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君子曰：学不可以已。青，取之于蓝，而青于蓝；冰，水为之，而寒于水。木直中绳，

𫐓以为轮，其曲中规。虽有槁暴，不复挺者，輮使之然也。故木受绳则直，金就砺则

利，君子博学而日参省乎己，则知明而行无过矣。 

积土成山，风雨兴焉；积水成渊，蛟龙生焉；积善成德，而神明自得，圣心备焉。故

不积跬步，无以至千里；不积小流，无以成江海。骐骥一跃，不能十步；驽马十驾，

功在不舍。锲而舍之，朽木不折；锲而不舍，金石可镂。蚓无爪牙之利，筋骨之强，

上食埃土，下饮黄泉，用心一也。蟹六跪而二螯，非蛇鳝之穴无可寄托者，用心躁也。

是故无冥冥之志者，无昭昭之明；无惛惛之事者，无赫赫之功。 

——《荀子·劝学》 

Man said: learning cannot be stopped. Indigo is extracted from bluegrass, but is darker than 

bluegrass; ice, which is condensed by water, is colder than water. The wood is straight as a 

straight line; and by making it into a wheel by craft, the wood is bent to the standard of a circle. 

Even if it dries out again from the wind and sun, the wood won’t straighten up again because 

it has been processed to make it so. So wood becomes straight when it is worked; a sword 

becomes sharp when it is sharpened on a sharpening stone; a man studies broadly and 

examines himself daily, then he becomes wise and acts without fault. 

The accumulation of earth and stones becomes a high mountain from which the wind and rain 

rise; the accumulation of water becomes an abyss from which the dragon arises; the 

accumulation of good deeds becomes a noble morality, the spirit is raised, and the state of 

mind of a saint is thus created.  So there is no way to reach a thousand miles without 

accumulating a step and a half; there is no way to converge into a river and a sea without 

accumulating a small stream. A stallion takes a leap could only reach less than ten paces. A 

bad horse walks for ten days, and its success lies in not stopping. If the carving stopped with a 

few strokes, the rotting wood would be hard to break. If one keeps on carving, then the gold 

stone can also be carved successfully. The earthworm has no sharp claws or teeth and strong 

sinews, but it can eat upward to the soil and drink downward to the underground spring, due 

to its single-mindedness.  The crab has six legs and two crab claws, but without burrows by the 

snake and eels, it has nowhere to hide, and this is because it is fickle. Therefore, without the 

will to study diligently, there will be no remarkable achievements in learning; without the 

practice of hard work, there will be no great achievements in career. 

——Xunzi, Exhortation to Learning 



 

 

ABSTRACT 
Inter-individual variability in drug response is commonly observed in pharmacological 

treatment, resulting in 40-70% of patients suffering from low drug efficacy or adverse drug 

reactions. These negative therapeutic effects significantly contribute to patient morbidity and 

mortality and constitute an important reason of post-market drug withdrawal. It is estimated 

that 20-30% of such variability can be explained by genetic factors, i.e., genetic variations in 

genes that involved in pharmacokinetics, pharmacodynamics and immune-related idiosyncratic 

drug response. 

In this thesis, frequencies of common alleles in clinically important pharmacogenes were 

analyzed based on Next Generation Sequencing (NGS) data from major human populations. 

Specifically, frequencies of 176 star alleles in 12 clinically relevant CYP genes across 

European, African, East Asian, South Asian and Latino populations were evaluated and 

translated into population-specific functional variability data (Paper I). This variability 

specifically in the genetically isolated Ashkenazi Jewish population was further studied using 

an extended pharmacogene list and the unique pharmacogenetic profile of Ashkenazi Jews 

compared to the European population was revealed (Paper II). In addition, frequencies of four 

common HLA risk alleles (HLA-B*57:01, HLA-B*15:02, HLA-A*31:01 and HLA-B*58:01) 

that are strongly associated with drug hypersensitivity reactions were analyzed in up to 74 

countries. Based on frequency data, a global cost-effectiveness model was established to 

inform conditionally cost-effectiveness of preemptive HLA risk allele genotyping in all studied 

countries (Paper III). 

Next, my projects focused on identifying and functional characterizing rare variants in 

pharmacogenes using NGS data. Specifically, I and my colleagues established a computational 

prediction framework by first, optimizing classification thresholds of 18 current prediction 

algorithms using 337 experimentally characterized variants across 44 pharmacogenes, and 

second, obtaining the combination of optimized algorithms that generates result with highest 

prediction performance. The resulted optimized framework can quantitatively predict 

functional effect of pharmacogenetic variants, particularly the rare ones, with predictive power 

outperformed all other algorithms (Paper IV). This optimized prediction framework was 

further employed to evaluate variants in two extremely conserved pharmacogenes DPYD and 

TPMT. While the predictive accuracy being demonstrated using a benchmark dataset 

containing 70 in vivo characterized DPYD and TPMT variants, this framework was used to 

analyze genetic encoded functional complexity of the two genes as well as profile population-

scale phenotype frequencies using NGS data (Paper V). In addition, this framework was 



 

 

applied to interrogating functionality of variants in a whole set of pharmacogenes (n=208). This 

study demonstrated that rare variants significantly contribute to pharmacogenomic variability 

in more than half of studied pharmacogenes and are important in predicting abnormal drug 

response (Paper VI). Finally, genetic variability of drug targets targeted by all FDA-approved 

drugs were studied. Particularly, it was revealed that one in six individuals carries at least one 

missense variant locating in drug-target binding sites and demonstrated that such variants are 

functionally important and can modulate pharmacological response and guide development of 

new candidate drugs (Paper VII). 

Overall, the findings in this thesis provide a valuable resource for population pharmacogenetic 

variability and can guide the optimization of population-specific sequencing strategies. 

Furthermore, I and my colleagues developed a computational tool to interpret the functional 

impact of pharmacogenetic variability and demonstrated that rare variants in pharmacokinetic 

and pharmacodynamic genes significantly contribute to variability in drug response. 

Combined, these findings underscore the importance of incorporating NGS-based 

pharmacogenomic interpretation into clinical decision making to refine personalized medicine. 

  



 

 

LIST OF SCIENTIFIC PAPERS 
Papers/manuscripts included in the thesis frame: 

I. Zhou Y, Ingelman-Sundberg M, Lauschke VM. Worldwide Distribution of Cytochrome 
P450 Alleles: A Meta-analysis of Population-scale Sequencing Projects. Clin 
Pharmacol Ther. 2017 Oct;102(4):688-700. 

II. Zhou Y, Lauschke VM. Comprehensive overview of the pharmacogenetic diversity in 
Ashkenazi Jews. J Med Genet. 2018 Sep;55(9):617-627. 

III. Zhou Y, Krebs K, Milani L, Lauschke VM. Global Frequencies of Clinically Important 
HLA Alleles and Their Implications For the Cost-Effectiveness of Preemptive 
Pharmacogenetic Testing. Clin Pharmacol Ther. 2021 Jan;109(1):160-174. 

IV. Zhou Y, Mkrtchian S, Kumondai M, Hiratsuka M, Lauschke VM. An optimized 
prediction framework to assess the functional impact of pharmacogenetic variants. 
Pharmacogenomics J. 2019 Apr;19(2):115-126. 

V. Zhou Y, Dagli Hernandez C, Lauschke VM. Population-scale predictions of DPD and 
TPMT phenotypes using a quantitative pharmacogene-specific ensemble classifier. Br J 
Cancer. 2020 Dec;123(12):1782-1789. 

VI. Ingelman-Sundberg M, Mkrtchian S, Zhou Y, Lauschke VM. Integrating rare genetic 
variants into pharmacogenetic drug response predictions. Hum Genomics. 2018 May 
25;12(1):26. 

VII. Zhou Y, Arribas GH, Turku A, Jürgenson T, Mkrtchian S, Krebs K, Wang Y, 
Svobodova B, Milani L, Schulte G, Korabecny J, Gastaldello S, Lauschke VM. Sci Adv. 
2021 Sep; 7(36): abi6856 

 

Papers/manuscripts not included in the thesis frame (in chronological order): 

I. Dagli-Hernandez C, Zhou Y, Lauschke VM, Genvigir FDV, Hirata TDC, Hirata MH, 
Hirata RDC. Pharmacogenomics of statins: lipid response and other outcomes in 
Brazilian cohorts. Pharmacol Rep. 2021 Aug 17. 

II. Hirata TDC, Dagli-Hernandez C, Genvigir FDV, Lauschke VM, Zhou Y, Hirata MH, 
Hirata RDC. Cardiovascular Pharmacogenomics: An Update on Clinical Studies of 
Antithrombotic Drugs in Brazilian Patients. Mol Diagn Ther. 2021 Aug 6. 

III. Zhou Y, Lauschke VM. Computational Tools to Assess the Functional Consequences 
of Rare and Noncoding Pharmacogenetic Variability. Clin Pharmacol Ther. 2021 
Sep;110(3):626-636. 

IV. Russell LE, Zhou Y, Almousa AA, Sodhi JK, Nwabufo CK, Lauschke VM. 
Pharmacogenomics in the era of next generation sequencing - from byte to bedside. 
Drug Metab Rev. 2021 May;53(2):253-278. 

V. Hiratsuka M, Zhou Y, Lauschke VM. Editorial: Population Pharmacogenomics (PGx): 
From Variant Identification to Clinical Implementation. Front Genet. 2021 Aug 
5;12:736626. 

VI. Xiao Q, Zhou Y, Lauschke VM. Impact of variants in ATP-binding cassette transporters 
on breast cancer treatment. Pharmacogenomics. 2020 Dec;21(18):1299-1310. 

VII. Xiao Q, Zhou Y, Winter S, Büttner F, Schaeffeler E, Schwab M, Lauschke VM. 
Germline variant burden in multidrug resistance transporters is a therapy-specific 
predictor of survival in breast cancer patients. Int J Cancer. 2020 May 1;146(9):2475-
2487. 

VIII. Russell LE, Zhou Y, Lauschke VM, Kim RB. In Vitro Functional Characterization and 
in Silico Prediction of Rare Genetic Variation in the Bile Acid and Drug Transporter, 



 

 

Na+-Taurocholate Cotransporting Polypeptide (NTCP, SLC10A1). Mol Pharm. 2020 
Apr 6;17(4):1170-1181. 

IX. Xiao Q, Zhou Y, Lauschke VM. Ethnogeographic and inter-individual variability of 
human ABC transporters. Hum Genet. 2020 May;139(5):623-646. 

X. Zhou Y, Lauschke VM. Pharmacogenomic network analysis of the gene-drug 
interaction landscape underlying drug disposition. Comput Struct Biotechnol J. 2019 
Dec 5;18:52-58. 

XI. Lauschke VM, Nordling Å, Zhou Y, Fontalva S, Barragan I, Ingelman-Sundberg M. 
CYP3A5 is unlikely to mediate anticancer drug resistance in hepatocellular carcinoma. 
Pharmacogenomics. 2019 Oct;20(15):1085-1092. 

XII. Zhou Y, Shen JX, Lauschke VM. Comprehensive Evaluation of Organotypic and 
Microphysiological Liver Models for Prediction of Drug-Induced Liver Injury. Front 
Pharmacol. 2019 Sep 24;10:1093. 

XIII. Lauschke VM, Zhou Y, Ingelman-Sundberg M. Novel genetic and epigenetic factors of 
importance for inter-individual differences in drug disposition, response and toxicity. 
Pharmacol Ther. 2019 May;197:122-152. 

XIV. Zhou Y, Fujikura K, Mkrtchian S, Lauschke VM. Computational Methods for the 
Pharmacogenetic Interpretation of Next Generation Sequencing Data. Front Pharmacol. 
2018 Dec 4;9:1437. 

XV. Zhou Y, Mägi R, Milani L, Lauschke VM. Global genetic diversity of human 
apolipoproteins and effects on cardiovascular disease risk. J Lipid Res. 2018 
Oct;59(10):1987-2000. 

XVI. Vorrink SU, Zhou Y, Ingelman-Sundberg M, Lauschke VM. Prediction of Drug-
Induced Hepatotoxicity Using Long-Term Stable Primary Hepatic 3D Spheroid 
Cultures in Chemically Defined Conditions. Toxicol Sci. 2018 Jun 1;163(2):655-665. 





