strongest SNP-risk alleles 

between 40 drugs. The SNPs are arrayed in the ascending order of the data file obtained from GWAS 

Catalog file (gwas_catalog_v1.0.2-associations_e96_r2019-09-24.tsv) [11]. 
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DISCUSSION 

The methods used in this study were 

helpful for exploring workable clusters of 

related drugs on the basis of the effect size 

of the shared associated SNPs when 

weighted with SNP-sharing strength (SSS), 

a weighting factor defined for this study. 

Simple GWAS profile matrices 

representing SNP-phenotype associations 

provided a rather pointless clustering of the 

presently studied drugs. The reason could 

be mere binary representation of the 

association that lowers the degree of 

variation use for evaluation of similarity 

between phenotype. Effect size in GWAS 

summary statistics has been used mostly by 

investigators for is for testing power of 

association and clustering of SNPs rather 

than phenotypes [80]. The use of 

standardized mean differences by many 

researchers for meta-analysis on 

dichotomous data was proven incorrect. 

While odds ratio (OR) and Log OR always 

provided better results for computing effect 

size [68]. The findings in this study show 

that even the effect size based on OR 

should be weighted appropriately, 

depending on the nature of assumption 

made for conducting phenotype clustering 

based on GWAS summary. 

Clustering of GWAS results have been 

used to discover phenotypic patterns of 

cells and tissues, including sensitivity to 

drugs, as well as to detect artifacts of 

experimental conditions [119-121]. PCA-

based multiple-trait GWAS prove robust 

method for explaining heritability 

[122,126-129]. As compared with 

multivariate model, PCA takes much less 

time and has been widely used in 

pleiotropic mapping [122]. However, one 

of the limitations of PCA-based GWAS is 

that it can only be applied when the data on 

all traits and the variants in the sample are 

available. Fortunately, this limitation has 

not been faced in this study. 

Exploring a meaningful pattern of genome-

wide correlations would require 

identification of SNPs subsets shaping 

genetic architecture differentially and 

giving insight into the etiological 

mechanism underlying the phenotype 

(disease, response to a drug, etc.) that 

cannot be detected by standard GWAS 

[123]. Numerous tools are available to 

conduct CPA analyses with varying plusses 

and limitations [107,123]. Most of the 

multi-variant methods are employed to 

analyze GWAS summary data available in 

public domain [29,33], as we did in this 

study.  
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Some studies have reported larger effect 

sizes for pharmacogenomic phenotypes due 

to genetic variants as compared with other 

phenotypes, such as complex disease and 

traits [124,125]. Other studies suggested 

that effect size difference were not 

influenced by the over-estimated effect size 

due to smaller sample sizes in 

pharmacogenomic studies [124]. The use of 

standardized mean differences by many 

researchers for meta-analysis on 

dichotomous data was proven incorrect. 

While odds ratio (OR) and Log OR always 

provided better results for computing effect 

size [68]. However, simple GWAS profile 

matrices representing SNP-phenotype 

associations produce a rather pointless 

clustering of phenotype. The main reason is 

the binary representation of the association 

that lowers the degree of variation needed 

for evaluation of similarity between 

phenotype. Since the collected genetic 

variants come from a large number of 

GWAS with different sample sizes, meta-

analysis of all individual studies is usually 

undertaken for determination of combined 

effect size using normalization of sample 

sizes and appropriate weights, often 

employing specific analysis tool sets 

[36,40,52,68,71]. The methods used in this 

study helped exploring workable clusters of 

related drugs on the basis of the effect size 

of the shared associated SNPs when 

weighted with SNP-sharing strength (SSS), 

a factor defined for this study. 

Effect size in GWAS summary statistics 

has been used mostly by investigators for is 

for testing power of association and 

clustering of SNPs rather than phenotypes 

[80]. Meta-analysis of th,e weighted OR of 

all shared SNPs for each pair of drugs and 

their use for clustering the phenotype 

(response to drug) not only provides a 

meaningful phenotypic pattern of drugs but 

also provided knowledge about the inter- 

and intra-cluster distribution associated 

SNPs. The methods used in this study 

helped exploring workable clusters of 

related drugs on the basis of the effect size 

of the shared associated SNPs when 

weighted with SNP-sharing strength (SSS), 

a factor defined for this study.  

The phenotypic pattern of drugs and 

associated SNPs revealed by the methods 

used in this study are expected to help in 

future for understanding aetiological basis 

of different drugs by highlighting relevant 

biological pathways.  

CONCLUSION 

The findings in this study show that the 

effect size should be weighted 

appropriately, depending on the nature of 
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assumption made for conducting phenotype 

clustering based on GWAS summary. Thus 

methods used in this study are helpful for 

exploring workable clusters of related 

drugs on the basis of the effect size of the 

shared associated SNPs when weighted 

with SNP-sharing strength.  

In sets of SNPs individually shared by 

drugs, a trend based on positive correlation 

between the number of SNPs that are not 

shared by drugs and those shared between 

two drugs, suggest that more a drug has 

strongly associated SNPs the more likely it 

shares SNPs with one more drug, but less 

so with any additional drug. The presence 

of strong correlation between the weighted 

fixed effect size and the principal 

components provides a possibility of using 

principal component regression for 

predicting the effect size of association of a 

drug response with SNPs. 

Overall, the phenotypic pattern of drugs 

and associated SNPs revealed by this study 

are expected to help in future for 

understanding aetiological basis of 

different drugs by highlighting relevant 

biological pathways.  
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