
Population-scale catalogue of clinically actionable
pharmacogenomic variation in a large Middle
Eastern Levantine cohort
Nagham Nafiz Hendi 

Applied Science Private University (ASU)
Laith M. Alawneh 

Aberdeen Royal Infirmary
Noureddin Ismail 

Oxford Brookes University
Rania Abdellatif 

Minia University
Nathir M. Obeidat 

University of Jordan
Basel Abu-Jamous 

Pan.bio, Inc.
Malek Zihlif 

University of Jordan
Nancy Hakooz 

University of Jordan
Said I. Ismail 

Hamad bin Khalifa University

Article

Keywords: pharmacogenomics, clinically actionable variation, precision prescribing, Levantines, Middle
Eastern genomics

Posted Date: October 9th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11089585/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-11089585/v1
https://doi.org/10.21203/rs.3.rs-11089585/v1
https://doi.org/10.21203/rs.3.rs-11089585/v1
https://creativecommons.org/licenses/by/4.0/


Additional Declarations: No competing interests reported.



Page 1 of 33 
 

Population-scale catalogue of clinically actionable pharmacogenomic 

variation in a large Middle Eastern Levantine cohort 

Nagham Nafiz Hendi1, Laith M. Alawneh2, Noureddin Ismail3, Rania Abdellatif4,5, Nathir 

M. Obeidat6, Basel Abu-Jamous7, Malek Zihlif8, Nancy Hakooz9,‡, Said I. Ismail10,*,‡ 

1 Department of Clinical Pharmacy & Therapeutics, Faculty of Pharmacy, Applied Science Private University 

(ASU), Amman, Jordan; n_hendi@asu.edu.jo; ORCID: 0000-0003-2737-0565 
2 Department of Trauma and Orthopaedics, Aberdeen Royal Infirmary, Aberdeen, United Kingdom; 

laith.alawneh@nhs.scot 
3 School of Biological and Medical Sciences, Faculty of Health, Science, and Technology (HST), Oxford 

Brookes University, Oxford, United Kingdom; 19250829@brookes.ac.uk 
4 Qatar Genome Program (QGP), Qatar Precision Health Institute (QPHI), Qatar Foundation, Doha, Qatar; 

rabdellatif@qf.org.qa 
5 Department of Pharmacology and Toxicology, Faculty of Pharmacy, Minia University, Minia, Egypt; 

rania.abdellatief@mu.edu.eg 
6 Department of Internal Medicine, School of Medicine, University of Jordan, Amman, Jordan; 

nobeidat@ju.edu.jo 
7 Pan.bio, Inc., Boston, United State; basel@pan.bio 
8 Department of Biological Sciences, Faculty of Science, University of Jordan, Amman, Jordan; 

m.zihlif@ju.edu.jo 
9 Department of Biopharmaceuticals and Clinical Pharmacy, School of Pharmacy, University of Jordan, 

Amman, Jordan; nhakooz@ju.edu.jo 
10 College of Health and Life Sciences (CHLS), Hamad Bin Khalifa University (HBKU), Ar-Rayyan, Qatar; 

sismail@hbku.edu.qa; ORCID: 0000-0002-8425-4010 
* Corresponding author: Said I. Ismail; sismail@hbku.edu.qa; ORCID: 0000-0002-8425-4010. 
‡ Nancy Hakooz and Said I. Ismail jointly supervised this study and are co-senior authors. 

Abstract 

Genotype-guided prescribing depends on reliable population-specific evidence, yet 

pharmacogenomic (PGx) diversity in the Levant remains largely uncharacterized. To our 

knowledge, this is the largest population-scale PGx study conducted in this ancient region, 

characterizing PGx variation and its potential clinical actionability in 4,322 unrelated 

individual living in Jordan. Array-imputed genotypes were annotated using PharmGKB, 

while diplotypes, predicted phenotypes, and medication-specific prescribing 

recommendations were generated using PharmCAT. Several clinically relevant allele 

frequencies differed substantially from those reported in the 1000 Genomes Project 

(1KGP) populations. The CYP3A5 rs776746-C (89.1% versus 62.2%; adjusted P<1.0×10-300) 

and VKORC1 rs9923231-T (49.6% versus 35.0%; P=9.88×10-62) were enriched, whereas 

CYP2C19 rs4244285-A was depleted (10.6% versus 22.1%; P=3.79×10-75). Overall, 99.3% 

of participants had at least one medication-specific PGx result classified as potentially 
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actionable, involving a median of six implicated medications per participant. Warfarin-

related dosing recommendations applied to 89.9% of participants, while predicted 

CYP3A5 poor metabolism, reduced-function UGT1A1, and reduced-metabolism CYP2C19 

phenotypes were identified in 84.2%, 58.0%, and 25.6%, respectively. Jordanian allele 

frequencies showed substantially greater concordance with the gnomAD Middle Eastern 

reference population than with broader global populations, demonstrating marked 

regional specificity. These findings establish a population-scale PGx reference for Jordan 

and provide a foundation for prioritizing locally relevant gene-drug pairs, targeted testing, 

prospective clinical validation, and future precision-prescribing implementation in Jordan 

and across the Levant. 

Keywords: pharmacogenomics; clinically actionable variation; precision prescribing; 

Levantines; Middle Eastern genomics. 
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Introduction 

Interindividual variability in drug response remains a major clinical challenge, contributing 

to differences in therapeutic efficacy, toxicity, and adverse drug reactions. Although 

clinical and environmental factors influence treatment outcomes, inherited genetic 

variation is a major determinant of response to many commonly prescribed medications 

(Nemer & Hendi, 2023). Variation within pharmacogenes may alter drug pharmacokinetics, 

pharmacodynamics, and immune-mediated hypersensitivity, providing the biological basis 

for pharmacogenomics (PGx) and its application to genetically informed prescribing (Evans 

& Relling, 1999). 

The clinical translation of PGx has been enabled by the development of curated knowledge 

resources and evidence-based prescribing guidelines. International initiatives, including 

the Pharmacogenomics Knowledgebase (PharmGKB)(Whirl-Carrillo et al., 2012), 

Pharmacogene Variation Consortium (PharmVar)(Gaedigk et al., 2018; Gaedigk et al., 

2019), Clinical Pharmacogenetics Implementation Consortium (CPIC)(Relling & Klein, 

2011), Dutch Pharmacogenetics Working Group (DPWG)(Swen et al., 2011), together with 

PGx information in regulatory drug labels, support the standardized interpretation for an 

expanding number of clinically actionable gene–drug pairs. Correspondingly, population-

based studies indicate that most individuals carry at least one clinically actionable 

genotype and diplotype, often with prescribing implications for multiple medications 

(Jithesh et al., 2022; Van Driest et al., 2014). 

A major challenge for the equitable implementation of PGx is ensuring that available 

evidence is applicable across diverse populations. The frequencies of clinically actionable 

alleles, diplotypes, and predicted phenotypes vary substantially because of demographic 

history, ancestry, natural selection, and genetic drift, resulting in population-specific 

differences in the prevalence and clinical impact of PGx variation (Genomes Project et al., 

2015; Karczewski et al., 2021). Current evidence derived predominantly from European-

enriched or broadly aggregated reference datasets may therefore inadequately represent 

PGx variation in underrepresented populations, including those from the Middle East and 

North Africa (MENA) (Dunnenberger et al., 2015; van der Wouden et al., 2017). Population-

specific genomic resources are therefore essential for accurately estimating the clinical 

yield of PGx testing and guiding implementation strategies. 

The Levant has served as a major crossroads of human migration and population 

exchange, resulting in a complex demographic history and fine-scale population structure 

(Haber et al., 2013). Despite this, Levantine populations remain largely underrepresented 

in PGx research. Although recent studies have expanded knowledge of clinically actionable 
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PGx variation in Qatar, the United Arab Emirates, and other Middle Eastern populations 

mainly from the Arabian Peninsula (Al-Mahayri et al., 2022; Al-Mahayri et al., 2020; El 

Rouby et al., 2022; Eljilany et al., 2023; Goljan et al., 2022; Jithesh et al., 2022; Velayutham 

et al., 2025), comprehensive population-scale data from Jordan and the levant remain 

limited. This gap limits accurate assessment of clinically actionable PGx variation and 

hinders evaluation of how accurately existing reference populations reflect prescribing-

relevant genetic diversity in the region. 