 

 

TABLE OF CONTENTS 
1 INTRODUCTION ......................................................................................................... 5 

1.1 The history of pharmacogenetics ......................................................................... 5 

1.2 The importance of pharmacogenetics .................................................................. 7 

1.3 Rich data and resources for pharmacogenetic studies ......................................... 8 

1.3.1 Advanced sequencing technologies ......................................................... 8 

1.3.2 Landscape of human genetic variations ................................................ 10 

1.3.3 Pharmacogenomic data resources .......................................................... 11 

1.4 Extensive variability of pharmacokinetic genes ................................................ 13 

1.5 Genetic polymorphism in pharmacodynamic genes ......................................... 14 

1.6 Clinical importance of HLA variants ................................................................. 15 

1.7 Population diversity of pharmacogenes ............................................................. 16 

1.8 The importance of rare pharmacogenetic variations ......................................... 17 

1.9 Functional interpretation of pharmacogenetic variations .................................. 18 

1.9.1 Functional interpretation of PK variants ............................................... 18 

1.9.2 Functional interpretation of PD variants ............................................... 21 

1.10 Implementing pharmacogenomics for personalized medicine .......................... 21 

1.10.1 Current barriers for implementing pharmacogenomics in clinical 

settings .................................................................................................... 22 

1.10.2 Projects facilitating the implementation of genome-guide clinical 

decision making ..................................................................................... 25 

2 AIMS OF THIS THESIS ............................................................................................. 26 
3 MAIN METHODS ...................................................................................................... 27 

3.1 Data sources ....................................................................................................... 27 

3.2 Variant effect predictions ................................................................................... 27 

3.3 Cost-effective analysis ....................................................................................... 27 

4 RESULTS .................................................................................................................... 29 
4.1 Population PGx .................................................................................................. 29 

4.1.1 Paper I .................................................................................................... 29 

4.1.2 Paper II ................................................................................................... 30 

4.1.3 Paper III .................................................................................................. 31 

4.2 Personalized PGx ............................................................................................... 33 

4.2.1 Paper IV ................................................................................................. 33 

4.2.2 Paper V ................................................................................................... 34 

4.2.3 Paper VI ................................................................................................. 35 

4.2.4 Paper VII ................................................................................................ 36 



 

 

5 DISCUSSION .............................................................................................................. 39 
6 CONCLUSIONS ......................................................................................................... 42 
7 FUTURE PERSPECTIVES ........................................................................................ 43 

7.1 Population pharmacogenomics .......................................................................... 43 

7.2 Optimized and harmonized guidelines and drug labels .................................... 43 

7.3 Advanced computational prediction methods ................................................... 44 

7.4 Embracing the entire pharmacogenomic complexity ........................................ 44 

7.5 Commercial value .............................................................................................. 45 

8 ACKNOWLEDGEMENTS ........................................................................................ 47 
9 REFERENCES ............................................................................................................ 49 
 

  



 

 

LIST OF ABBREVIATIONS 
ABC-HSS Abacavir Hypersensitivity Syndrome 

AD Alzheimer's Disease 

ADME 

ADR 

Absorption, Distribution, Metabolism, and Excretion 

Adverse Drug Reaction 

AUC Area Under the Curve 

CDS Clinical Decision Supprot 

CEA Cost-Effectiveness Analysis 

CPIC The Clinical Pharmacogenetics Implementation Consortium 

CPNDS Canadian Pharmacogenomics Network for Drug Safety 

CYP Cytochrome P450 

DHR Drug Hypersensitivity Reaction 

DILI Drug-Induced Liver Injury 

DPWG The Dutch Pharmacogenetics Working Group 

DRESS Drug Reaction with Eosinophilia and Systemic Symptom 

DTC Direct-to-customer 

EHR Electronic Health Record 

EMA European Medicines Agency 

FDA U.S. Food and Drug Administration 

GoF Gain-of-Function 

GPCR G-protein-coupled receptor 

HCSC Health Canada (Santé Canada) 

HLA Human Leukocyte Antigen 

ICER Incremental Cost-Effectiveness Ratio 

LoF Loss-of-Function 

MAF Minor Allele Frequency 

MHC Major Histocompatibility Complex 



 

 

NGS Next-Generation Sequencing 

PD Pharmacodynamic 

PDMA Pharmaceuticals and Medical Devices Agency, Japan 

PGx Pharmacogenomics 

PheWAS Phenome-Wide Association Study 

PK Pharmacokinetic 

PMDA Pharmaceuticals and Medical Devices Agency 

QALY Quality-Adjusted Life Year 

ROC Receiver Operating Characteristic 

SJS Stevens-Johnson Syndrome 

SNP Single Nucleotide Polymorphism 

SNV Single Nucleotide Variation 

TEN Toxic Epidermal Necrolysis 

WES Whole Exome Sequencing 



 

 5 

1 INTRODUCTION 
1.1 THE HISTORY OF PHARMACOGENETICS 

Although pharmacogenetics, the subject studying the link between genetic variability and drug 

response, is fairly new to the pharmacology field, the discovery of pharmacogenetic 

phenomena was already initiated around 510 B.C. when people from Mediterranean countries 

recognized that eating fava beans can trigger acute hemolytic anemia in some individuals 1. A 

big progress was made at the beginning of the last century, when the concept of “inborn errors 

of metabolism” was proposed by the English physician Archibald Garrod. He suggested that it 

is the “inborn” enzymatic defects that result in the accumulation of endogenous and exogenous 

compounds, including medications 2. Almost 50 years later, the term “Pharmacogenetics” was 

coined by Vogel 3 and in 1962 the first monograph “Pharmacogenetics — Heredity and the 

Response to Drugs” was published. With the effort of many pharmacogeneticists, specific 

polymorphisms in multiple drug-metabolizing enzymes, including CYP2D6 and CYP2C19, 

were identified and characterized based on forward genetics during the late 1990s. Moving 

forward to the new millennium, the most important pharmacogenetic landmark is the 

completion of Human Genome Project in 2003. Thereafter, all pharmacogenetic studies benefit 

from hundreds and thousands of genetic variants identified later from the sequenced human 

genomes. Recently, the establishment of pharmacogenetic expert working groups (such as 

DPWG and CPIC) further facilitates the implementation of pharmacogenetics for patient care. 

The important landmarks in the history of pharmacogenetics were overviewed in Table 1. 

In recent years, another term “Pharmacogenomics” was introduced in addition to 

“Pharmacogenetics” (PGx). With the suffix “omics”, it refers to pharmacogenetic studies that 

identify abnormal drug response resulting from variations in the entire human genome. 

Although “Pharmacogenomics” appeared in the literature 39 years later (year 1998) than 

“Pharmacogenetics”, in the last five years the number of publications on pharmacogenomics 

increased sharply 4 and already surpasses the number on pharmacogenetics. From 

pharmacogenetics to pharmacogenomics, this subject is rapidly moving forward and playing 

more important roles in guiding pharmacological treatment than any time in history. 
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Table 1. An overview of the history of pharmacogenetics 

Year Landmarks 

510 
B.C. 

The heredity of fava bean toxicity was recognized possibly by Pythagoras. 

1866 Gregor Mendel established rules of heredity. 

1875 Francis Galton described the concept of comparing pairs of monozygotic and dizygotic twins to 
distinguish genetic and environmental factors. 

1900-
1913 

William Bateson popularized Mendelian inheritance, discovered linkage and introduced the term 
“genetics”. 

1902-
1909 

Archibald Garrod developed the concept of chemical individuality and published “Inborn Errors of 
Metabolism”. 

1932 Snyder established the monogenic inheritance of taste blindness for phenylthiocarbamide and 
documents “racial” differences in its incidence 

1953-
1954 

Slow and rapid acetylation of isoniazid were described. 

1956 Association of primaquine-induced hemolysis with glucose-6-phosphate-dehydrogenase (G6PD) 
deficiency in erythrocytes was identified. 

1957 Kalow et al. characterized serum-cholinesterase deficiency in a subject with succinylcholine apnea. 

Motulsky conceptualized that inheritance might explain many individual differences in the efficacy 
and toxicity of drugs. 

1959 Vogel coined the term “pharmacogenetics”. 

1960 Evans established the genetic control of isoniazid acetylation. 

1962 Kalow published the first monograph on pharmacogenetics “Pharmacogenetics — Heredity and the 
Response to Drugs” 

1967-
1973 

Sjöqvist and his co-workers established that the metabolism of tricyclic antidepressants is under 
genetic control. 

1975-
1979 

Smith (London) and Eichelbaum (Bonn) and their co-workers independently discovered the 
debrisoquine/sparteine polymorphism of drug oxidation. 

1980 The genetic polymorphism of thiopurine-methyltransferase (TPMT) was discovered. 

1984 The polymorphism of mephenytoin hydroxylation was described. 

1985 PCR allows genetic sequences to be amplified exponentially. 

1987 First nomenclature of the cytochrome P450 (CYP) supergene family. 

1988-
1990 

CYP2D6 was cloned and the genetic defect of the debrisoquine/sparteine polymorphism was 
characterized. 

1990 The first allele-specific pharmacogenetic gene test for CYP2D6 was published. 

1991 The first issue of the journal Pharmacogenetics was published. 

N-acetyltransferase-1/2 (NAT1/2) were purified and the respective genes as well as the mutations 
of NAT2 that cause the acetylation polymorphism were cloned. 

1993 Stable gene amplifications of CYP2D6 can cause the ultrarapid-metabolizer phenotype was 
discovered. 

1994 Cloning and characterization of CYP2C19, which causes the mephenytoin polymorphism, were 
performed. 

1995 A committee offered a nomenclature for NAT alleles. 

The first mutation of the TPMT gene was published, from which a DNA test is derived. 

1997 The term pharmacogenomics first appeared in the literature. 

1999 the Human Cytochrome P450 Allele Nomenclature (CYP-allele) website was launched by a 
nomenclature committee led by Ingelman-Sundberg from Karolinska Institutet. 
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Table 1. Continued 

Year Landmarks 

2000 The first comprehensive pharmacogenetic knowledge base, the “PharmGKB” web site, was constructed 
on the basis of the National Institutes of Health Pharmacogenetics Research Network. 

2001 A draft of the human genome sequence was published. 

2003 The human genome sequence was almost completed. The “HapMap” project was initiated for building 
a map of haplotype blocks. 

2005 The Dutch Pharmacogenetics Working Group (DPWG) was established to develop pharmacogenetics-
based therapeutic (dose) recommendations. 

2009 The Clinical Pharmacogenetics Implementation Consortium (CPIC), an international consortium 
facilitating use of pharmacogenetic tests for patient care, was initiated. 

2018 The Pharmacogene Variation (PharmVar) Consortium was established by incorporating previous 
nomenclature website, PharmGKB and CPIC. 

2019 The first computational tool “ADME prediction framework” was established to predict functionality of 
pharmacogenetic variants. 

Table updated from 4 

1.2 THE IMPORTANCE OF PHARMACOGENETICS 

It is estimated that 40-70% of patients suffer from low drug efficacy or ADRs 5,6. Differential 

drug efficacies have been reported with significant effects on treating multiple diseases such as 

psychiatric and cardiovascular disorders 7-9, and ADRs cause 6.5% of all hospital admissions 
10 and are major source of patient morbidity and mortality. In the US, ADRs increase 8.25% 

and 19.2% of hospital stay length and death rate, respectively, and severe ADRs are estimated 

to be the 4th-6th leading cause of death in the whole country 11,12. Apart from the societal burden, 

reports have shown that 90% of candidate drugs that enter phase I trials are destined to fail, in 

which 76% are due to lack of efficacy and safety reasons 13,14. Additionally, from 2001 to 2010, 

post-market safety events including drug withdrawals, boxed warnings and safety 

communications affect 32% of the novel therapeutics approved by FDA 15. Thus, low drug 

efficacy and toxicity become major cost drivers in drug development and pose big financial 

challenges for pharmaceutical industry when considering the tremendous preapproval cost for 

each candidate drug to be more than $2.1 billion 16. 

Importantly, for all the negative effects that are caused by low drug efficacy and ADRs, 

approximately 20-30% of them can be explained by genetic factors, i.e., variations in drug-

related genes 17. These genetic variations have been discovered with significant clinical 

relevance and using them as PGx biomarkers in drug labeling has been implemented by 

national and international regulatory authorities, such as FDA in U.S., PMDA in Japan and 

EMA in Europe 18. Where applicable, these labels recommend genotyping specific genes or 

variants to guide selection of drugs in compliance with the indication, dose selection and predict 

adverse outcomes. In addition, expert pharmacogenetic working groups, such as CPIC and 



 

 8 

DPWG, provide pharmacogenomic guidelines to further facilitate use of pharmacogenetic tests 

for patient care 19. Based on these labels and guidelines, 18% of outpatient prescriptions (n = 4 

billion) in the US can be affected by actionable PGx 20 and 99.5% of individuals can benefit 

from PGx-based dose adjustment of at least one drug 21. These findings indicate the large 

potential of pharmacogenomic field and underline the importance of studying genetic variants 

in clinical drug usage. 

While the clinical importance of PGx has been well-demonstrated, their usage in 

pharmacological treatment is currently limited due to issues in PGx biomarker identification 

and barriers during biomarker implementation process. In the identification phase, a valuable 

PGx biomarker should have significant phenotypic associations that can be validated in 

multiple independent study cohorts, preferably supported by orthogonal mechanistic data 22. 

However, in the current literature, a large fraction of reported PGx biomarkers are only 

supported by poor evidence and have not been replicated. Such information dilutes the true 

value of PGx biomarkers and can give the impression that PGx biomarkers are generally of 

little use. In addition, the functional impact of rare variants and variant interactions are unable 

to be quantified using conventional statistical methods and thus remain understudied. In the 

implementation phase, preemptive genotyping of some well-characterized PGx biomarkers, 

such as HLA-A*31:01, HLA-B*58:01, NUDT15 p.R139C, is not yet a routine in clinics. 

Multiple implementation barriers were proposed that involve many stakeholders and the details 

were discussed in Section 1.10. 

1.3 RICH DATA AND RESOURCES FOR PHARMACOGENETIC STUDIES 

In recent years, sequencing technologies have evolved rapidly, allowing for fast and 

inexpensive sequencing of genes and genomes. This facilitates the establishment of 

pharmacogenomic databases and enabled the initiation of multiple national and international 

pharmacogenomic projects. 

1.3.1 Advanced sequencing technologies 

In 1977, Frederick Sanger and colleagues developed the “Sanger sequencing” method, in which 

chain-terminating nucleotides di-deoxynucleotide triphosphates were used to distinguish four 

different nucleotides in a single-stranded DNA template 23. This method can read DNA length 

from approximately 400 to 1200 base pairs (bp) with high accuracy and can be easily performed 

in a common genetic laboratory. Although it is low-throughput and time-consuming, it has 

been widely used for more than 40 years and is still commonly used in small-scale projects or 

to validate results from more advanced sequencing technologies. 
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In comparison to the Sanger sequencing as the first-generation sequencing, the Next-

Generation Sequencing (NGS) refers to large-scale sequencing technologies allowing 

sequencing of the entire genome. The most commonly used and commercially available NGS 

is massive parallel sequencing, also called “the second-generation sequencing”. Massive 

parallel sequencing method sequences short read length (50-600bp) in a single-end or paired-

end reading mode. The short reads are then assembled by aligning the read ends to generate 

longer DNA contigs. Because massive parallel sequencing is a high-throughput method 

allowing cost-effective sequencing of large number of samples, it has been incorporated into 

commercially available NGS platforms and made compatible with many downstream analysis 

tools. However, due to the nature of massive parallel sequencing strategy (short read plus read 

assembling), it faces difficulties in sequencing repetitive or other complex loci. In addition, 

structural variants that span over 50bp are difficult to be detected. 

To overcome the drawbacks of massive parallel sequencing, long read sequencing, which is 

referred to “the third-generation sequencing”, has been currently under active development. 

The long read sequencing technologies, as stated clearly in its name, directly produce much 

longer reads (>10 kb) through fundamentally different sequencing approaches (e.g., fluorescent 

single-molecule real-time sequencing and nanopore sequencing) compared to the second 

generation. The resulted sequences allow analysis of complex genetic loci as well as detection 

of structural variants. In addition, it has no amplification bias that commonly occurs in the 

second-generation sequencing. However, due to the high cost and error rate, their use for 

clinical applications is currently limited (Table 2).  

The development of sequencing technologies largely benefits pharmacogenetic studies since 

many clinically important pharmacogenes, including CYP2D6, CYP2A6 and HLA genes, are 

extremely polymorphic and possess different types of structural variants 24. While both short 

and long read sequencing has been used in identifying pharmacogenetic variants and 

associations, it is envisioned that, within the next decade, long read sequencing will be the 

predominant method for pharmacogenetic studies. 
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Table 2. Overview of technological sequencing platforms 

Sequencing 
generation 

Year 
developed  

Read 
length  

Technology 
base  Advantages  Disadvantages 

Sanger 
sequencing 
(First)  

1975 400–1200 
bp  

Chemical 
sequencing  

Accurate, cheap for 
profiling short target 
sequences in few 
samples 

Low throughput, 
time consuming  

Massive 
parallel 
sequencing 
(Second) 

2005 

50–600 
bp 
(single-
end or 
paired-
end)  
 

Sequencing by 
ligation, 
sequencing by 
synthesis 

High throughput, 
cost-effective for 
high number of 
targets, compatible 
with many analysis 
tools and pipelines 

Difficult in analyzing 
complex or repetitive 
loci, difficult in 
detecting structural 
variants 

Long read 
sequencing 
(Third) 

2011 >10 kb  

Fluorescent 
single- molecule 
real-time 
sequencing, 
nanopore 
sequencing 

Suitable for detecting 
structure variants, no 
amplification bias 

High error rates, 
expensive 

Table modified with permission from 25 

1.3.2 Landscape of human genetic variations 

Since the completion of sequencing of the first entire human genome, scientists were eager to 

understand the nature of genetic diversity between individuals as well as human populations. 

From 2008 to 2015, the 1000 Genomes Project (1KGP) was performed aiming to sequence at 

least one thousand human genomes from individuals across different ethnicities and establish 

a comprehensive catalogue of human genetic variations. This project identified over 88 million 

variants, including 84.7 million SNPs, 3.6 million short indels and 60,000 structural variants 
26. In addition, all types of variants were stratified by 26 human populations, thus allowing the 

studies on population-specific genetic structures. 

In 2009, the National Heart, Lung, and Blood Institute (NHLBI) Exome Sequencing Project 

(ESP) was launched in U.S., aiming for identifying functional coding variants that are related 

to diseases and traits in heart, lung and blood 27. Exome sequencing was performed on over 

7,000 European American and African American samples selected from different studies and 

a total of 677,000 missense, 411,000 synonymous, 17,000 nonsense and 7,000 splice variants 

were identified 27. 

In order to study human genetic variations on a larger scale, the Exome Aggregation 

Consortium (ExAC) was established around 2014 to consolidate and harmonize sequencing 

data from a variety of national and international sequencing projects, including 1KGP and ESP. 

Later, the data in ExAC was further expanded with whole genome sequencing data to the 
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Genome Aggregation Database (gnomAD). gnomAD contains variants data from more than 

140,000 individuals and constitutes the largest public available database for human genetic 

germline variations available to date (Figure 1). Based on this rich data set, the landscape of 

complex genetic variations, such as multi-nucleotide variants 28 and structural variants 29, has 

been comprehensively profiled. In addition, loss-of-function (LoF) variants in drug targets 

were systematically characterized for their important implications in drug development, 

including exploring genetic constrain of all drug targets and identifying human two-hit “knock-

out” in genes of interest 30. In the future, the landscape of human genetic variations will 

continue being explored and analyzed to answer different research questions, including their 

associations with differential drug response. 

 

Figure 1. The population size and diversity of different sequencing projects and databases. (Figure 

from https://gnomad.broadinstitute.org) 

1.3.3 Pharmacogenomic data resources 

The advance of sequencing technologies and ample resources of human genomic variations 

facilitate the development of pharmacogenomic databases/resources with aim of supporting 

pharmacogenomic studies and translating of pharmacogenomic knowledge into clinical 

practice. 

The two most important pharmacogenomic databases are PharmGKB and PharmVar. 

PharmGKB is so far the most comprehensive pharmacogenomic knowledge source for gene-

drug and genotype-phenotype association. It provides drug annotations containing 

pharmacogenetic information in drug labels sourced from FDA, EMA, Swissmedic, PDMA 

and HCSC, PGx-based drug dosing guidelines published by CPIC, DPWG, CPNDS, etc., as 

well as pathways depicting PGx associations in PK and PD. In addition, it annotates genetic 
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variants with clinical significance and other relevant information. On the other hand, PharmVar 

illustrates star allele nomenclature system of important pharmacogenes, particularly CYPs, 

with detailed elaborations. It also provides function annotation from CPIC or the literature. One 

importantly aspect is that data in both PharmGKB and PharmVar are easy to download, which 

then facilitates comprehensive PGx data analysis. 

To help clinicians understand PGx and implement PGx-guided drug/dose adjustments at the 

bedside, two important PGx expert working groups, CPIC and DPWG, were established 

dedicated to translating genetic test results in laboratory into actionable decision for drug 

prescription. They have drafted guidelines to link patient genotypes (allele carrying status) to 

phenotypes (metabolic status) to prescribing recommendations (adjust doses or use an 

alternative drug). In addition, FDA published “Table of Pharmacogenomic Biomarkers in Drug 

Labeling” summarizing the drug labels with PGx information. Recently, they released another 

“Table of Pharmacogenetic Associations” section, in which potential drug response and 

therapeutic management recommendations for different risk metabolic status groups are 

indicated. 

Combined, these data resources provide valuable information for researchers and clinicians 

working in PGx field and largely facilitate the translation of PGx knowledge into actionable 

clinical decisions (Table 3). 

  



 

 13 

Table 3. Important data resources for PGx studies 

Data resources Description Website 

PharmGKB 

It is a comprehensive 

pharmacogenomic knowledge source 

for gene-drug and genotype-

phenotype association and contains 

PGx annotations for >700 drugs and 

>20,000 variants. 

https://www.pharmgkb.org 

 

PharmVar 

It provides systematic star allele 

nomenclature system for important 

pharmacogenes. In addition, 

functional consequences of star 

alleles are also indicated.  

https://www.pharmvar.org 

 

CPIC 

It contains actionable gene-drug pairs 

with different level of evidence as 

well as guidelines to inform drug/dose 

adjustment corresponding to different 

genotypes. 

https://cpicpgx.org 

 

DPWG 
It provides PGx-based therapeutic 

recommendations similar to CPIC. 

https://www.pharmgkb.org/page/dpwg 

 

FDA- Table of 

Pharmacogenomic 

Biomarkers in Drug 

Labeling 

It summarizes PGx labels in FDA-

approved drugs. 

https://www.fda.gov/drugs/science-and-

research-drugs/table-pharmacogenomic-

biomarkers-drug-labeling 

 

FDA- Table of 

Pharmacogenetic 

Associations 

It provides PGx associations for 

which 1) the data support therapeutic 

management recommendations, 2) 

the data indicate a potential impact on 

safety or response, 3) the data 

demonstrate a potential impact on 

pharmacokinetic properties only. 

https://www.fda.gov/medical-

devices/precision-medicine/table-

pharmacogenetic-associations 

 

An extended list of PGx resources can be found in 31. 

1.4 EXTENSIVE VARIABILITY OF PHARMACOKINETIC GENES 

Pharmacokinetic (PK) genes encode gene products that impact drug ADME. Therefore, PK 

genes can also be called ADME genes. The majority of PK genes are phase I genes, such as 

cytochrome P450 gene family members (CYPs), phase II genes, such as UDP 

glucuronosyltransferase gene family (UGTs), and transporters belonging to the ATP-binding 

cassette (ABCs) and solute carrier (SLCs) superfamilies. 
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Within PK genes, CYPs and their encoded enzymes are arguably most extensively studied 

owing to their involvement in up to 80% of phase I drug metabolism and up to 70% of drug 

clearance 32,33. Importantly, CYPs harbor a large repertoire of variants with high prevalence in 

different ethnicities and are indicated as the most important genes involved in potential ADRs 

among other PK genes 34. The human CYP gene family consist of 57 genes which can be further 

divided into 18 subfamilies. 12 CYP genes, namely CYP1A1, CYP1A2, CYP2A6, CYP2B6, 

CYP2C8, CYP2C9, CYP2C19, CYP2D6, CYP2E1, CYP3A4, CYP3A5 and CYP4F2, are 

clinically most relevant and responsible for more than >75% of phase I drug metabolism 33. 

Due to low evolutionary constrains, CYPs harbor a large number of genetic variants, of which 

the majority are rare (MAF<1%) or vary rare (MAF<0.1%) 35. The genetically most complex 

CYP gene is CYP2D6, which is involved in metabolism of around 25% of clinically used drugs 
36. At least in part due to the lack of endogenous substrates, this gene is extremely polymorphic 

and has more than 140 defined star alleles in PharmVar database, including the high frequency 

deletions and duplications of the entire gene. Recently, by leveraging whole genome/exome 

sequencing data from 56,945 unrelated individuals, frequencies of 176 alleles in 12 CYP genes 

with highest clinical relevance were comprehensively analyzed and striking inter-ethnic 

difference were revealed with important implications in drug response 37. 

In addition to CYPs, the variability landscape of SLC 38, SLCO 39 and ABC 40 drug transporter 

gene families has been comprehensively profiled using large-scale sequencing data. 