Here, we characterize the PGx landscape of 4,322 unrelated individuals living in Jordan 

recruited through multiple healthcare institutions across several Jordanian governorates. 

Situated within the Levant at the crossroads of Africa, Asia, and Europe, Jordan has been 

shaped by repeated episodes of human migration and admixture over millennia, shaping 

the genetic architecture of contemporary Levantine populations (Haber et al., 2017). This 

geographically distributed cohort enables the characterization of clinically actionable PGx 

variation in an understudied population and provides an important reference for regional 

precision medicine. We estimated the prevalence of actionable variants and compared 

allele frequencies with regional and global reference populations. Our study establishes 

the first comprehensive population-scale PGx reference for Jordanians. It provides a 

foundation for population-informed implementation of precision prescription while 

contributing relevant evidence to the wider Levant and MENA region. 

Results 

Population differentiation of the Jordanian pharmacogenome 

PGx analysis was completed for 4,322 unrelated Jordanian individuals retained after 

genotype quality control, following the workflow outlined in Fig. 1a. Principal-component 

analysis (PCA) placed Jordanians within the West Eurasian genetic continuum, nearest to 

European and South Asian populations, while revealing a distinct and internally 

heterogeneous distribution (Fig. 1b; Supplementary Figs. S1a–c). Among the variance 

represented by the first 20 PCs, PC1 and PC2 accounted for 44.1% and 21.9% of 

respectively. 
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Fig. 1: Population differentiation of the Jordanian pharmacogenome. 
a, Study design and pharmacogenomic analysis workflow. Quality-controlled (QC) microarray 

genotypes from 4,322 unrelated Jordanians were phased, imputed, and filtered (R2 ≥ 0.80) to generate a 
high-confidence pharmacogenomic (PGx) dataset for PharmCAT-based clinical interpretation and 

population-level comparison with the 1000 Genomes Project (1KGP), gnomAD, and published QGP 

data. b, Principal component (PC) analysis of 4,322 Jordanian and 2,574 1KGP participants. Axes show 

PC1 and PC2; points represent individuals, colours identify populations (AFR, African; AMR, Admixed 

American; EAS, East Asian; EUR, European; JOR, Jordanian; SAS, South Asian) and shapes distinguish 

Jordanian from 1KGP participants. c, Volcano plot of PharmGKB allele-frequency differentiation 

between Jordanians and 1KGP overall. Axes show the allele-frequency difference (JOR − 1KGP) and 
−log₁₀ false discovery rate (FDR). Dashed vertical lines denote frequency differences of ±0.05 and the 
horizontal line FDR = 0.05; colours indicate statistical significance with an absolute difference <0.05, 

effect magnitude, and direction. Top differentiated genes are labelled. d, Effect-allele frequencies of 

clinically relevant PharmGKB variants selected to represent major therapeutic areas and contrasting 
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patterns of population differentiation. Points show cohort-specific frequencies, connecting lines 

indicate between-cohort differences, and variants are grouped by therapeutic context. 

Among 6,334 allele-compatible variants compared with 2,574 unrelated individuals from 

the 1000 Genomes Project (1KGP), allele frequencies differed significantly for 5,409 

differed significantly after false-discovery-rate correction (FDR < 0.05), of which 4,359 

variants remained significant after Bonferroni correction. Of the FDR-significant variants, 

2,546 were more frequent, and 2,863 were less frequent in Jordanians. PharmGKB 

annotations associated these variants with 1,810 unique gene annotations and 918 unique 

drugs or drug classes (Fig.1c; Supplementary Fig. S1g; Supplementary Table S1). 

Consistent with the PCA findings, the Jordanians PGx allele-frequency was most similar to 

that of Europeans, with the smallest median absolute allele-frequency differences (0.06; 

4,047 FDR-significant variants), followed by South Asians (0.08; 4,924 variants;) and 

Admixed Americans (0.08; 4,403 variants). Differentiation was greatest relative to East 

Asians (5,648; 0.13) and Africans (5,643; 0.14) (Supplementary Figs. S1d–f and 

Supplementary Table S1).  

Several clinically relevant PGx variants contributed prominently to this differentiation (Fig. 

1d and Table 1). The CYP3A5 loss-of-function allele rs776746-C was markedly enriched in 

Jordanians relative to 1KGP overall (89.1% versus 62.2%; odds ratio (OR) = 4.97, 95% CI: 

4.55–5.42; Bonferroni-adjusted P-value (Padj) < 1.00 × 10⁻³⁰⁰), consistent with a high 
prevalence of the predicted CYP3A5 poor-metabolizer (nonexpresser) phenotype. 

Enrichment was also observed for VKORC1 rs9923231-T allele (49.6% versus 35.0%; 

OR = 1.83, 95% CI: 1.70–1.96; Padj = 9.68 × 10⁻⁵⁹) and CYP2C9 rs1799853-T (12.3% versus 

4.9%; OR = 2.74, 95% CI: 2.37–3.16; adjusted Padj = 3.19 × 10⁻⁴³), both are relevant to 

genotype-informed warfarin dosing. 

Conversely, the CYP2C19 rs4244285-A was less frequent in Jordanians than in 1KGP 

overall (10.6% versus 22.1%; OR = 0.42, 95% CI: 0.38–0.46; Padj = 2.70 × 10⁻⁷²) as was 

ABCG2 rs2231142-T (5.0% versus 11.8%; OR = 0.39, 95% CI: 0.35–0.45; Padj = 8.32 × 10⁻⁴⁵). 
Lower frequencies were also observed for the thiopurine-associated TPMT rs1142345-C 

allele (0.8% versus 3.9%; OR = 0.20, 95% CI: 0.15–0.26; Padj = 2.08 × 10⁻³²) and NUDT15 

rs116855232-T (1.5% versus 3.9%; OR = 0.38, 95% CI: 0.30–0.47; Padj = 5.54 × 10⁻¹⁵). In 

contrast, the frequency of IFNL3 rs12979860-T showed no significant difference between 

Jordanians and 1KGP (Table 1). 

Clinical actionability of the Jordanian pharmacogenome 
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PharmCAT generated gene-level findings across multiple pharmacogenes, although 

variation in the completeness of allele-defining positions resulted in gene-specific 

differences in diplotype resolution and phenotype assignment. Phenotype frequencies 

were therefore calculated using gene-specific denominators restricted to participants with 

an assigned phenotype, while ambiguous, indeterminate, and no-call results were 

reported separately (Fig. 2 and Table 2; Supplementary Fig. S2a). Gene-level results were 

obtained for all participants for ABCG2, CYP3A5, DPYD, NUDT15, and VKORC1. 

Phenotype-assigned results were also high for UGT1A1 (99.6%), TPMT (99.4%), and G6PD 

(96.8%), but were lower for CYP2C19 (64.5%), CYP2C9 (63.6%), SLCO1B1 (47.3%), and 

CYP2B6 (32.8%). Gene-specific distributions of resolved diplotypes, assigned phenotypes, 

and unresolved results are provided in Supplementary Tables S2–S4, respectively. 

 

Fig. 2: Predicted pharmacogenomic phenotype distributions in Jordanians. 
Horizontal stacked bars show the proportions of participants classified as normal, increased or rapid, 

intermediate or decreased, poor or deficient, or indeterminate for each pharmacogene. Percentages 

were calculated using gene-specific denominators comprising participants with a retained gene-level 

PharmCAT result, as indicated beside each pharmacogene. Ambiguous diplotypes and no-call results 

were excluded and summarized separately. 
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Table 2. Major clinically actionable pharmacogenomic findings in Jordanians. 