Furthermore, genetic variability in other PK genes, such as UGTs 41 and GSTs 42,43, were 

characterized in smaller cohorts. Overall, analyzing genetic variability of a selection of 146 PK 

genes using large-scale sequencing data from more than 6,500 individuals revealed 12,152 

exonic SNVs, of which more than half are from drug transporter genes 44. On average, each 

individual harbors 100-121 exonic variants in PK genes 44. Similarly, large extent of genetic 

variability across 208 PK genes were revealed by analyzing exome sequencing data from 

60,706 unrelated individuals 45. 

1.5 GENETIC POLYMORPHISM IN PHARMACODYNAMIC GENES 

After absorption, distribution and metabolism, drugs and their metabolites will act on 

macromolecules in our biological system to trigger therapeutic response, which is also called 

“pharmacodynamics” (PD). These macromolecules, including proteins, polysaccharides, lipids 

and nucleic acids, are called “drug targets”. Toxicity and specificity issues hinder the 

acquirement of compounds against polysaccharides, lipids and nucleic acids, leaving proteins 

being the targets of the majority of successful drugs. 



 

 15 

Obviously, identifying drug target is of great importance for developing new drugs as well as 

for understanding drug responses. The first study trying to comprehensively define the drug 

targets can be traced back to 20 years ago, in which the authors defined 483 targets in human 

and pathogens 46. Later, the number of reported drug targets has varied from 120 to 1251 and 

until today the exact number of targets for approved drugs are still debatable 47-52. Several 

publicly available databases now provide the information of drug targets, such as Therapeutic 

Target Database 53, DrugBank 54, SuperTarget 55 and IUPHAR/BPS Guide to Pharmacology 

Database 56, each with different scopes and foci. 

So far, only few studies reported genetic variations of drug targets 57,58, at least partially due to 

the complexity of drug target categories. Recently, mutational landscape of G-protein coupled 

receptors (GPCR) as targets of 34% of approved drugs was profile, in which authors identified 

a total of 14,192 missense variants and suggested that on average 25% of all nucleotide 

positions in each GPCR have missense variants 59. In this context, Zhou et al. for the first time 

comprehensively analyzed genetic landscape of protein targets paired with all FDA-approved 

drugs using large-scale sequencing data and revealed substantial differences in genetic 

variability across different drug targets 60. 

1.6 CLINICAL IMPORTANCE OF HLA VARIANTS 

Apart from ADR-related biomarkers in PK and PD genes, genetic variations are also important 

determinants of drug hypersensitivity reactions (DHRs). DHRs account for 15-20% of all 

ADRs and affect 7.8% of general population and up to 20% of hospitalized patients, leading to 

an estimated yearly cost up to $45 billion in U.S. alone 61,62. Around 96% of DHRs manifest 

as cutaneous reactions, of which 5.5% are life-threatening diseases such as Stevens-Johnson 

syndrome (SJS) and toxic epidermal necrolysis (TEN) 61. Report shows that TEN has a 

mortality rate up to 14.8% and a prolonged 16.2 inpatient days with an extra cost of $53,695 

per patient, posing a substantial health care burden to the society 63. Besides, DHRs can 

manifest as drug-induced liver injury (DILI), which leads to 1 in 10 DILI patients die or 

undergo liver transplantation within six months of onset 64. 

Mounting evidences have shown that genetic factors are strongly implicated in DHRs, 

especially for specific variants in major histocompatibility complex (MHC) genes, also known 

as human leukocyte antigen (HLA) genes, which encode the antigen presenting cell-surface 

receptors that capture and present exogenous/endogenous antigens to T cells. In order to 

maintain a wide range of antigen-binding specificities, the HLAs are both polygenic and 

polymorphic. Specifically, they contain more than 25 genes which can be further divided into 
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two classes and more than 16,000 variants and 6,000 variants have been identified in class I 

and class II genes, respectively 65.  

So far, several models have been proposed to explain the abnormal antigen presenting that 

leads to T cell activation: 1) hapten/prohapten model, in which drugs or drug metabolites 

covalently bind to self-protein or peptide and form drug-modified molecules that activate T 

cells; 2) pharmacological interaction (P-I) model, in which fast immune responses are triggered 

by native drugs directly binding to T cell receptors through non-covalent bonds; 3) altered 

peptide repertoire model, in which drugs form non-covalent bonds inside the peptide binding 

groove to change peptide repertoire. Thus, new peptides that have not been previously tolerated 

are presented and result in T cells activation. While the mechanistic understanding of the 

involvement of HLA variants in these models is still in progress, clinical data has shown a 

substantial amount of HLA alleles being associating with hypersensitivity to different types of 

drugs, including antiretrovirals (such as abacavir and nevirapine), antibiotics (such as 

sulfamethoxazole and dapsone) and antiepileptics (such as carbamazepine and lamotrigine) 18. 

Among them, the two most extensively studied interactions are HLA-B*57:01 with abacavir 

and HLA-B*15:02 with carbamazepine. Abacavir hypersensitivity syndrome (ABC-HSS) is 

found in one case among every 25 patients who receive the drug. It manifests as fever, rash and 

gastrointestinal symptoms and becomes life-threatening with continuous administration or with 

patient being re-challenged 66. HLA-B*57:01 plays a central role in this process evidenced by 

its positive predict value (PPV) and negative predict value (NPV) for ABC-HSS of 55% and 

100%, respectively and an odds ratio (OR) up to 1945 67. The remarkable association was 

further mechanistically confirmed by the “altered peptide repertoire model” 68. HLA-B*15:02 

allele is another strong indicator of DHRs. The calculated OR of this allele with carbamazepine 

induced SJS/TEN is over 2000, although its PPV is relatively low (ranging from 1.4% to 

12.5%) 69,70. Due to their significant clinical outcomes, these two alleles have been labeled as 

pharmacogenomic biomarkers by U.S. Food and Drug Administration (FDA) or European 

Medicines Agency (EMA) regarding their indications and contraindications. 

1.7 POPULATION DIVERSITY OF PHARMACOGENES 

Diverse drug response between different populations and ethnicities has long been observed. 

This phenomenon is largely determined by pharmacogenetic diversity, which results originally 

from genetic drift, admixture and isolation during the human history. In modern society, this 

diversity become more complex due to migration. 
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While large-scale sequencing projects such as 1KGP and gnomAD have revealed large extend 

of genetic variability between human populations 26,29, leveraging these data to study 

ethnogeographic difference in pharmacogenomic variations, also known as “population 

pharmacogenomics” are raising more attentions in the PGx field. Such interethnic differences 

has been reported in overall drug-related genes 57 as well as specific gene families, including 

ABC 40, SLC 38 and SLCO transporters 39 across major human populations (i.e., European, 

African, East Asian, South Asian and Latino). 

An important incentive of studying population pharmacogenomics is that considerable number 

of populations are either geographically/culturally isolated or in high admixture of many 

subpopulations and thus possess completely different genetic structure with other populations. 

A typical case of isolated population is Ashkenazi Jews. Although defined by Jews historically 

living in Germany, they experienced long history of migration and narrow population bottle 

neck and are strictly isolated in culture. Therefore, they have a different genetic landscape, 

including PGx variability, compared to European population 71. Similar populations with 

genetic isolation include Finnish, Japanese, Ethiopian and other indigenous populations. In 

contrast, population admixture results in complex PGx structure in some countries, such as 

U.S. and Brazil. The subpopulations in U.S. mainly include European, African, Latino and 

Asian, whereas Latino, African, Japanese and Amerindian constitute the major Brazilian 

population. Therefore, PGx analysis needs to be stratified by ethnicities in such countries, and 

self-identifying ethnicity based on skin color as the common way of ethnicity categorization 

doesn’t necessarily reflect individual’s real ancestry 72. These aspects pose significant 

challenges in implementing PGx in a national level, particularly for countries and populations 

that are currently understudied. 

1.8 THE IMPORTANCE OF RARE PHARMACOGENETIC VARIATIONS 

Due to the occurring of de novo mutations, the majority of human genetic variants have low 

allele frequencies. The 1KGP identified a total of over 88 million variants in human genomes, 

of which around 76 million variants have allele frequency below 5% and 64 million variants 

below 0.5% 26. The percentage of identified rare variants is even higher when considering only 

the putatively pathogenic variants, thus highlighting the important role of rare variants in the 

etiology of genetic diseases 73. 

Similar variation structure has been revealed in pharmacogenes, such as CYPs 35, ABC 40, SLC 
38 and SLCO 39 transporters. Studying genetic variability of 146 clinically relevant PK genes 

revealed 12,152 exonic SNVs, of which more than 92.9% are rare with MAF less than 1% 44. 
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An elegant twin study has demonstrated that for the clinically important drugs metoprolol and 

torsemide, 90% of the variation in pharmacokinetics was attributed to genetic factors. 

However, only 40% of this variation can be explained by known genetic variants in CYP2D6, 

CYP2C9 and SLCO1B1 that are responsible for metabolizing these two drugs, suggesting that 

a substantial fraction of the heritable variability in the drug pharmacokinetics are allotted to 

novel and rare ADME variants 74. Characterizing genetic variability of 208 PK genes showed 

that 98.5% of identified exonic variants are rare (MAF<1%). Importantly, rare variants largely 

contribute to the functional variability of PK genes and likely account for a large fraction of 

unexplained differential drug response between individuals 45. Recently, pharmacogenetic 

variant burden has been demonstrated as a predictor of pharmacological treatment outcomes, 

which further emphasizes the functional importance of the aggregation of rare variants with 

small effect sizes 75. 

With the advance of NGS technologies and its application to more diverse cohorts, more rare 

and population-specific variants will be identified in human genomes 71,76. With the realization 

of functional importance of rare pharmacogenetic variants, the next step will be to conduct 

clinical studies and validate the contribution of rare variants to the overall functional variability 

of drug response. These efforts are anticipated to eventually facilitate a paradigm shift from 

genotyping the common risk variants to more comprehensive sequencing strategies with the 

aim of a better PGx-guided treatment on an individual level 77. 

1.9 FUNCTIONAL INTERPRETATION OF PHARMACOGENETIC VARIATIONS 

While numerous variants being identified in pharmacogenes, the next important question is 

what the functional effects of these variants are. Due to different mode of actions, functionality 

of variants in PK genes and PD genes should be interpreted using different approaches. 

1.9.1 Functional interpretation of PK variants 

Activity of enzyme encoded by PK genes is the key parameter to assess gene function. Thus, 

PK variants can be classified into neutral variants that do not change activity of the protein and 

deleterious variants that result in impaired activity of the protein. Deleterious variants can be 

further divided into decrease function variants and LoF variants. To evaluate such functionality 

of PK variants, heterologous variant expression in model cell lines, e.g., HEK293 cells, 

followed by functional assay using appropriate end points is considered as the gold standard 

method. Although this has been done for many common PK variants (e.g., common CYP 

variants categorized in PharmVar) and deep mutational scanning method recently allowed in 

vitro functional interrogation of large amount of PK variants 78, it is still difficult to 



 

 19 

experimentally characterize all identified variants. Therefore, computational approaches 

emerge to supplement experimental characterizations by predicting the functionality of not yet 

annotated PK variants, of which the majority are rare. 

With the development of NGS technologies and an increasing number of identified genetic 

variants, dozens of in silico algorithms have been developed to interpret the functional 

consequences of different types of variants (missense, indels, frameshift, splicing, stop-gain 

and start-lost) located in multiple regions (coding sequences, introns, untranslated regions and 

regulatory sequences) based on various features and parameters, including sequencing 

conservation, structure stability and functional residues (Figure 2) 79. The most frequently used 

prediction tools are SIFT 80 and PolyPhen 81 for missense variants and CADD for SNVs and 

indels through the entire reference assembly 82,83. However, these algorithms are generally not 

suitable for PK variants prediction (Figure 3). The main reasons are, first, the accuracy of some 

prediction models critically relies on the quality of training datasets, which normally adopt 

clinically pathogenic variants as deleterious sets 84 and common variants identified in large-

scale sequencing project (such as the 1000 Genomes Project) as neutral sets. Yet, pathogenicity 

and deleteriousness in drug response are two divergent concepts and only few PK variants are 

directly associated with diseases, indicating inappropriateness of using pathogenicity to 

evaluate the functionality of PK variants. In addition, multiple common PK variants have been 

shown to be not neutral. For example, the splicing variant CYP2C19*2 that abolishes 

CYP2C19 activity is commonly found in major human populations (MAF > 10%). Similarly, 

CYP2D6*10 that decreases the protein functionality was found in East Asian population with 

MAF of 58.7% 37. Therefore, using common variants as neutral training sets is problematic for 

PK variants prediction. Second, many of the existing algorithms include evolutionary 

conservation as their key prediction rule. However, this feature cannot be applied to PK genes 

since they are generally under low pressure of evolutionary selection. In this context, new 

computational method for the functional interpretation of pharmacokinetic variants are 

urgently required 85. 
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Figure 2. Overview of features assessed by current computational algorithms. UTR, Untranslated 

region; CDS, Coding sequence; ESE/ESS, exonic splicing enhancer/silencer; ISE/ISS, intronic splicing 

enhancer/silencer; NMD, nonsense-mediated decay; RBP, RNA binding protein. Figure obtained with 

permission from 85. 

 

Figure 3. Quantitative data shows that the majority of functional prediction tools perform poorly on 

common PK alleles. Color codes in the heatmap are: red, reduced activity allele; blue, neutral activity allele; 

grey, allele function cannot be predicted. Correlations between prediction score and in vitro activity of 

corresponding allele were calculated using Pearson's r. Figure obtained with permission from 86. 
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1.9.2 Functional interpretation of PD variants 

Different from proteins encoded by PK genes, such as CYPs, drug target proteins retain stable 

3D structures when interacting with drugs and possess specific binding pockets allowing the 

establishment of chemical bonds between drugs and amino acid residues. Therefore, variations 

within the binding pockets could significantly affect drug binding stability, thus resulting in 

changes in drug efficacy. Examples have been shown by Hauser and colleagues, who 

investigated the mutational landscape of G-protein coupled receptors and experimentally 

identified three functional missense variants in µ-opioid receptor that all locate in the ligand-

binding site. Depending on different targeting drugs with variable effects (e.g. agonist or 

antagonist), these variants lead to LoF or GoF for downstream signaling 59. 

While such variant effect in drug-target binding site cannot be fully captured by current 

computational algorithms, Zhou et al. systematically characterized genetic variability in drug 

binding pocket of all FDA-approved drugs 60. Furthermore, the authors validated the functional 

effects of binding site variants in selected drug targets and demonstrated that these effects can 

be overcome by switching affected drug to its chemical derivatives. Interestingly, the common 

binding site variant BCHE D98G causing AD drug tacrine and rivastigmine resistance revealed 

in this study is exactly the mutation causing succinylcholine apnea described by Dr. Werner 

Kalow in 1957 87,88. 

1.10 IMPLEMENTING PHARMACOGENOMICS FOR PERSONALIZED 
MEDICINE 

Using identified and validated functional genetic variants to inform treatment decision for the 

improvement of drug efficacy and minimization of ADR risk is the ultimate goal of studying 

pharmacogenetics. While large progress has been made in discovering pharmacogenetic 

variant associations, translating such effort into clinical settings to guide drug prescription is 

currently lagging behind due to multiple reasons. Diverse PGx test strategies face to different 

advantages and drawbacks (Table 4) 89. Even using NGS-based platforms, challenges remain 

to identify variants in some important pharmacogenes, including CYP2D6, UGT1A1, 

VKORC1, HLA and SLC6A4, for reasons such as genetic complexity and variant population 

specificity 31. In addition, while the number of PGx test projects are increasing globally 

(available at Genetic Testing Registry https://www.ncbi.nlm.nih.gov/gtr/), only few large-

scale/multi-center studies have been conducted to evaluate benefit of preemptive 

pharmacogenomic tests. 
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Table 4. PGx test platforms and their advantages and drawbacks 

Platforms Advantages Drawbacks 

Array SNP 

panel 

Focus on PGx variants with known relevance; 

can detect both SNPs and CNVs; Low sample 

size and reduced statistical bias in association 

studies  

Limited number of predefined genes; Only 

include common variants; Low imputation 

accuracy; Need of be frequently updated; 

Missing of ethnicity-specific variants; 

Medium to high cost 

Target 

sequencing 

panel 

Can detect both common and rare variants; Cost-

effective 

Limited number of predefined genes; Low 

imputation accuracy; Need to be 

frequently updated 

Genome-

wide 

genotyping 

Whole genome coverage; Designed for 

population scale genetic studies of different 

ethnicities; Can discover novel associations; Can 

detect low-frequency and rare variants; High 

imputation accuracy; Applicable in different 

research areas 

Complex computational and statistical 

analysis; Statistical bias; Large sample size 

required; Medium to high costs; Not all 

variants tested are actionable 

NGS 

Broad detection of unknown common and rare 

variants at genome or exome level; Applications 

in a wide spectrum of research areas 

Lack of actionability for variants with 

unknown clinical significance; 

Computational predict tool analysis 

required; Difficulties in sequencing GC-

rich and homology regions; High costs 

Table modified with permission from 89 

1.10.1 Current barriers for implementing pharmacogenomics in clinical 
settings 

Implementing PGx in clinical settings involves multiple parties and stakeholders, including 

scientist, physician, patient, hospital, regulatory body, government, etc., which together 

influence the translation of pharmacogenomic knowledge into clinical practice 25. Overall, 

barriers from science, education, ELSI (ethical, legal and social issues) and regulation, 

reimbursement as well as information technology were concluded and their corresponding 

solutions were suggested (Table 5) 90. 

First, in the science part, more RCTs are required to show PGx-guided treatment approach 

effective and beneficial in clinics. While the frequencies of risk pharmacogenetic alleles vary 

between populations and are particularly complex for admixed populations, the selection of 

genetic tests needs to be adjusted in different contexts. In addition, PGx tests requires time and 

could delay treatment at the point of care. 
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Second, the knowledge of PGx and awareness of the significance of PGx test is substantially 

lacking for clinicians and patients. Clinicians are not accessible to PGx training and education 

programs, and thus can’t provide or not confident in providing PGx-based treatment 

suggestions. 

Third, the ELSI and regulations for genetic tests/data interpretation are complex. Attitude on 

DTC genetic tests from patients, consent agreement and data sharing policies from companies, 

regulation on PGx drug labeling/dose recommendation guidelines from national/international 

regulators vary substantially. 

Fourth, the reimbursement system directly decides the feasibility of performing preemptive 

PGx tests in clinics. Only cases that has been proved to be cost-effective have chances to be 

reimbursed and cost-effectiveness depends on multiple factors such as frequencies of risk PGx 

alleles, alternative treatment strategies, cost of drugs, genotyping and treatment for potential 

ADRs, etc. Therefore, the reimbursement system for certain PGx tests should be designed 

country- and population-specific. 

Fifth, clinical drug treatment requires rapid decision making, which then relies on powerful 

information technologies. However, in general there is a lack of information infrastructure to 

store and analyze data to support decision making for genomic medicine. In addition, 

sequencing and PGx data cannot be integrated into EHRs. Thus, extracting such information 

from EHRs for PGx studies is difficult. 
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Table 5. Barriers and solutions in implementing PGx in clinical settings 

Barriers Solutions 

Science 

Lack of RCTs showing PGx-guided treatment 
approach effective and beneficial in clinics Gather RCT data essential for judging the efficacy 

Differences in ethnic populations and frequencies 
Implement a PGx test that is relevant to the 
institution’s patient population with regard to 
frequency of variation within the selected genes 

Education 

Difficult to access training and educational programs 
for all stakeholders 

Provide specific health care provider education on 
ordering tests and interpretation 

Clinicians not confident in providing genetic services 
because of insufficient training and knowledge of 
feasibility 

Development of guidelines describing utility of PGx 
testing in different clinical scenarios to assist 

Uncertainty about PGx genetic test interpretation and 
drug therapy decision 

Develop CDS tools to ensure that they get 
information and provide clear guidance on the 
therapeutic options based on the genotype 

ELSI and regulation 

Genetic data repositories have evoked fears of data 
leaks, mainly to insurance companies 

Governing bodies can understand the threats to the 
ethical and moral societal frameworks, and develop 
legislation or public committees to maintain social 
security 

No standard uniform consent processes with uniform 
language and requirements 

Develop framework and policies to help 
development of standardized approaches to obtaining 
consent 

Complying with data-sharing policies make it difficult 
to respect the wishes of participants Effective implementation of data-sharing policies 

Differences between FDA and EMA for drug labeling 
guidelines 

Streamlined procedures which allow for 
simultaneous approval of the drug and diagnostic 

Differences between CPIC, DPWG, etc. for PGx dose 
recommendations 

Harmonize recommendation guidelines and 
investigate differences 

Reimbursement 

No data showing which tests are more suitable to some 
ethnic groups; Many tests not feasible as genotyping 
costs high 

Cost-effectiveness of a PGx test enhanced in 
situations in which the association between genotype 
and clinical phenotype is strong 

Benchmarking costs accurately is a challenge, 
especially as this is seldom transferable between 
countries because differences in local healthcare cost 
and genetic risk profiles 

Develop reimbursement models that fit the national 
healthcare system and exchange information within 
the country and outside 

Information technology 

Lack of information infrastructure to provide decision 
support for genomic medicine 

Work with vendors of common electronic health 
records (e.g., Epic, Cerner) to develop templates for 
reporting results with clinical decision support 

Adoption of EHRs is increasing, the majority of EHR 
systems are not configured to deal with genetic data 

Improve EHRs to receive, store, and present complex 
genomic information for clinical use, incorporate 
CDS to help providers and provide links to further 
information 

Difficulties of integrating sequence data with the EHR 
Design integrated web information systems to 
interconnect and provide diverse PGx information 
resources into a single portal 

Table modified with permission from 90 
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1.10.2 Projects facilitating the implementation of genome-guide clinical 
decision making 

To build more real-world evidence for the implementation of preemptive PGx tests, few large-

scale/multi-center projects, including the Pharmacogenomic Resource for Enhanced Decisions 

in Care and Treatment (PREDICT) and Electronic Medical Records and Genomics 

(eMERGE)-PGx from the US and PREemptive Pharmacogenomic testing for prevention of 

Adverse drug REactions (PREPARE) from Europe, have been designed to evaluate the utility 

and benefit of PGx in clinical settings. 

Initiated in 2010, PREDICT is one of the first preemptive PGx programs in the US. Up to 2014, 

PREDICT has preemptively tested 10,000 patients for 184 genetic variants across 34 

pharmacogenes and revealed that preemptive testing on multiple variants is beneficial to 

patients taking several PGx-related drugs 91. eMERGE-PGx is a collaborative project between 

eMERGE and Pharmacogenomics Research Network (PGRN) aiming to sequence 

pharmacogenomic variants in 84 key pharmacogenes from nearly 9000 patients using a NGS 

platform PGRNseq across 10 academic medical centers 92. In February 2015, eMERGE-PGx 

released sequencing data from 5,639 subjects and identified more than 95% of all samples have 

one or more CPIC level A actionable variants 93. In Europe, the European Union-funded 

Ubiquitous Pharmacogenomics (U-PGx) consortium was founded in 2017 to address 

challenges of implementing preemptive PGx testing in patient care. It launched a prospective, 

multi-center and randomized study PREPARE to evaluate real-world benefit of preemptive 

testing a panel of 40 clinically relevant PGx markers across 13 pharmacogenes on more than 

8,000 patients from seven European countries. These patients were randomly assigned to a 

study group or a control group and their treatment outcomes from over 40 PGx-related drugs 

were investigated 94. The PREPARE study lasts around three years and its result is expected to 

be published soon. 
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2 AIMS OF THIS THESIS 
The main objective of this thesis is to study the genetic variability of pharmacogenes and its 

impact on inter-individual drug response.  

The specific aims are: 

1. Profiling the inter-ethnic and inter-population variability of common and clinically 

important pharmacogenetic alleles for the optimization of population-specific 

genotyping strategy (Paper I, Paper II, Paper III). 

2. Identifying and characterizing functional effects of rare pharmacogenetic variants with 

the aid of computational tools to incoperate NGS data into PGx-based personalized 

treatment (Paper IV, Paper V, Paper VI, Paper VII). 

We hope the data and knowledge generated from this thesis can be used to facilitate the process 

of implementing pharmacogenomics in clinical decision making.  
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3 MAIN METHODS 
Only main methods of the listed papers (I-VII) are described here. For more detailed method 

information, please see the complete publications attached at the end of this thesis.  

3.1 DATA SOURCES 

Frequency data of studied variants were obtained from gnomAD 95, Allele Frequency Net 

database 96 and the Estonian Biobank 97. Linkage of the related SNPs were calculated using 

information from LDlink (https://ldlink.nci.nih.gov/?tab=home). FDA-approved Drugs and 

their protein targets in Paper VII were derived from the literature 98. Functional data of 

variants in Paper IV and V are from the literature and ClinVar database 99 (see more details 

in the publications). Tertiary structures of studied proteins were obtained from Protein Data 

Bank (PDB) 100 and analysed using PyMOL (version 2.1.1). For proteins without 

experimentally characterized structure available, we generated putative 3D structures using 

Phyre2 101. 