Pharmacogene 
Evaluable 

participants, n/N (%) 
Representative medications 

Major actionable 

genotype(s)/diplotype(s), n (% of 

cohort) 

Predicted functional 

phenotype 
Principal prescribing action 

Participants with 

any guideline-linked 

actionable result, n 

(% of cohort) 

Evidence 

source(s) 

VKORC1 4,322/4,322 (100.0%) 
Warfarin; acenocoumarol; 

phenprocoumon 

−1639 AG, 2,109 (48.8%); −1639 AA, 
1,089 (25.2%) 

Increased warfarin sensitivity 
Genotype-informed dose 

selection and INR monitoring 
3,865 (89.4%) 

DPWG; FDA 

association; FDA 

label 

CYP2C19 2,801/4,322 (64.8%) 
Clopidogrel; voriconazole; proton-

pump inhibitors; antidepressants 

*1/*2, 540 (12.5%); *2/*2, 55 

(1.3%); *1/*3, 12 (0.3%); additional 

diplotypes in Supplementary Table 3 

Rapid, ultrarapid, 

intermediate or poor 

metabolizer 

Drug-specific alternative 

therapy, dose modification or 

enhanced monitoring 

2,772 (64.1%) 

CPIC; DPWG; FDA 

association; FDA 

label 

CYP2C9 2,751/4,322 (63.7%) 
Warfarin; phenytoin; non-steroidal 

anti-inflammatory drugs 

*1/*11, 20 (0.5%); *1/*8, 19 (0.4%); 

*1/*6, 9 (0.2%) 

Intermediate or poor 

metabolizer 

Lower starting dose, 

alternative therapy or 

enhanced monitoring 

2,701 (62.5%) 

CPIC; DPWG; FDA 

association; FDA 

label 

UGT1A1 4,322/4,322 (100.0%) Irinotecan; atazanavir; belinostat 
*1/*80+*28, 1,874 (43.4%); 

*80+*28/*80+*28, 582 (13.5%) 

Intermediate or poor 

metabolizer 

Drug-specific dose reduction, 

alternative therapy or toxicity 

monitoring 

2,507 (58.0%) 

CPIC; DPWG; FDA 

association; FDA 

label 

CYP3A5 4,322/4,322 (100.0%) Tacrolimus 

*1/*3, 609 (14.1%); *1/*1, 43 

(1.0%); *1/*6, 24 (0.6%); *1/*7, 5 

(0.1%) 

Tacrolimus expresser 
Higher initial dose followed by 

therapeutic drug monitoring 
681 (15.8%) 

CPIC; DPWG; FDA 

association 

ABCG2 4,322/4,322 (100.0%) Rosuvastatin; allopurinol 
rs2231142 G/T, 403 (9.3%); T/T, 14 

(0.3%) 
Decreased or poor function 

Drug-specific dose 

adjustment or alternative 

therapy 

419 (9.7%) CPIC; DPWG 

CYP2B6 1,437/4,322 (33.2%) Efavirenz; sertraline 
*1/*18, 10 (0.2%); additional 

diplotypes in Supplementary Table 3 

Intermediate or poor 

metabolizer 

Lower dose, slower titration 

or therapeutic drug 

monitoring 

247 (5.7%) CPIC; DPWG 

NUDT15 4,322/4,322 (100.0%) 
Azathioprine; mercaptopurine; 

thioguanine 

*1/*3, 124 (2.9%); other actionable 

diplotypes in Supplementary Table 3 

Intermediate or poor 

metabolizer 

Reduced starting dose or 

alternative non-thiopurine 

therapy 

194 (4.5%) 

CPIC; DPWG; FDA 

association; FDA 

label 

TPMT 4,298/4,322 (99.4%) 
Azathioprine; mercaptopurine; 

thioguanine 

*1/*3C, 34 (0.8%); *1/*3A, 33 

(0.8%) 

Intermediate or poor 

metabolizer 

Reduced starting dose or 

alternative non-thiopurine 

therapy 

191 (4.4%) 

CPIC; DPWG; FDA 

association; FDA 

label 

DPYD 4,322/4,322 (100.0%) Capecitabine; fluorouracil; tegafur 

Multiple actionable variant 

combinations; complete distribution 

in Supplementary Table 3 

Intermediate metabolizer or 

decreased function 

Reduced starting dose, 

alternative therapy or toxicity 

monitoring 

150 (3.5%) 
CPIC; DPWG; FDA 

label 

SLCO1B1 2,068/4,322 (47.8%) 
Atorvastatin; simvastatin; 

rosuvastatin; other statins 

Multiple actionable diplotypes; 

complete distribution in 

Supplementary Table 3 

Decreased or poor function 
Lower statin dose or selection 

of an alternative statin 
47 (1.1%) CPIC; DPWG 

G6PD 4,183/4,322 (96.8%) 
Rasburicase; primaquine; 

dapsone; methylene blue 

Phenotype-based classification; 

diplotype not applicable 
Deficient or variable activity 

Drug avoidance, alternative 

therapy or enhanced 

monitoring 

14 (0.3%) CPIC; FDA label 

Evaluable participants had an unambiguous PharmCAT result, including usable calls with missing-position warnings. Representative genotypes/diplotypes occurring in at least five participants are shown. Percentages use the full cohort 

denominator (n = 4,322). Complete distributions and medication-specific recommendations are provided in Supplementary Tables 3 and 4, respectively. Abbreviations: CPIC, Clinical Pharmacogenetics Implementation Consortium; 

DPWG, Dutch Pharmacogenetics Working Group; FDA, U.S. Food and Drug Administration; INR, international normalized ratio. 
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Overall, 4,293 participants (99.3%) carried at least one medication-specific actionable PGx 

result, involving a median of six medications per participant (interquartile range, 4–8). All 

participants had PGx guidance for at least one medication (Supplementary Fig. S2c and 

Supplementary Table S5). Actionable results supported by CPIC and DPWG 

recommendations were identified in 99.0% and 63.7% of participants, respectively. The 

U.S. Food and Drug Administration (FDA)-recognized PGx associations were identified in 

92.7% of participants, including results supported by FDA-approved drug labelling in 

69.9% (Supplementary Fig. S2d). 

Warfarin-related prescribing recommendations and the predicted CYP3A5 nonexpresser 

phenotype were among the most prevalent findings. The VKORC1 rs9923231-T allele was 

carried by 74.0% of participants (heterozygous AG, 49.0%; homozygous AA, 25.2%). 

Integrated VKORC1–CYP2C9 interpretation generated warfarin-related prescribing 

recommendations for 3,882 participants (89.9 %). All 4,322 participants received an 

assigned CYP3A5 phenotype, 84.2% were predicted poor metabolizers (nonexpressers), 

whereas 15.8% were expressers comprising 14.8% intermediate and 1.0% normal 

metabolizers. Reduced CYP2C19 metabolism was identified in 713 of 2,786 participants 

with an assigned phenotype (25.6%). For CYP2C9, 51 of 2,748 phenotype-assigned 

participants (1.9%) were intermediate metabolizers and one (<0.1%) was a poor 

metabolizer (Supplementary Fig. S2b and Supplementary Table S4). 

Variation in drug transport and glucuronidation was strongly gene-dependent. For ABCG2, 

decreased- and poor-function phenotypes were identified in 403 (9.3%) and 14 (0.3%), 

respectively. Reduced SLCO1B1 function, comprising decreased- and poor-function 

phenotypes, was observed in 21 of 2,044 participants (1.0%) with an assigned phenotype. 

Reduced UGT1A1 activity was more frequent, affecting 2,507 of 4,321 participants (58.0%), 

including 1,906 (44.1%) intermediate and 601 (13.9%) poor metabolizers. The predominant 

UGT1A1 diplotypes were *1/*80+*28, identified in 1,874 of 4,322 participants (43.4%), and 

*80+*28/*80+*28, identified in 582 (13.5%) (Supplementary Fig. S2b and Supplementary 

Tables S3 and S4). 

Predicted phenotypes associated with severe drug toxicity were comparatively infrequent 

(Supplementary Table S4). Among 4,322 participants with NUDT15 results, 124 (2.9%) 

were intermediate metabolizers and three (0.07%) were poor metabolizers. Among 4,298 

participants with TPMT results, 69 (1.6%) were intermediate metabolizers and one (<0.1%) 

was a poor metabolizer; seven additional results were indeterminate. For DPYD, 28 of 

4,322 participants (0.6%) were intermediate metabolizers, whereas 1,373 (31.8%) had 

indeterminate classifications. Among 4,183 participants with G6PD results, nine (0.2%) 
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were classified as deficient and five (0.1%) as variable, corresponding to a combined non-

normal phenotype frequency of 14/4,183 (0.3%). 

Global and regional differentiation of clinically relevant pharmacogenomic variation 

Actionable phenotype frequencies were compared across populations using harmonized 

gene-specific definitions and matched phenotype-assigned denominators (Fig. 3 and 

Supplementary Table S6). Compared with 1KGP overall, Jordanians had lower frequencies 

of actionable results involving ABCG2 (9.7% versus 22.6%; Bonferroni-Padj=1.06×10⁻⁴⁷, 
CYP3A5 (15.8% versus 47.6%; Padj=1.21×10⁻¹⁷⁸), NUDT15 (4.5% versus 16.3%; 

Padj=2.50×10⁻61), TPMT (4.4% versus 16.3%; Padj=2.58×10⁻62), and G6PD (0.3% versus 1.3%; 

Padj=2.05×10⁻05)(Fig. 3a). Relative to Europeans, Jordanians also had lower actionable 

frequencies for ABCG2 (9.6% versus 19.6%; Padj=6.02 × 10–11) and TPMT (4.4% versus 8.2%; 

Padj=1.97 × 10–03), but a higher frequency for CYP3A5 (15.8% versus 10.1%; Padj=8.90 × 10–

03). Differences for NUDT15 and G6PD were not significant after Bonferroni correction (Fig. 

3b). 

 
Fig. 3: Global and regional differentiation of clinically relevant pharmacogenomic 

variation in Jordanians.  
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a, b, Frequencies of harmonized gene-specific actionable phenotypes in Jordanians (JOR; 

total cohort, n = 4,322) compared with (a) 1KGP overall (n = 2,574) and (b) the 1KGP 

European superpopulation (EUR; n = 525). Percentages were calculated using gene-

specific endpoint-assessable denominators, identical definitions applied to both 

populations. c, Volcano plot of exact-allele frequency differences between Jordanians and 

Genome Aggregation Database (gnomAD) global genomes. Axes represent the alternative-

allele-frequency difference (JOR−gnomAD global) and −log₁₀ false discovery rate (FDR). 
Dashed vertical lines indicate differences of ±0.05 and the horizontal line indicates 

FDR = 0.05. Values exceeding the plotted y-axis range are displayed at 300+, and selected 

differentiated genes are labelled. d, Harmonized gene-specific PGx endpoints in 

Jordanians and the Qatar Genome Program (QGP; n = 6,045), based on matched 

phenotype- or genotype-level definitions (Supplementary Table S8). QGP counts were 

reconstructed from published frequencies. For a, b and d, two-sided tests of proportions 

or Fisher’s exact tests for sparse data were applied, with Bonferroni correction: *Padj < 0.05, 

**Padj < 1 × 10⁻⁴, and ***Padj ≤ 1 × 10⁻⁶. 

At the variant level, 5,291 of 6,154 PharmGKB-annotated alleles (86.0%) differed 

significantly between Jordanians and the gnomAD global population after FDR correction, 

including 4,415 that remained significant after Bonferroni correction. Among the FDR-

significant alleles, 2,514 were more frequent, and 2,777 were less frequent in Jordanians. 

Population-specific comparisons revealed substantially fewer differences relative to the 

gnomAD Middle Eastern population than to non-Finnish Europeans (94 versus 5,379 FDR-

significant variants, respectively (Fig. 3c; Supplementary Table S7). 

Several clinically actionable variants differed markedly in frequency between Jordanians 

and the gnomAD global population (Table 1; Supplementary Fig. S3). The largest 

differences involved genes relevant to anticoagulation and transplantation. The VKORC1 

rs9923231-T (49.6% versus 31.9%; Padj=2.0 × 10⁻²⁵²), CYP4F2 rs2108622-T (39.8% versus 

23.0%; Padj=4.2 × 10⁻²⁷⁶), and CYP3A5 rs776746-C (89.1% versus 72.9%; Padj=2.0 × 10⁻²⁴²) 
alleles were all enriched in Jordanians. The decreased-function CYP2C9 alleles 

rs1799853-T (12.3% versus 8.8%; Padj=6.5 × 10⁻²⁸) and rs1057910-C (8.0% versus 4.9%; 

Padj=5.5 × 10⁻³⁶) were also more frequent. Conversely, the CYP2C19 rs4244285-A (10.6% 

versus 16.8%) and ABCG2 rs2231142-T (5.0% versus 9.3%) alleles were less frequent in 

Jordanians, as were the thiopurine-associated TPMT variants rs1142345-C (0.8% versus 

4.3%) and rs1800460-T (0.4% versus 2.6%) (all Padj <2 × 10⁻60). Frequencies of the principal 

VKORC1, CYP4F2, CYP3A5, CYP2C19, and ABCG2 alleles in the gnomAD Middle Eastern 

population more closely approximated those observed in Jordanians than did the 

corresponding global or non-Finnish European populations.
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Table 1. Population frequencies of selected clinically relevant pharmacogenomic alleles. 

Pharmacogene VKORC1 CYP4F2 CYP3A5 CYP2C9 CYP2C19 ABCG2 TPMT NUDT15 UGT1A1 IFNL3 

Variant–effect 

allele 
rs9923231–T rs2108622–T rs776746–C rs1799853–T rs1057910–C rs4244285–A rs2231142–T rs1142345–C rs1800460–T rs116855232–T rs887829–T rs12979860–T 

Functional 

consequence 

Reduced 

VKORC1 

expression 

Reduced 

enzymatic 

activity 

Loss of 

function; non–
expresser 

Decreased 

function 

Decreased 

function 
No function 

Decreased 

function 
No function No function 

Decreased 

function 

Reduced 

expression 

Altered 

treatment 

response 

Representative 

medications 
Warfarin Warfarin Tacrolimus 

Warfarin; 

phenytoin; 

NSAIDs 

Warfarin; 

phenytoin; 

NSAIDs 

Clopidogrel; 

voriconazole; 

proton–
pump 

inhibitors 

Rosuvastatin; 

allopurinol 
Thiopurines Thiopurines Thiopurines 

Irinotecan; 

atazanavir 

Peginterferon; 

ribavirin 

Jordanian 

cohort 
49.6% 39.8% 89.1% 12.3% 8.0% 10.6% 5.0% 0.8% 0.4% 1.5% 35.6% 35.6% 

Jordanian cohort compared with the 1000 Genomes Project 

1KGP 

Europeans 
38.4% 28.2% 94.5% 12.6% 7.2% 14.4% 9.5% 2.9% 2.8% 0.2% 29.7% 30.9% 

1KGP overall 35.0% 23.6% 62.2% 4.9% 4.8% 22.1% 11.8% 3.8% 1.3% 3.9% 35.4% 35.6% 

Difference 

(Jordan − 1KGP 
overall) 

14.6% 16.2% 26.9% 7.4% 3.2% –11.6% –6.8% –3.1% –0.9% –2.4% 0.2% 0.0% 

OR (95% CI) 
1.83 (1.70–

1.96) 

2.14 (1.98–
2.31) 

4.97 (4.55–
5.42) 

2.74 (2.38–
3.16) 

1.71 (1.47–
1.98) 

0.42 (0.38–
0.46) 

0.39 (0.35–
0.45) 

0.20 (0.15–
0.27) 

0.32 (0.21–
0.47) 

0.38 (0.30–0.47) 
1.01 (0.94–

1.09) 

1.00 (0.93–
1.08) 

Padj 9.88×10^–62 1.80×10^–83 <1×10⁻³⁰⁰ 2.29×10^–46 1.75×10^–12 3.79×10^–75 6.25×10^–48 1.14×10^–35 8.41×10^–9 1.94×10^–18 0.797 0.97 