3.2 VARIANT EFFECT PREDICTIONS 

Functional effect of genetic variants was predicted by various computational algorithms with 

categorical results and prediction scores generated from ANNOVAR 102. In Paper IV, 

prediction thresholds of these algorithms were optimized by redefining new thresholds with 

highest Youden index (sensitivity + specificity − 1). The combination of optimized algorithms 

with highest sensitivity and specificity was chosen for evaluating functional effect of 

pharmacogenetic variants. 

3.3 COST-EFFECTIVE ANALYSIS 

In Paper III, cost-effective analysis was conducted for preemptive genotyping of four HLA 

alleles (HLA-B*57:01, HLA-B*15:02, HLA-A*31:01 and HLA-B*58:01) in up to 74 countries. 

Treatment strategies before and after preemptive genotyping were compared to derive the 

ΔCOST. The ΔEFFECT was expressed as ΔQALY and calculated as a country-specific, risk 

allele frequency-dependent value. Thus, country-specific ICER was then calculated as ΔCOST/ 

ΔEFFECT and compared with “willing-to-pay” threshold in order to derive cost-effective 

conditions. Furthermore, preemptive genetic test as a dominant strategy was determined if it is 

cheaper than the first-line treatment strategy. 
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4 RESULTS 
This part of the thesis lists summarized results from Paper I-VII and answers two questions: 

1. How inter-ethnic variability of common pharmacogenetic variants influence PGx-

guided treatment strategies? 

2. How to interpret function of the massive number of rare pharmacogenetic variants and 

to what entent they affect drug response? 

For more detailed results, please see the complete publications attached at the end of this thesis. 

4.1 POPULATION PGX 

To answer the first question, Paper I-III analyzed frequencies of clinically relevant variants in 

CYP, HLA and other important pharmacogenes and revealed large frequency differences across 

diverse ethnicities and populations. These results constitute the foundation of population PGx 

and serve as valuable resources for guiding population-based drug prescription. 

4.1.1 Paper I 

Worldwide distribution of cytochrome p450 alleles: a meta-analysis of population-scale 

sequencing projects 

Yitian Zhou, Magnus Ingelman-Sundberg, Volker M Lauschke* 

4.1.1.1 Genetic variability of 12 clinically important CYP genes across five human 
populations 

We analyzed the frequency of 176 star alleles in 12 clinically relevant CYP genes (CYP1A1, 

CYP1A2, CYP2A6, CYP2B6, CYP2C8, CYP2C9, CYP2C19, CYP2D6, CYP2E1, CYP3A4, 

CYP3A5 and CYP4F2) across five major human populations (European, African, East Asian, 

South Asian and Latino) using NGS data from 56,945 unrelated individuals. Drastic frequency 

differences between populations were found for functionally important alleles, including LoF 

CYP2C19*2 (rs4244285; 34% in South Asian and 10.1% in Latino), CYP2C19*3 (rs4986893; 

6.7% in East Asian and <0.1% in European and African), CYP2D6*4 (rs3892097; 15.7% in 

Latino and 0.4% in East Asian), CYP2D6*5 (gene deletion; 6.5% in East Asian and 2% in 

South Asian), etc., decreased function CYP2B6*6 (rs2279343, rs3745274; 15.8% in South 

Asian and 5.8% in African), CYP2C9*2 (rs1799853; 11.7% in European and <0.1% in East 

Asian), CYP2D6*10 (rs1065852, rs1135840; 58.7% in East Asian and 0.2% in European), etc., 

and increased function CYP2B6*4 (rs2279343; 1.8% in South Asian and 0.3% in East Asian 

and Latino), CYP2C19*17 (rs12248560; 23.5% in African and 1.5% in East Asian), 
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CYP2D6*1xN (gene duplication; 3.3% in African and 0.5% in South Asian), etc. Overall, 

Africans harbor the most complex CYP variant structure and CYP2D6 is the most polymorphic 

genes with highest cumulative variant allele frequency (75%) across all populations. 

4.1.1.2 Translating genetic variability into inter-ethnic functional consequences  

Based on the functional consequences of the studied alleles, we calculated the frequency of 

decreased, normal and increased functional alleles across all studied CYP genes and 

populations. Overall, highest frequency of decreased functional alleles was found in CYP3A5, 

which is obviously due to the high prevalence of CYP3A5*3 across all populations, whereas 

CYP3A4 is the least variable gene with only 0.3-5.1% of alleles have decreased function. 

Decreased function alleles are particularly common in East Asian population in CYP2A6 

(67.5%) and CYP2D6 (70.3%) compared to all other populations and increased function alleles 

were only observed in CYP2B6, CYP2C19 and CYP2D6. 

4.1.2 Paper II 

Comprehensive overview of the pharmacogenetic diversity in Ashkenazi Jews 

Yitian Zhou, Volker M Lauschke* 

4.1.2.1 Genetic variability of clinically important pharmacogenes in Ashkenazi Jews 

We investigated the genetic variability of 17 clinically important pharmacogenes, including 9 

CYPs (CYP2A6, CYP2B6, CYP2C8, CYP2C9, CYP2C19, CYP2D6, CYP3A4, CYP3A5 and 

CYP4F2) and 8 other genes (NAT1, NAT2, VKORC1, DPYD, TPMT, SLCO1B1, ABCB1 and 

UGT1A1), using NGS data from 5,076 Ashkenazim individuals. In CYPs, the most variable 

genes are CYP3A5 (90.5%), due to high frequency of *3, CYP2D6 (81.4%), mainly distributed 

over *2 (MAF=28.3%), *4 (MAF=18.3%), *41 (MAF=17.4%) and *10 (MAF=6.1%), and 

CYP2B6 (51.8%), mainly distributed over *9 (MAF=13.6%), *6 (MAF=13.3%), *5 

(MAF=10.7%) and *2 (MAF=8.2%). In other pharmacogenes, the largest variability was 

observed in ABCB1 (94.4%) resulting from 3435T>C (MAF=32%), 2677T>G (MAF=30.1%) 

and their combination (MAF=32.3%), VKORC1 (82.9%) mainly from *2 (MAF=47%) and 

3730G>A (MAF=32.1%), and NAT2 (81.4%) mainly from *5B (MAF=42.5%) and *6A 

(MAF=36.6%). In contrast, DPYD and TPMT are most conserved among all genes studied. 

The genetic variants were further aggregated by their functional consequences, i.e., inactive, 

decreased, normal and increased enzyme function. Overall, CYP3A5, NAT2 and ABCB1 have 

over 50% of alleles being decreased function or LoF. While 31.9% of all alleles in NAT1 harbor 
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genetic variants, only 0.7% have functional effect on gene products. CYP2A6, CYP2B6, 

CYP2C19, CYP2D6 and VKORC1 are the only genes having increased function alleles. 

4.1.2.2 Analyzing pharmacogenetic complexity of Ashkenazim 

A total of 327 pharmacogenetic variants were identified in NGS data from 5,076 Ashkenazim. 

Among them, 77% (n=251) are rare with allele frequency below 1%. We further employed 

computational prediction algorithms to interrogate the functional importance of these rare 

variants. While the aggregated frequency of all rare variants is 28.7%, 12.3% were predicted 

to be putatively deleterious and enriched in UGT1A1 (2.1%), CYP2D6 (2%), CYP2B6 (1.4%) 

and SLCO1B1 (1.3%). 

Of all identified pharmacogenetic variants, 127 were Ashkenazim-specific (defined as allele 

frequency in Ashkenazi Jews 20-fold higher than in European population) with aggregated 

frequency of 20.7%. 

4.1.3 Paper III 

Global frequencies of clinically important HLA alleles and their implications for the cost-

effectiveness of preemptive pharmacogenetic testing 

Yitian Zhou, Kristi Krebs, Lili Milani, Volker M. Lauschke* 

4.1.3.1 Global distribution of four HLA risk alleles 

We analyzed frequencies of four ADR-related HLA risk alleles: HLA-B*57:01 associated with 

ABC-HSS, HLA-B*15:02 and HLA-A*31:01 associated with carbamazepine-induced 

SJS/TEN, HLA-B*58:01 associated with allopurinol induced SJS/TEN/DRESS, across up to 

74 country populations as well as subpopulations in countries with complex admixture, such 

as the US, South Africa, Singapore, etc. HLA-B*57:01 is most prevalent in Sri Lanka (9.3%), 

India (6.2%) and Ireland (5.8%) and almost absent in East Asian and African. HLA-B*15:02 is 

an Asian-specific variant with the highest frequency found in Philippine (22%), whereas 

frequency hotspot of HLA-A*31:01 was only found in selected populations, including 

indigenous population in the Americas, such as Argentinian (28.8%), Mexican (10.1%), Native 

American (7.8%), as well as Japanese (8.5%) and Swede (5.9%). Similar to HLA-B*15:02, 

HLA-B*58:01 is commonly observed in Asian countries, including Mongolia (8.8%), China 

(7.8%) and Thailand (7.8%). In addition, the frequency of HLA-B*58:01 is also high in some 

African countries, such as Kenya (8.2%), Guinea Bissau (7.8%) and Senegal (6.9%). 
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4.1.3.2 Establishing a cost-effectiveness model for evaluating the benefit of preemptive 
genotyping HLA risk alleles in a global scale 

Cost-effectiveness analysis (CEA) is a powerful socioeconomic tool to evaluate the cost and 

therapeutic outcome of a new treatment intervention compared to the conventional treatment 

strategy from the perspective of national healthcare system. In PGx, CEA is commonly used 

to assess if a universal preemptive genetic test followed by an alternative treatment regimen is 

more beneficial than directly applying first-line drug without genetic test. Since comparing 

CEA between countries is difficult because of the different applied models and included 

parameters, we aim to establish a CEA model that allow cross-country comparison between 

two scenarios: 1) no genetic test prior to the initiation of first-line HLA risk allele-associated 

drugs; 2) a universal HLA test followed by switching medications for patients with positive test 

results. 

In CEA, the new treatment strategy is considered cost-effective if the ICER, i.e., the ratio of 

incremental cost (ΔCOST) against incremental benefit (ΔEFFECT), is below the country-

specific “willing-to-pay” threshold. For scenario 1, we considered the cost being the cost of 

first-line medications and treatment cost for patients with develop ADRs. The incidence of 

ADR can be determined by the carrier frequency of HLA risk allele and PPV of the HLA test. 

For scenario 2, we considered the cost being HLA typing cost (estimated to be from $40 to 

$270) and cost of switching medication for patients with positive test results. The rate of 

switching medication is determined by carrier frequency of HLA risk allele. ΔQALY was used 

to reflect ΔEFFECT with the assumption that it is a function of country-specific carrier 

frequency. The global “willing-to-pay” threshold is between $10,000 and $100,000 according 

to the literature 103. Thus, by comparing country-specific ICER against the global “willing-to-

pay” threshold, an incremental cost threshold (ICT) for switching medications can be obtained 

and countries with such cost lower than ICT is then considered cost-effective. In addition, 

another ICT-dominant value was calculated for each country in the case that scenario 2 is cost 

saving than scenario 1 (ΔCOST<0). 

4.1.3.3 Global cost-effectiveness of preemptive genotyping four HLA risk alleles  

Overall, we found preemptive genotyping HLA-B*57:01 is likely to be cost-effective globally 

with the exception of East Asian countries. In Europe, this strategy could even be cost saving 

if the cost of switch medications is below $780. In contrast, screening HLA-B*15:02 is only 

likely to be cost-effective in Asian countries. In Philippine, it is cost-effective if the alternative 

medication is not $1013 more expensive than prescribing carbamazepine. Preemptive 



 

 33 

genotyping HLA-A*31:01 and HLA-B*58:01 are likely to be globally cost-effective, but not 

dominant. 

4.2 PERSONALIZED PGX 

To answer the second question, Paper IV-VII focused on identifying rare PGx variants that 

have functional consequences on drug response. For PK genes, we developed a computational 

framework that specifically predicts functional impact of PK variants. For PD genes, we 

demonstrated that variants located in drug-target binding site are functionally important and 

can modulate drug response. Combined, these results provide a useful toolkit to interpret 

functionality of the large extent of rare variants discovered by NGS and facilitate the integration 

of NGS-based PGx into a personalized treatment pipeline. 