Jordanian cohort compared with gnomAD genomes 

gnomAD Middle 

Eastern 
53.4% 39.1% 89.5% 13.9% 6.5% 8.6% 5.4% 1.7% 1.4% 0.3% 33.0% 38.1% 

gnomAD non–
Finnish 

European 

37.8% 28.6% 93.1% 12.7% 6.6% 14.8% 10.9% 4.2% 3.8% 0.3% 32.1% 31.5% 

gnomAD global 31.9% 23.0% 72.9% 8.8% 4.9% 16.8% 9.3% 4.3% 2.6% 1.3% 36.1% 38.6% 

Difference 

(Jordan − 
gnomAD global) 

17.7% 16.8% 16.2% 3.5% 3.1% –6.2% –4.3% –3.5% –2.2% 0.2% –0.5% –3.0% 

OR (95% CI) 
2.10 (2.01–

2.19) 

2.21 (2.12–
2.32) 

3.05 (2.84–
3.26) 

1.45 (1.36–
1.55) 

1.68 (1.55–
1.82) 

0.59 (0.55–
0.63) 

0.51 (0.46–
0.56) 

0.18 (0.14–
0.23) 

0.15 (0.11–
0.21) 

1.20 (1.00–1.43) 
0.98 (0.94–

1.02) 

0.88 (0.84–
0.92) 

Padj 1.99×10^–252 4.18×10^–276 
2.00×10^–

242 
6.50×10^–28 5.46×10^–36 2.40×10^–51 1.90×10^–41 5.85×10^–57 1.84×10^–36 0.053 0.384 3.59×10^–8 

Variants were selected for clinical relevance, therapeutic breadth, and contrasting population-frequency patterns. Frequencies refer to the stated effect allele. Differences, odds ratios (ORs), and false-discovery-rate (FDR)-adjusted P 

values (Padj) compare Jordanians with with 1KGP overall or gnomAD global genomes, as indicated. gnomAD comparisons used exact GRCh38 chromosome-position-reference-alternate matches.  Bold values indicate FDR < 0.05. 

Abbreviations: CI, confidence interval; 1KGP, 1000 Genomes Project; gnomAD, Genome Aggregation Database; NSAIDs, non-steroidal anti-inflammatory drugs.  
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To assess regional variation, we compared matched gene-specific PGx endpoints between 

the Jordanian cohort and published aggregate data from Qatar Genome Program (QGP) 

(Fig. 3d and Supplementary Table S8). The largest differences were observed for CYP2B6 

intermediate or poor metabolism (11/1,382, 0.80%, in Jordanians versus approximately 

2,781/6,045, 46.00%, in QGP; Padj=4.10 × 10⁻²¹⁴), decreased or poor SLCO1B1 function 

(21/2,033, 1.03% versus approximately 1,959/6,045, 32.41%; Padj=5.06 × 10⁻¹⁷⁷), and 

CYP2C9 intermediate or poor metabolism (52/2,748, 1.89% versus approximately 

1,928/6,045, 31.89%; Padj=5.86 × 10⁻²¹³), all of which were less frequent in Jordanians. 

Reduced CYP2C19 metabolism was modestly more frequent in Jordanians than in QGP 

(713/2,772, 25.72% versus 1,312/6,045, 21.70%; Padj= 3.13 × 10⁻⁴). Smaller differences 

were observed for CYP3A5, NUDT15, and DPYD (all Padj < 0.05), whereas VKORC1, TPMT, 

and ABCG2 did not differ significantly. Sensitivity analyses accounting for rounding of the 

published QGP frequencies did not alter these findings. 

Coverage of complex pharmacogenomic loci  

The array-imputed dataset included 186 variants across four pharmacogenes with 

complex genomic architecture, comprising 103 variants in CYP2D6, 40 in HLA-A, 11 in 

HLA-B, and 32 in MT-RNR1. Although the CYP2D6 marker rs3892097-T and selected HLA-

region proxy variants were represented, the available array data did not support validated 

CYP2D6 structural-variant, hybrid-allele, diplotype calling, or classical HLA-A and HLA-B 

allele assignment. In addition, the clinically actionable MT-RNR1 variants m.1095T>C, 

m.1494C>T, and m.1555A>G could not be reliably resolved. Consequently, these loci were 

excluded from definitive clinical phenotype assignment and actionable-burden analyses 

(Supplementary Tables S9 and S10). 

Discussion  

This study provides the first population-scale characterization of clinically actionable PGx 

variation in a Levantine population. Analysis of 4,322 unrelated Jordanians extends the 

available national evidence beyond individual candidate genes and clinically selected 

cohorts by integrating allele frequencies, predicted diplotypes and phenotypes, and 

medication-specific prescribing recommendations. 99.3% of participants had at least one 

medication-specific PGx result classified as potentially actionable, with a median of six 

implicated medications per individual. These findings indicate substantial potential reach 

for PGx-guided prescribing. Notably, the marked differences from global reference 

populations demonstrate that the expected clinical yield of PGx testing may be 

inaccurately estimated when inferred from ancestrally mismatched datasets. 
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Previous PGx research in Jordan has largely focused on specific gene–drug associations. 

Over 30 studies have been published, primarily involving disease-specific or case-based 

cohorts genotyped using limited variant panels. Most were conducted at single centres or 

within geographically restricted populations, and only five included more than 500 

participants. Although clinically relevant associations were reported for genes such as 

VKORC1, CYP2C9, and CYP2C19, the broader population distribution and potential 

prescribing relevance of PGx variation remained largely undefined (Yehya & Altaany, 2021). 

More recently, whole-genome sequencing of 76 Jordanian patients with genetic disorders 

identified PGx biomarkers relevant to warfarin, clopidogrel, antidepressants, and 

anticancer therapy (Jarrar et al., 2025).  

The present study extends this evidence provides the first large-scale characterization of 

potentially actionable PGx variation in Jordan and translates thousands of variants into 

clinically interpretable phenotypes and medication-specific prescribing 

recommendations. By leveraging a multi-centre cohort, recruitment through healthcare 

institutions across several Jordanian governorates provides broader geographic 

representation than previous single-centre studies. Thus, this study advances the national 

PGx evidence beyond individual variant discovery towards population-level potential of Gx-

guided prescription. 

Patterns of PGx variation broadly reflected the position of Jordanians within the West 

Eurasian continuum and the demographic history of the Levant. Differences were smallest 

relative to Europeans, followed by South Asians and Admixed Americans, and greatest 

relative to East Asians and Africans. Broad continental comparisons, however, did not fully 

capture regional population structure (Gouveia et al., 2023). Jordanian allele frequencies 

showed substantially greater concordance with the gnomAD Middle Eastern reference, 

consistent with shared regional ancestry. Residual differentiation may reflect the fine-

scale genetic structure and admixture patterns of populations in the Levant and Arabian 

Peninsula (Elliott et al., 2022; Haber et al., 2013; Rodriguez-Flores et al., 2016). These 

findings support the use of regional reference datasets to provide greater resolution of PGx 

variation, while population-specific data remain essential for accurately estimating the 

prevalence of clinically relevant alleles and informing PGx clinical implementation. 

The high prevalence of potentially actionable PGx variation shifts the implementation 

question from whether PGx testing is relevant to which gene–drug pairs offer the greatest 

clinical value. A pre-emptive panel provides reusable information across multiple 

prescriptions. However, the presence of genotype-linked prescribing guidance alone does 

not establish clinical utility (Keeling et al., 2019). Prioritization should encompass common 

phenotypes affecting widely prescribed medicines and less frequent variants associated 
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with severe, preventable adverse outcomes. Evidence that panel-guided prescribing can 

reduce adverse drug reactions supports this risk-and evidence-based approach (Swen et 

al., 2023). Integration of the population-level PGx findings with national prescribing 

patterns, disease burden, and clinical outcomes is therefore the critical next step towards 

a clinically effective and economically sustainable PGx programme in Jordan. 

Anticoagulation emerged as a strong candidate for prospective implementation. Warfarin-

related recommendations were identified for 89.9% of participants, driven by the high 

prevalence of functional variation in VKORC1 rs9923231-T, CYP4F2 rs2108622-T, and 

CYP2C9 alleles rs1799853-T and rs1057910-C. This population-level pattern reinforces 

earlier evidence linking VKORC1 and CYP2C9 variation to warfarin sensitivity and dose 

requirements in Jordanian cardiovascular patients (Al-Eitan et al., 2019). These 

pharmacogenes are central components of CPIC genotype-guided warfarin dosing 

recommendations (Nemer & Hendi, 2023; Relling & Klein, 2011). These findings therefore 

support prospective evaluation of a locally, genotype-guided dosing approach that 

integratePGx result with established clinical factors and continued INR monitoring. The 

Clinical utility should be assessed through anticoagulation control, reductions in bleeding 

and thromboembolic outcomes, and health care utilization compared to standard care. 

Transplantation represents another relevant pathway for targeted PGx implementation. 

Although most participants were predicted CYP3A5 poor metabolizers, 15.8% were 

classified as expressers. For patients receiving tacrolimus, CYP3A5 expressers generally 

require a higher genotype-guided starting dose than nonexpressers; starting doses are 

generally recommended, followed by therapeutic drug monitoring to achieve and maintain 

the target concentration (Birdwell et al., 2015; Chen & Prasad, 2018). Jordanian CYP3A5-

associated actionability was substantially lower than that in 1KGP overall but higher than 

that in Europeans, illustrating how reference-population selection alters the anticipated 

yield of PGx testing. A similar expresser frequency of approximately 18% was reported in 

Qatar (Jithesh et al., 2022), suggesting partial regional similarity. These findings support 

evaluation of pre-emptive CYP3A5 testing within Jordanian transplant programmes, where 

genotype-guided initial dosing can be combined with therapeutic drug monitoring and 

established clinical factors. 

Substantial clinical actionability was also observed across cardiovascular medicine, 

oncology, infectious diseases, gastroenterology, and psychiatry. Reduced CYP2C19 

metabolism was identified in 713 of 2,786 participants with an assigned phenotype 

(25.6%). However, its clinical implications vary by medication and indication. For 

clopidogrel, these phenotypes reduce active-metabolite formation and platelet inhibition, 

supporting genotype-guided treatment in defined cardiovascular settings (Dean & Kane, 
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2012). Reduced CYP2C19 metabolism may increase exposure to proton-pump inhibitors, 

potentially enhancing acid suppression and treatment efficacy (Lima et al., 2021). For 

voriconazole, reduced metabolism may increase drug exposure and toxicity risk, 

supporting genotype-informed dose selection alongside therapeutic drug monitoring 

(Moriyama et al., 2017). 

Reduced UGT1A1 activity was identified in 58.0% of participants, indicating a potentially 

broad impact on medications, such as irinotecan and atazanavir. However, the strength of 

prescribing recommendations depends on the phenotype, medication, dose, indication, 

and applicable guideline. Consequently, a high phenotype prevalence alone does not 

justify population-wide testing (Johnson et al., 2022). The priority of UGT1A1, CYP2C19, 

and other gene–drug pairs should be determined by local medication use, clinical 

outcomes, disease burden, and the feasibility of integrating results into prescribing 

workflows. 

Conversely, toxicity-associated phenotypes, involving NUDT15, TPMT, DPYD, and G6PD, 

were less frequent but clinically potentially consequential. Their relatively low observed 

frequencies should not be interpreted as limited clinical value because the associated 

outcomes—including thiopurine-induced myelosuppression, fluoropyrimidine toxicity, and 

drug-induced haemolysis—can be serious and potentially preventable. For thiopurines, 

CPIC recommends genotype-guided dose modification based on both TPMT and NUDT15, 

whose relative contributions to toxicity risk vary across ancestry groups (Maillard et al., 

2026; Relling & Klein, 2011). Because reduced function in either gene can increase the risk 

of severe thiopurine-related myelosuppression, testing both genes before treatment is 

more appropriate than selecting a single gene based on presumed ancestry. More broadly, 

implementation priorities should consider phenotype frequency alongside the severity and 

preventability of drug-related harm, local medication exposure, and the availability of 

effective risk-mitigation strategies. 

Regional evidence increasingly indicates that clinically relevant PGx variation is 

widespread but heterogeneous across Middle Eastern populations (Goljan et al., 2022; 

Jithesh et al., 2022). Our harmonized comparison with QGP reinforces this heterogeneity, 

suggesting differences in CYP2B6, SLCO1B1, and CYP2C9, and more modest differences 

in CYP2C19, CYP3A5, NUDT15, and DPYD. In contrast, VKORC1, TPMT, and ABCG2 

showed broadly comparable frequencies. Restricting CYP2C19 to reduced-metabolism 

phenotypes changed the magnitude and direction of the observed difference, 

underscoring the importance of harmonized phenotype definitions in population 

comparisons.  
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These findings suggest that PGx profiles may vary within the region; however, the 

magnitude of individual gene-level differences should be interpreted cautiously. These 

differences may reflect population structure and analytical heterogeneity, including 

sequencing platforms, variant coverage, callability, and phenotype-translation methods. 

Whole-genome sequencing provides greater resolution of CYP2D6, classical HLA, and 

mitochondrial variation than array-based imputation. Apparent regional differences may 

therefore reflect demographic history and methodological variation (Ismail et al., 2026). 

Standardized sequencing, allele definition phenotype translation, and matched 

comparison criteria will be important for establishing a robust Middle Eastern PGx 

reference framework. 

Several limitations should frame interpretation. Array-based imputation captured a broad 

range of common PGx variation but could not comprehensively resolve structurally 

complex loci, including CYP2D6, classical HLA alleles, and clinically important 

mitochondrial variants. Therefore, the detectable scope of PGx variation was incomplete. 

Diplotype resolution and phenotype assignment varied across pharmacogenes, 

particularly CYP2B6, SLCO1B1, CYP2C9, and CYP2C19, necessitating gene-specific 

denominators and limiting direct comparisons across genes. The high proportion of 

indeterminate DPYD classifications further limits interpretation of its apparently low 

actionable-phenotype frequency. PharmCAT-derived diplotypes and phenotypes were 

computational predictions and were not validated against pharmacokinetics, 

pharmacodynamics, or adverse events. Medication exposure and longitudinal clinical data 

were unavailable, preventing estimation of recommendation uptake or clinical benefit. 

External comparisons may also be influenced by differences in sequencing technology, 

variant ascertainment, allele definitions, callability thresholds, phenotype-translation 

methods, ancestry composition, and sample size. Although the cohort was large, further 

sampling is required to establish its representation of the complete geographic, 

demographic, and ancestral diversity of Jordan. 

Future efforts should combine population-scale whole-genome sequencing with 

dedicated CYP2D6, HLA, and mitochondrial analysis, supported by orthogonal validation 

of clinically important calls. Integration of genomic profiles with prescriptions, therapeutic 

drug monitoring, and longitudinal outcomes will be essential to determine clinical utility. 

Initial prospective studies should prioritize well-supported pathways with plausible local 

impact, including warfarin dosing, tacrolimus therapy, antiplatelet therapy, thiopurines, 

and fluoropyrimidines. Transparent and locally validated clinical decision support systems 

could integrate genomic, clinical, and medication data for real-time precision prescribing. 

Regional Levant studies should then assess clinical and cost-effectiveness, health-system 

integration, and the distinction between shared and population-specific PGx variation. 
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In conclusion, we provided the first population-scale characterization of clinically 

actionable pharmacogenomic variation in Jordanians and established a population-

specific evidence base for clinical translation. These findings support locally prioritized 

testing and prospective validation, while providing an essential foundation for precision 

prescribing in Jordan and across the Levant. 

Methods 

Study population 

The study included genotype data from 4,961 Jordanian individuals originally recruited 

through the Jordan coronavirus disease 2019 (COVID-19) Host Genomics Initiative 

between December 2020 and early 2022 as part of international efforts to investigate host 

genetic determinants of Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) 

susceptibility and COVID-19 severity (Initiative, 2021, 2023). Participants were recruited 

through governmental, university, military, and private healthcare institutions across 

northern, central, and southern Jordan (Supplementary Table S11). 

Following genotype quality control and relatedness filtering, 4,322 unrelated Jordanian 

individuals were retained for PGx analyses, including 2,053 females (47.5%) and 2,269 

males (52.5%), with a mean age of 56.0 years (standard deviation (SD): ± 17.5 years). 