4.2.1 Paper IV 

An optimized prediction framework to assess the functional impact of pharmacogenetic 

variants 

Yitian Zhou, Souren Mkrtchian, Masaki Kumondai, Masahiro Hiratsuka, Volker M. Lauschke* 

4.2.1.1 Conventional algorithms are not suitable for predicting functional effect of 
pharmacogenetic variants 

We used experimentally characterized 337 missense variants across 44 pharmacogenes to 

evaluate the prediction performance of commonly used 18 computational tools, including 

functionality prediction algorithms SIFT, Polyphen-2, LRT, MutationAssessor, FATHMM, 

FATHMM-MKL, PROVEAN and VEST3; ensemble scores CADD, DANN, MetaSVM and 

MetaLR; and Evolutionary conservation scores GERP++, SiPhy, PhyloP (vertebrate), PhyloP 

(mammalian), PhastCons (vertebrate) and PhastCons (mammalian). Overall, CADD, VEST3, 

MutationAssessor and Polyphen-2 have the best prediction performance with AUCROC of 0.81, 

0.8, 0.78 and 0.77, respectively, whereas FATHMM perform the worst (AUCROC =0.51). 

However, when applying these algorithms to disease datasets, their prediction performances 

are generally much higher (AUCROC 0.67-0.95). 

4.2.1.2 Establishing an optimized framework for pharmacogenetic variant prediction 

Based on the functionality of 337 pharmacogenetic variants, we employed a two-step strategy 

to build our prediction framework. First, we optimized the classification threshold of each 

prediction tools to achieve the best prediction performance on pharmacogenetic dataset, and 

second, we identified the combination of these tools with the highest sensitivity and specificity. 
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The performance of individual prediction tool can be evaluated using informedness, which is 

defined by the probability of a prediction is informed and expressed as “sensitivity + specificity 

– 1”. Thus, the best prediction is determined when a classification threshold gives the highest 

informedness value. To evaluate the sensitivity of this method, we performed 5-fold cross 

validation in which we equally divided our dataset into five subsets and used four subsets as 

training data and one as validation data. This train-validate process was iterated for five times 

and the optimal threshold was generated by averaging the result from 5 folds. Next, we 

evaluated the performance of the optimized algorithms in all possible combination and 

identified that the integration of optimized LRT, MutationAssessor, PROVEAN, VEST3 and 

CADD served as the best model for pharmacogenetic variant prediction. 

This optimized model achieved 80% sensitivity and 80% specificity, thus outperforming 

individual performance of all algorithms studied. Importantly, it generated prediction scores 

that is strongly correlated with resulted enzyme activity (R2 = 0.9, p = 2.9 ×10-5) and achieved 

93% sensitivity and specificity for LoF variants (resulting in 0-10% enzyme activity) and 

neutral variants (>90% enzyme activity), respectively, making it a fine tool to quantitatively 

evaluate the functional effect of pharmacogenetic variants. Notably, when partitioned 

pharmacogenetic variants based on their frequencies, we found the optimized model had the 

best performance in predicting variants with frequency below 1%, thus emphasizing its 

usefulness in evaluating rare pharmacogenetic variants that are difficult to characterize in vitro 

due to their large numbers. 

4.2.2 Paper V 

Population-scale predictions of DPD and TPMT phenotypes using a quantitative 

pharmacogene-specific ensemble classifier 

Yitian Zhou, Carolina Dagli Hernandez, Volker M Lauschke* 

4.2.2.1 Performance of ADME prediction framework (APF) on DPYD and TPMT variants 

To evaluate the prediction performance of our previous developed in silico tool APF on DPYD 

and TPMT variants, we obtained 61 DPYD variants and 9 TPMT variants with functional 

effects characterized in vivo as the benchmark dataset. Of these 70 variants, 58 were classified 

as deleterious and 12 as neutral. APF achieved prediction accuracy of 91.4%, which 

substantially outperformed other computational algorithms, such as Ployphen-2 (78.6%), 

PROVEAN (78.6%), SIFT (75%) and CADD (62.1%). Interestingly, in vitro functionality data 

were available for 64 variants and had 95.3% consistency with in vivo data, suggesting that 
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APF is closely approximating the in vitro testing results and is reliable in interpreting DPYD 

and TPMT variant functions. 

4.2.2.2 Interpreting DPYD and TPMT genetic complexity by leveraging NGS data 

By exploring NGS data from 138,842 individuals, we identified 705 and 154 variants in DPYD 

and TPMT, respectively, of which 72% (n=506) DPYD variants and 64% (n=99) TPMT 

variants were predicted as deleterious by APF with score below 0.5, suggesting the reduced 

enzyme function of these variants. By analyzing the frequencies of these putatively reduced 

function variants, we then derive the fraction of phenotypes that can be explained by selections 

of variants in each gene. For DPYD, while 50% of the reduced function phenotype can 

explained by two variants (HapB3 and *2A), 90% of the phenotype variations need to be 

explained by up to 88 variants. In contrast, three variants in TPMT, *3A, *3C and *2, already 

account for 90% of the phenotype variations. 

4.2.2.3 Translating genotype into population-scale phenotype 

Based on the functional interpretation of all identified variants in the NGS data, we calculated 

frequencies of DPD and TPMT phenotypes, i.e., poor metabolizer, intermediate metabolizer 

and normal metabolizer, across 8 human populations (European, African, South Asian, East 

Asian, Latino, Ashkenazi Jew, Finnish and Swedish). Strikingly, the inter-ethnic differences of 

phenotype frequency in DPD and TPMT are up to 11 folds and 16 folds, respectively. Finnish 

harbors the highest frequency of DPD poor metabolizer (0.14%), which can be explained by 

the high frequency of splicing variants DPYD*2A (MAF=2.4%), whereas DPD intermediate 

metabolizer is most abundant in African (8.4%) due to the Africa-specific variant Y186C. For 

TPMT, poor metabolizers and intermediate metabolizers are most prevalent in African 

population with frequency of 0.3% and 11%, respectively. Overall, DPD and TPMT are less 

variable among Ashkenazim and their decreased phenotypes are least frequent in this 

population. 

4.2.3 Paper VI 

Integrating rare genetic variants into pharmacogenetic drug response predictions 

Magnus Ingelman-Sundberg, Souren Mkrtchian, Yitian Zhou and Volker M. Lauschke* 

4.2.3.1 Profiling the variability landscape of pharmacogenes 

208 clinically relevant pharmacogenes were selected, including 50 SLC transporter genes, 23 

ABC transporter genes, 35 CYPs, 17 UGTs, 17 GSTs, 8 SULTs, 9 nuclear receptors and others, 

and a total of 69,923 exonic variants in these genes identified from WES data of 60,706 
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unrelated individuals were analyzed. Of all identified variants, 83% are novel without rs 

numbers (using dbSNP release 135 as the reference). Compared to other gene classes, Phase I 

and II genes are under less evolutionary constrain indicated by lower LoF intolerance scores. 

Overall, 98.5% of the exonic variants are rare with frequency below 1%, 96.2% have frequency 

below 0.1% and 51.1% are singletons. 

4.2.3.2 Important contribution of rare pharmacogenetic variants to functional variability 
and drug response 

Using previously developed APF, we assessed the contribution of rare variants to the overall 

functional variability of individual gene. While several high-frequency variants determine the 

functionality of few genes, including ABCB5 and SLC22A10, functional variability of the 

majority of pharmacogenes, including ABCB1 and SLC10A1, are allotted to rare variants. 

Overall, above 50% of rare variants were predicted to be deleterious, whereas this number is 

found only 30% in common variants. Across 208 genes analyzed, each individual harbors on 

average four variants, of which the majority are from transporter and phase I genes. 

To further elucidate the functional importance of rare pharmacogenetic variants in drug 

response, we analyzed contribution of functional rare variants to PK/PD of five 

pharmacologically well-characterized drugs with unexplained inter-individual variability in 

therapeutic response: anticoagulant warfarin, HMG-CoA reductase inhibitor simvastatin, 

antifungal voriconazole, antipsychotic olanzapine and antineoplastic agent irinotecan. 

Specifically, the metabolic pathways and involved pharmacogenes of each drug were examined 

regarding their functional variability resulted from rare variants. Overall, the highest 

aggregated frequency of deleterious rare variants was found in genes involved in irinotecan 

metabolic pathways (18%), followed by warfarin (15%), voriconazole (10%), olanzapine 

(10%) and simvastatin (4%). These results revealed the considerable amount of variability in 

PK/PD that would be missed if only considering common variants and highlighted the value 

of using NGS data to guide drug selection. 

4.2.4 Paper VII 

Rare genetic variability in human drug target genes modulates drug response and can 

guide precision medicine 

Yitian Zhou, Gabriel Herras Arribas, Ainoleena Turku, Tuuli Jürgenson, Souren Mkrtchian, Kristi 

Krebs, Yi Wang, Barbora Svobodova, Lili Milani, Gunnar Schulte, Jan Korabecny, Stefano Gastaldello, 

Volker M. Lauschke* 



 

 37 

4.2.4.1 Profiling genetic variability in human drug targets 

We characterized genetic variability of 606 drug protein targets targeted by 1155 FDA-

approved drugs derived from the literature 52. The majority of drugs target the nervous system 

(n=242; 21%), alimentary and metabolic system (n=178; 15%) and cardiovascular system 

(n=171; 15%). Most drug targets are enzymes (n=204; 34%), ion channels (n=131; 22%) and 

membrane receptors (113; 19%). In total, 798,842 genetic variants were identified in 606 drug 

targets using NGS data from 138,632 individuals, of which 82,884 (24.3%) were predictive to 

be putatively deleterious. More than 98.1% of all exonic variants identified were rare with 

MAF<1% and the number of exonic variants in each drug target gene diverse substantially 

across different protein classes. 

4.2.4.2 Analyzing genetic variability in drug-binding sites 

From the 606 targets and 1155 drugs (3346 drug-target pairs), we identified 638 drug-target 

pairs (110 targets) that have experimentally characterized 3D crystal structures. Based on these 

structures, we derived amino acid sequences within 6 Å of drug-binding pockets and identified 

naturally occurring genetic variants on these sequences. In total, we identified 1,094 variants 

in all drug-binding sites and drug targets with the most variable binding sites are enzymes, 

membrane receptors and structural proteins. Corresponding to drugs, the most effected classes 

are antineoplastic agent, such as efalizumab, and alimentary/metabolic drugs, such as 

epinephrine., whereas the hormonal and antiparasitic drugs are least affected. In general, 

variability inside drug-binding site is significantly less than outside drug-binding site, 

indicating the functional importance of drug-target binding. Overall, one in six individuals 

carries at least one missense variants in drug binding sites that potentially affect target binding 

of at least one FDA-approved drug. 

We identified the most prevalent variants in drug binding sites: ITGAL R241W (MAF=3.3%), 

BCHE D98G (MAF=1.2%), ADRB2 T164I (MAF=0.9%), PTGS2 V511A (MAF=0.8%) and 

TUBB1 V349I (MAF=0.2%). The ITGAL R241W is significantly associated with pleural 

plaques and diseases of thymus in a PheWAS analysis using EMR data from 51,138 individuals 

in the Estonian Biobank 97, suggesting the important endogenous function of binding site 

variants. 

In addition, we found large extent of genetic variability in drug-binding sites across different 

ethnicities. Overall, African is the most variable population with one in four individuals carries 

at least one binding site variant, whereas only one in fourteen individuals carries such variant 

among East Asians. Finnish population harbors the highest number of homozygotes binding 
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site variant carriers (39 per 1000 individuals), followed by African (38 per 1000), European 

(33 per 1000) and South Asian (29 per 1000). 

4.2.4.3 Functional importance of drug-binding site variants 

In order to validate the functional impact of binding site variants on drug response, we 

expressed a total of 19 binding site variants in three drug target proteins, angiotensin-converting 

enzyme (ACE), tubulin (TUBB1) and butyrylcholinesterase (BCHE), across three therapeutic 

areas (cardiology, oncology and neurology). The functionality of ACE variants were examined 

by measuring inhibitory effect of five clinically used ACE inhibitors (ACEI) on wild-type and 

mutant ACE. Strikingly, we identified significant inhibitory effects between binding site 

variants (up to >42-fold) and between ACEIs. This drastic difference of variant effects could 

be further captured by molecular docking analysis. Similar results were identified between 

seven TUBB1 variants and seven BCHE variants. Together, these findings demonstrated the 

variability in drug-binding site significantly contribute to diverse drug pharmacodynamics 

across different therapeutic areas. 

4.2.4.4 Pharmacological alternatives can overcome drug resistance induced by drug-
binding site variability 

While resistance to AD medication tacrine was observed in D98G mutant BCHE, inhibitory 

effect of 20 tacrine chemical derivatives were tested on reference and D98G BCHE. 