Ethics approval 

The original Jordanian COVID-19 host-genomics studies were approved by the Scientific 

Research Ethics Committee of the Jordanian Ministry of Health on 9 December 2020 

(approval no. MoH/REC/2020/211) and conducted in accordance with the Declaration of 

Helsinki and applicable national ethical and regulatory requirements. Informed consent 

was obtained from all participants under the approved study protocols. On 5 May 2024, the 

Jordanian Ministry of Health granted authorization for secondary use of the data across 

several genomic investigations, including the characterization of clinically actionable 

pharmacogenomic genotypes. The present study involved a secondary analysis of de-

identified genotype data, with individual-level demographic information limited to age and 

sex. 

Microarray genotyping  

DNA samples were genotyped using the Infinium Global Screening Array-24 v3.0 BeadChip 

platform (Illumina, San Diego, CA, USA). Raw genotype intensity data were processed, and 

genotype clustering was performed using GenomeStudio software (Illumina). The initial 
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SNP-array dataset contained 730,059 assayed variants, with an overall genotyping rate of 

94.5%. Variant genomic coordinates were assigned according to the GRCh38/hg38 

Illumina GSA v3.0 manifest. 

Quality control was performed using PLINK v1.90 and PLINK v2.0 (Purcell et al., 2007). 

Sample-level quality control excluded individuals with genotype missingness > 5% (n = 

123), discordance between reported and genetically inferred sex (n = 2), or autosomal 

heterozygosity more than four standard deviations from the cohort mean (n = 10). Pairwise 

relatedness was assessed using identity-by-descent and KING-robust kinship estimates 

(Manichaikul et al., 2010), and one individual from each related pair was excluded at a 

kinship threshold of 0.0884, corresponding approximately to second-degree relatedness (n 

= 490).  

Variant-level quality control excluded markers with a minor allele frequency (MAF) < 1%, 

high genotype missingness > 1%, or Hardy–Weinberg equilibrium P < 1 × 10⁻⁶ (Wigginton et 

al., 2005). Variants within low-complexity genomic regions were also excluded to reduce 

potential genotyping and alignment artefacts. The final quality-controlled dataset 

comprised 529,319 autosomal and non-autosomal variants in 4,329 participants, with an 

overall genotyping rate of 99.99%. 

Phasing and genotype imputation 

Quality-controlled SNP-array genotypes were phased and imputed using the Michigan 

Imputation Server v2.0.9 (https://imputationserver.sph.umich.edu). Phasing was 

performed with Eagle2 v2.4 (Loh et al., 2016), and genotype imputation was conducted 

against the 1KGP Phase 3 high-coverage (30×) reference panel on GRCh38 coordinates 

(Byrska-Bishop et al., 2022; Genomes Project et al., 2015). Following post-imputation 

relatedness and heterozygosity filtering, the final phased imputed dataset contained 

50,066,602 variants in 4,322 unrelated individuals and was used for downstream PGx 

analysis.  

Pharmacogenomic variant selection 

PharmGKB clinical annotations were used to characterize PGx variation beyond the 

variants required for star-alleles (haplotypes) assignment 

(https://www.pharmgkb.org/downloads/, accessed June 2026). Variant-level analyses 

were restricted to simple variants with dbSNP reference SNP (rs) identifiers. Of 7,301 

unique rsIDs identified, 7,290 were mapped to GRCh38 coordinates using Ensembl 

annotation resources (Dyer et al., 2025). After normalization, 6,353 variants (87.0%) were 
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matched to the Jordanian dataset by chromosome, position, reference allele, and 

alternate allele. Allele counts and frequencies were calculated using PLINK v2.0. 

Variants required for pharmacogene haplotype and diplotype inference were selected 

using the genomic target regions and allele definition implemented in PharmCAT v3.2.0, 

with allele and phenotype definitions released on 9 February 2026 (Klein & Ritchie, 2018; Li 

et al., 2023; Sangkuhl et al., 2020). Of 26,589 extracted variants, 607 directly genotyped 

variants were retained without applying imputation-quality thresholds, whereas 7,799 

imputed variants met the prespecified imputation-quality threshold of R² ≥ 0.80. The 

remaining 18,183 variants (68.4%) were excluded because of low or missing imputation 

quality. The final PharmCAT input contained 8,406 high-quality variants in 4,322 

participants, with imputation-derived phase information preserved for haplotype and 

diplotype inference. 

Star alleles were assigned only when the phased genotype matched a PharmCAT allele 

definition across the required defining positions. Accordingly, detection of an individual 

defining variant in the variant-level dataset was not considered sufficient evidence for 

assignment of the corresponding star allele. To investigate the apparent absence of 

CYP2C9*2 (rs1799853), CYP2C9*3 (rs1057910), and CYP2C19*17 (rs12248560) were 

specifically audited across the quality-filtered VCF, preprocessed PharmCAT input, allele-

matching warnings and individual reports. Defining variants that were present but could 

not be incorporated into a unique phased haplotype were retained in variant-level analyses 

but were not assigned as star alleles or interpreted as reference alleles. Unresolved 

assignments were reported separately and excluded from diplotype- and phenotype-

frequency calculations. 

Pharmacogenomic analysis 

Pharmacogene haplotypes, diplotypes, functional phenotypes and prescribing 

recommendations were determined using PharmCAT v3.2.0, Named Allele Matcher v2.0.0, 

and the allele and phenotype definitions released on 9 February 2026. The phased, quality-

filtered VCF was processed using the PharmCAT preprocessor, Named Allele Matcher, 

Phenotyper, and Reporter modules. Observed haplotypes were matched to the 

implemented allele definitions and resolved diplotypes were translated into functional 

phenotypes. Genotype-specific prescribing recommendations were obtained from CPIC 

guidelines, PharmGKB-curated DPWG guidelines, and pharmacogenomic information 

contained in US FDA–approved drug labels. Individual reports were generated for all 4,322 

participants. 
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Variant-completeness and allele-matching warnings produced by PharmCAT were 

retained for quality assessment. A resolved diplotype was defined as a single, 

unambiguous diplotype assignment, including warning-flagged assignments retained 

despite incomplete defining-position coverage. A phenotype-assigned result was defined 

as a resolved gene-level result translated into an interpretable phenotype. Indeterminate 

phenotypes, ambiguous diplotypes and no-call results were summarized separately and 

were not treated as negative findings. Diplotype and phenotype frequencies were 

calculated using gene-specific resolved-diplotype and phenotype-assigned denominators, 

respectively. 

A result was classified as actionable when the inferred diplotype or phenotype was linked 

to an explicit recommendation to alter drug selection, dose, treatment initiation, toxicity 

risk, titration, or clinical monitoring. Drug–gene associations or toxicity statements without 

a corresponding prescribing recommendation were classified as PGx guidance but were 

not considered actionable in the primary analysis. Recommendations were summarized 

separately by source to distinguish CPIC-, DPWG-, and FDA-supported information. Major 

actionable diplotypes were defined as those observed in at least five participants. 

Actionable-result frequencies were summarized by gene, diplotype, phenotype, drug, and 

guideline source. Individual PGx burden was summarized as the number of unique drugs 

associated with an actionable recommendation and the number of drugs with any PGx 

guidance for each participant. 

For population comparisons, phased high-coverage 1KGP GRCh38 data were initially 

available for 3,202 individuals; analyses were restricted to 2,574 unrelated participants 

with complete population assignments and harmonized variant data. Variant-level allele 

frequencies were compared with the combined 1KGP cohort and its five superpopulations. 

Gene-level comparisons used PharmCAT v3.2.0 and its bundled allele-definition release, 

applying consistent calling and warning-handling criteria to both cohorts. Published 

aggregate PGx frequencies from 6,045 QGP whole-genomes were used as regional 

comparisons (Jithesh et al., 2022). Comparisons were restricted to gene-specific 

phenotype- or genotype-level endpoints that could be matched across studies. Jordanian 

frequencies were calculated using endpoint-assessable denominators, and QGP counts 

were reconstructed from published percentages when counts were unavailable. 

Differences were assessed using two-sided pooled two-proportion tests, with Fisher’s 
exact test applied to sparse categories and Bonferroni correction across the ten endpoints 

compared. Sensitivity analyses examined the effect of rounding the published QGP 

percentages. 
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A complementary variant-level analysis characterized PharmGKB-annotated variation 

beyond PharmCAT diplotype calls. Allele frequencies in Jordanians were compared with 

those in the overall 1KGP cohort and its superpopulations. For comparison with gnomAD 

v4.1 genomes, PASS variants were harmonized to the Jordanian dataset by exact 

agreement of GRCh38 chromosome, position, reference allele, and alternate allele 

(https://gnomad.broadinstitute.org/; accessed June 2026) (Karczewski et al., 2021). 

Comparisons were conducted separately against gnomAD global, Middle Eastern, and 

non-Finnish European frequencies. All exactly matched alleles were included in the 

analysis, with representative clinically relevant variants selected for presentation based on 

PharmGKB evidence, effect magnitude, and therapeutic relevance. 

The complex pharmacogenes CYP2D6, HLA-A, HLA-B, and MT-RNR1 were assessed 

separately. The corresponding genomic regions contained 103, 40, 11, and 32 variants, 

respectively. However, the microarray-imputed data did not support reliable CYP2D6 

structural-allele inference, classical HLA genotyping, or mitochondrial heteroplasmy 

assessment. These genes were therefore included in the coverage analysis but were not 

assigned definitive clinical diplotypes or phenotypes. 

Population structure analysis 

Population structure was evaluated by jointly analysing the 4,322 unrelated Jordanian 

participants with 2,574 unrelated individuals from the 1KGP, comprising 681 African (AFR), 

351 Admixed American (AMR), 506 East Asian (EAS), 525 European (EUR), and 511 South 

Asian (SAS) individuals. Variants were matched by chromosome and position, and 

reference and alternate alleles were aligned before merging. The datasets were restricted 

to shared autosomal biallelic variants on GRCh38 with concordant genomic coordinates 

and alleles. Duplicate and allele-incompatible sites were excluded before merging in 

PLINK v1.9 using --bmerge. Linkage disequilibrium (LD) pruning was performed in PLINK 

v1.9 using a 200-variant sliding window advanced in five-variant increments and an r2 

threshold of 0.05 (--indep-pairwise 200 5 0.05). Pruning retained 191,785 variants; after 

automatic exclusion of 6,097 non-autosomal variants, 185,688 autosomal variants were 

used to calculate the genetic relationship matrix and the first 20 principal components 

(PCs).  

Statistical analysis  

Differences in allele frequencies and actionable-result proportions between the Jordanian 

cohort and the 1KGP or gnomAD reference populations were assessed using two-sided 

pooled two-proportion z-tests. Effect sizes were reported as absolute allele-frequency 

differences and odds ratios with 95% CIs. Variant-wide comparisons were adjusted using 
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the Benjamini–Hochberg FDR procedure, whereas comparisons of predefined clinically 

actionable pharmacogenes were corrected using the Bonferroni method. An FDR- or 

Bonferroni-adjusted P-value < 0.05, as applicable, was considered statistically significant.  

Diplotype, phenotype, and actionable-result frequencies were calculated using gene-

specific denominators, comprising participants with resolved diplotypes, assigned 

interpretable phenotypes, and reportable medication-specific recommendations, 

respectively. Harmonized population comparisons used gene-specific endpoint-

assessable denominators. Results are presented as counts, percentages, and 95% Wilson 

CIs. Individual PGx burden was summarized using the mean, standard deviation, median, 

interquartile range, and observed range. All statistical tests were two-sided. Statistical 

analyses and graphical presentation were performed using R v4.4.1. 

Data availability 

All study-generated aggregate data supporting the findings are provided in the Article and 

Supplementary Information. Individual-level genotype and phenotype data are not publicly 

available because participant consent and applicable ethical approvals do not permit 

unrestricted data sharing. Access requests may be directed to the corresponding author 

and will be considered by the Jordan COVID-19 Host Genomics Initiative (Initiative, 2021, 

2023), subject to institutional and ethical approval and execution of an appropriate data-

use agreement. The 1KGP data are available through the International Genome Sample 

Resource (https://www.internationalgenome.org), gnomAD v4.1 data through the Genome 

Aggregation Database (https://gnomad.broadinstitute.org), and PharmGKB annotations 

through PharmGKB (https://www.pharmgkb.org). Published aggregate Qatar Genome 

Program data were obtained from (Jithesh et al., 2022). 

Code availability 

The analyses were conducted using publicly available software, including PLINK, 

BCFtools/HTSlib, PharmCAT and R. Custom analysis scripts are available from the 

corresponding author upon reasonable request. 
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Figure legends 

Fig. 1: Population differentiation of the Jordanian pharmacogenome. 

a, Study design and pharmacogenomic analysis workflow. Quality-controlled (QC) 

microarray genotypes from 4,322 unrelated Jordanians were phased, imputed, and filtered 

(R2 ≥ 0.80) to generate a high-confidence pharmacogenomic (PGx) dataset for PharmCAT-

based clinical interpretation and population-level comparison with the 1000 Genomes 

Project (1KGP), gnomAD, and published QGP data. b, Principal component (PC) analysis of 

4,322 Jordanian and 2,574 1KGP participants. Axes show PC1 and PC2; points represent 
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individuals, colours identify populations (AFR, African; AMR, Admixed American; EAS, East 

Asian; EUR, European; JOR, Jordanian; SAS, South Asian) and shapes distinguish Jordanian 

from 1KGP participants. c, Volcano plot of PharmGKB allele-frequency differentiation 

between Jordanians and 1KGP overall. Axes show the allele-frequency difference (JOR − 
1KGP) and −log₁₀ false discovery rate (FDR). Dashed vertical lines denote frequency 
differences of ±0.05 and the horizontal line FDR = 0.05; colours indicate statistical 

significance with an absolute difference <0.05, effect magnitude, and direction. Top 

differentiated genes are labelled. d, Effect-allele frequencies of clinically relevant 

PharmGKB variants selected to represent major therapeutic areas and contrasting 

patterns of population differentiation. Points show cohort-specific frequencies, 

connecting lines indicate between-cohort differences, and variants are grouped by 

therapeutic context. 

Fig. 2: Predicted pharmacogenomic phenotype distributions in Jordanians. 

Horizontal stacked bars show the proportions of participants classified as normal, 

increased or rapid, intermediate or decreased, poor or deficient, or indeterminate for each 

pharmacogene. Percentages were calculated using gene-specific denominators 

comprising participants with a retained gene-level PharmCAT result, as indicated beside 

each pharmacogene. Ambiguous diplotypes and no-call results were excluded and 

summarized separately. 

Fig. 3: Global and regional differentiation of clinically relevant pharmacogenomic 

variation in Jordanians.  

a, b, Frequencies of harmonized gene-specific actionable phenotypes in Jordanians (JOR; 

total cohort, n = 4,322) compared with (a) 1KGP overall (n = 2,574) and (b) the 1KGP 

European superpopulation (EUR; n = 525). Percentages were calculated using gene-

specific endpoint-assessable denominators, identical definitions applied to both 

populations. c, Volcano plot of exact-allele frequency differences between Jordanians and 

Genome Aggregation Database (gnomAD) global genomes. Axes represent the alternative-

allele-frequency difference (JOR−gnomAD global) and −log₁₀ false discovery rate (FDR). 
Dashed vertical lines indicate differences of ±0.05 and the horizontal line indicates 

FDR = 0.05. Values exceeding the plotted y-axis range are displayed at 300+, and selected 

differentiated genes are labelled. d, Harmonized gene-specific PGx endpoints in 

Jordanians and the Qatar Genome Program (QGP; n = 6,045), based on matched 

phenotype- or genotype-level definitions (Supplementary Table S8). QGP counts were 

reconstructed from published frequencies. For a, b and d, two-sided tests of proportions 

or Fisher’s exact tests for sparse data were applied, with Bonferroni correction: *Padj < 0.05, 

**Padj < 1 × 10⁻⁴, and ***Padj ≤ 1 × 10⁻⁶.  
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