Interestingly, we found four derivatives, K1514, K1524, K1526 and K1035, can restore 

inhibitory effect on D98G BCHE. Such effect between reference and mutant BCHE was also 

observed in silico via shape similarity and dGlide score. Thus, this result opens avenues to 

genetically guide drug development for variant-induced resistant targets.
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5 DISCUSSION 
Due to the high frequency, common pharmacogenetic variants were easy to identify and their 

functional consequences have been well characterized. While studies from the literature 

reported small panels of pharmacogenetic variants of interest based on limited sample sizes, 

the work in this thesis systematically analyzed frequencies of 176 CYP alleles in five major 

human populations, 164 alleles across 17 clinically most relevant pharmacogenes in Jewish 

population and 4 most significant drug hypersensitivity HLA risk alleles in up to 74 countries 

and showed that some of the “common” variants are not always common, i.e., they can be very 

rare in one population, e.g., CYP2C9*2 in East Asian, and sometimes common in only one 

population, e.g., CYP2C19*3 in East Asian (Paper I); variant frequencies in populations 

originally resided in the same region could be substantially different, e.g., Ashkenazi Jewish 

and European populations (Paper II); and such frequency differences can be observed between 

countries or even between subpopulations within one country (Paper III). These results again 

emphasize that in principle a universal treatment strategy on all populations is certainly not 

appropriate and PGx-guided drug prescription should be stratified by populations or 

subpopulations. In reality, these data can serve as a powerful resource to guide the optimization 

of genotyping strategies in different populations and subpopulations, including establishing 

models to evaluate cost-effectiveness of preemptive genotyping risk alleles. 

While Paper I-III focus on unveiling interpopulation difference in frequencies of common 

PGx variants, Paper IV-VII studied function of rare PGx variants and their contribution to 

differential drug response. Rare variant has been considered as an important element to explain 

the “missing heritability” 104. However, interpreting functional consequences of vast numbers 

of rare variants poses a significant challenge. While recently developed deep mutational 

scanning has allowed experimental characterization for functional consequences of all possible 

mutations in pharmacogenes 105, this method is difficult to scale and limited to genes for which 

a functional selection assay can be designed. Thus, computational tools trained on 

experimentally confirmed functionality data, e.g., from deep mutational scanning method, are 

required for the functional interpretation of all rare PGx variants. So far, only two such tools 

have been established: DPYD-varifier for DPYD variants prediction 106 and APF form Paper 

IV for all PK variants prediction, and the prediction power of APF is expected to improve if 

trained on larger PGx variant datasets with gene- or gene family-specific features included. 

Overall, a paradigm shift in treatment scenarios has been facilitated by the PGx research from 

standard-of-care to population PGx-based treatment, and then to personalized PGx-based 

treatment (Figure 4). While standard prescription has been offered to all patients with same 
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therapeutic indications in the standard-of-care scenario, population PGx stratifies patients 

based on their ethnicity, predicts drug response based on population-specific variant 

composition and guides population-based prescriptions. Paper I-III in this thesis analyzed 

distribution of clinically important PGx variants across different ethnicities and populations, 

thus contributing to the optimization of population-based treatment strategies and to the 

improvement of precision public health. Shifting again from population PGx to Personalized 

PGx, treatment strategy is designed for each individual patient instead of one entire population. 

SNP-based genotyping or NGS is performed to identify common and rare PGx variants in each 

patient, of which some have been functionally annotated. For the NGS branch, drug response 

is then predicted by considering limited numbers of annotated variants with functionality 

determined by experiments and the vast majority of not annotated variants with functionality 

predicted by computational tools. Eventually, each patient receives a personalized drug 

prescription based on his/her own PGx variant profile. In this “personalized medicine” 

scenario, Paper IV and VII addressed the need for functional prediction of PK and PD variants, 

whereas Paper V and VI used the developed computational tool further to predict drug 

response. While the cost has been increased during this paradigm shift (already getting cheaper 

with the development of GNS technologies), patients will receive more personal PGx 

information, experience better treatment effect and less ADRs. 

In this thesis, profiling the variability of multiple pharmacogenes constitutes a big part of the 

results. However, alleles that have been characterized, such as star alleles, are constantly 

redefined due to changed SNP composition and new alleles defined by novel variants are 

continuously discovered by NGS. Therefore, the *1 allele can never be accurately defined and 

its frequency will always be an estimation. In addition, the functional consequences of many 

alleles have been recharacterized and updated in recent years, for which the differences can be 

at least in part explained by enzyme substrate-specificity. Functional interpretation of rare PGx 

variants is a crucial step for NGS-based drug response prediction. In Paper IV we developed 

APF that assesses functional effect specifically for PK variants. While the prediction accuracy 

reached 93% for both LoF and neutral variants, the predictive power for decreased function 

variants (causing 10-90% enzyme activity) remains relatively low and can be largely improved 

by using more comprehensive training datasets. In Paper VII, we demonstrated the significant 

impact of rare variants in drug-target binding site on drug response. However, functions of 

variants outside binding site that might influence drug-target interaction via different 

mechanisms are yet to be explored. Furthermore, due to the large diversity of drug targets, it is 

a question whether computational prediction tools can also help identify functional variants in 

PD genes. 
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Figure 4. PGx facilitates a paradigm shift in treatment scenarios. Currently, we are still moving from 

standard-of-care to population PGx. Seven papers included in this thesis contribute to different parts in the 

population PGx and personalized PGx scenarios. Arrows with dash line indicate procedures that are largely 

understudied in the PGx research field. 
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6 CONCLUSIONS 
 

In conclusion, this thesis 

i) Provides a comprehensive profile of the variability landscape of clinically most 

relevant CYPs and other pharmacogenes across major human ethnicities by 

leveraging NGS data on an unprecedented population scale. These studies revealed 

large extent of inter-ethnic variability differences, which can serve as a powerful 

source for global distribution of pharmacogenetic alleles and further socioeconomic 

analysis to guide the optimization of population-specific sequencing strageties as 

well as clinical treatment decision. 

ii) identified large fraction of rare variants in pharmacogenes and demonstrated their 

functional importance in drug response.  

a. For PK genes, while common computational tools are not suitable to assess 

functional impact variants in PK genes, me and my colleagues developed a 

PGx-specific computational tool allowing accurate functional prediction of PK 

variants. This tool can be further applied to functional prediction of variants in 

different PK genes, such as DPYD and TPMT, to infer population-scale 

phenotypes using NGS data and to analyze functional contribution of rare 

variants to variable response of specific drugs. 

b. For PD genes, we revealed the high prevalence of individuals (one in six) 

carrying rare missense variants located in drug-target binding sites and 

demonstrated the functional impact of these variants on pharmacological 

response. Furthermore, we showed that the integration of genetic and structural 

data can pinpoint variants that affect drug/molecule binding. 

These findings highlighted the importance of combining NGS technologies and 

advanced computational methods to allow incorporating functional prediction of 

rare variants into the overall estimation of inter-individual variability in drug 

response, thus facilitating the refinement of personalized medicine.  
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7 FUTURE PERSPECTIVES 
7.1 POPULATION PHARMACOGENOMICS 

Substantial variability in PGx profile has been revealed between major human 

ethnicities/populations. However, there is always subpopulations that are understudied due to 

small population size or other reasons. From a scientific perspective, obtaining a global PGx 

landscape with higher population resolution is of great value. Yet, for the national and regional 

healthcare decision maker, building a unified and effective system with optimized health 

benefit is the goal, e.g., making policies for the reimbursement of preemptive genetic tests that 

is demonstrated cost-effective to the overall population. Thus, in the future, more studies will 

focus on “subpopulation PGx” that can help determine to which extent PGx-based treatment 

strategy should be stratified in a specific country. 

7.2 OPTIMIZED AND HARMONIZED GUIDELINES AND DRUG LABELS 

Big gap exists between PGx knowledge derived from research and their clinical use by 

physicians as described in Section 1.10. The tools that can directly bridge this gap to some 

extent are PGx drug labels from regulatory bodies such as FDA and EMA. In addition, CPIC 

and DPWG also publish guidelines aiming to provide actionable dose recommendations for 

drugs with significant PGx findings. While these efforts certainly facilitate PGx 

implementation, some issues need to be solved in order to provide better argumentation to the 

physicians. First, PGx expert working groups need to involve clinicians in order to make 

guidelines implementable in real-life situation. For example, while dosing recommendations 

for simvastatin due to the myopathy risk (associated with decreased SLCO1B1 function) are 

documented in both CPIC and DPWG guidelines, in reality low simvastatin dose or alternative 

medications are always prescribed to ensure minimized myopathy risk. Thus, recommending 

lower simvastatin dose or switch of medication for carriers of certain genotypes are of no use 

in clinics and preemptive SLCO1B1 genotyping will never be implemented. Another example 

is dosing recommendations for anesthetic agents. For emergency cases in the intensive care 

unit, anesthetics must be given immediately and dosing based on genetic test at the point of 

care does not work unless patient’s genotype is known prior to the hospitalization. Second, the 

consensus between drug labels and guidelines needs to be largely improved. Examination of 

180 drug-gene interactions that are included in FDA or EMA revealed only 54% overlap, which 

is strikingly low given the high concordance in decisions for new drug marketing approval (91-

98%) between the two agencies 107. In addition, above 20% differences in therapeutic 

recommendations were identified between CPIC and DPWG, which mostly result from 

differences in applied methodologies, e.g. dosing recommendation calculated based on expert 
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opinion or the amount of real-world evidence, as well as in set of evidence from the literature 

because of the different time points of literature searches 19. Overall, the concordance between 

FDA, EMA, CPIC and DPWG is only 18% 108. Therefore, suggested by the author of this thesis 

and many other scientists, establishing optimized and globally harmonized PGx drug labels 

and guidelines is essential to help physicians understand and implement PGx-guided treatment 
109. 

7.3 ADVANCED COMPUTATIONAL PREDICTION METHODS 

PGx studies critically rely on the discovery of pharmacogenetic variants. Nowadays, this is no 

longer a problem since the advance of NGS technologies can not only identify variants in the 

coding regions but also unlock the genetic variability of non-coding regions that account for 

99% of the entire genomic sequence. Furthermore, structural variants with genomic alteration 

above 50bp can also be detected. While experimentally characterizing hundreds of thousands 

of such variants is difficult, the next step is to develop computational tools to accurately predict 

functional effect of each type of variants, particularly in pharmacogenes. In addition, large 

numbers of haplotypes are yet to be identified in pharmacogenes and are expected to explain 

substantial phenotype variability in currently defined *1/*1 patients 110,111. Although in 

progress 112, developing more powerful in silico prediction tools to interpret functional impact 

of these haplotypes is another challenge in the near future. While APF was developed for all 

pharmacogenes, tools that tailor specific gene, such as DPYD 106, and gene family that have 

different mode of action will certainly have greater potential. 

A notable issue of current computational prediction tools is their online accessibility. About 

half of these tools, although with great prediction performance, are not integrated into user-

friendly web-based platforms 86. Therefore, combining algorithm development with web-

interface building are required in future studies. 

7.4 EMBRACING THE ENTIRE PHARMACOGENOMIC COMPLEXITY 

As discussed in Section 1.10, clinical implementation of PGx faces multiple challenges. With 

exponentially increased number of rare pharmacogenomic variants identified by NGS 

platforms, establishing a new PGx workflow that incorporate functional interpretation of rare 

non-coding variants, structural variants and other type of variants in additional to well-

characterized common coding variants to embrace the entire complexity of PGx becomes a 

new challenge. Scientists have advocated that instead of prescribing drugs in a standard-of-

care, a new procedure including NGS-based PGx analysis, computational variant 

interpretation, PGx allele scoring and PGx evidence-guide treatment decision should be 
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implemented in the near future to maximize drug efficacy and safety in an individual level 

(Figure 5) 18,31. 

 

Figure 5. Incorporating NGS data analysis into clinical decision making. Figure obtained with 

permission from 18. 

7.5 COMMERCIAL VALUE 

Due to the decreased time and cost of NGS sequencing methods, commercialization of DTC 

genetic testing is common and well-accepted by the public. However, the majority of the 

services provided on the market are ancestry analysis, disease risk analysis and carrier status 

analysis and touch much less upon germline PGx analysis. The main reasons are that on the 

one hand PGx is rapidly evolving and there are limited experts in this field that can confidently 

interpret PGx data, and on the other hand PGx interpretation is tightly connected with clinical 

drug usage and thus strictly regulated in some countries such as the US. Therefore, DTC genetic 

testing followed by comprehensive PGx interpretation is almost an empty market around the 

world. 
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Form a scientific perspective, DTC PGx interpretation is a shortcut to facilitate PGx 

implementation in clinics. Compared to planting PGx platforms in individual hospitals, 

commercializing PGx interpretation allows large-scale personal PGx information in place prior 

to drug prescription from physicians. With improved public awareness and support from 

healthcare system, DTC PGx interpretation is expected to have great commercial value in the 

next 5 to 10 years.  
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