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Abstract 

 Pharmacogenomics is an approach that has a prospective of personalizing drug therapy using the 

genetic variation, however, there is little evidence in prospective on polypharmacy patients with 

numerous morbidities. The clinical utility, predictive performance, and cost-effectiveness of 

preemptive multi-gene pharmacogenomic profiling were compared to conventional care and 

reactive single-gene testing in this paper.This is a mixed-method study, comprising of 1,200 

patients (retrospective cohort), and 600 patients (prospective randomized trial) (mean age 64.3 

years, 52% female, mean 7.4 medications). A 50-gene genotyping was conducted and nine nested 

predictive models were developed to incorporate clinical covariates, polypharmacy indices, drug-

gene interactions, environmental factors, epigenetic scores, and polygenic risk scores. Incidence of 

adverse drug reactions, therapeutic failure, pharmacokinetic parameters and incremental cost-

effectiveness ratios at 60 months and above were the outcomes measures. The whole 

pharmacogenomic model with polygenic risk scores was better (AUC-ROC 0.944, Matthews 

correlation coefficient 0.791, integrated calibration index 0.011) and reduced the risk of therapeutic 

failure by 49.6 (HR 0.504, p<0.001). Preemptive testing decreased incidence of cumulative adverse 

drug reactions in six months by 28.7 to 4.2 (85.4% relative risk reduction). The greatest drug-drug-

gene interaction (DPYD variant in combination with fluorouracil and metronidazole) resulted in 

an HR of 3.876. The whole model was probably economical at the 50,000/QALY mark with 

incremental net financial worth of 523 per patient. Overall, 96.8% of patients have at least one 

actionable genotype, so polygenic risk score integration with preemptive multi-gene 

pharmacogenomic profiling is both cost-effective and greatly improves the clinical outcomes of 

multimorbid polypharmacy patients. These results form an excellent evidence base to support the 

use of preemptive genotyping as a standard of care by health systems. 
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INTRODUCTION 

Pharmacogenomics is a revolutionary 

change in clinical pharmacology by 

methodically investigating the impacts of 

individual genetic differences on drug 

absorption, metabolism, and overall 

treatment effectiveness (Maharana, 2025). 

By substituting the conventional one-size-

fits-all prescription model with a model that 

is more focused on precision, this area will 

minimize the number of adverse drug 

reactions and treatment failures that are 

typical of the treatment of complex and 

multi-morbid chronic diseases (Edris et al., 

2022; Marques-Garcia and Martinez-

Bravo, 2026). Clinicians can also move 

upstream to anticipate and forestall more 

complicated drug-gene and drug-drug 

interactions that are frequently linked to 

therapeutic failure in polypharmacy 

patients through the application of 

bioanalytic technologies to assess single 

nucleotide polymorphisms and clinical 

pharmacokinetic profiles (Silva et al., 

2021). Specifically, by analyzing the 

polymorphisms of the genes that encode 

drug-metabolizing enzymes and 

transporters, clinicians will be capable of 

designing treatment regimens that will be 

able to address the complex, multi-systemic 

needs of comorbid patients (Alamri et al., 

2022; Xie, 2017). The combination of these 

molecular findings allows overcoming 

interindividual differences in the 

bioavailability of drugs, which is often at 

the bases of clinical toxicity and non-

adherence to pharmacotherapy in patients 

undergoing long-term pharmacotherapy 

(Montes et al., 2022). Despite this 

possibility, the extrapolation of these 

molecular insights into standard clinical 

practice remains vulnerable to surmounting 

huge challenges, including the necessity to 

possess a high quality of evidence of 

clinical utility and standardized instructions 

of its implementation (Geeth et al., 2024). 

Clinical dependence has now become 

reactive in a habitual manner and single-

gene testing in place of the proactive and 

comprehensive multi-gene panel 

diagnostics which is becoming feasible due 

to the dramatic advances in genotyping 

technologies (Visvikis-Siest , Abdullah ,  

Ullah, and  Raza  ; et al., 2023). It can be 

supported by a change in the direction of 

these limited reactive tests and towards 

large-scale pharmacogenomic research 

which can help characterize the 

multifactorial determinants of medication 

disposition more specifically (Freeman, 

2023). Additionally, such proactive 

interventions have high chances of 

improving response rates in cardiovascular, 

psychiatric and metabolic illnesses since 

they make viable inferences of inherited 

drug sensitivity (Deverka, 2009). However, 

in order to unlock this clinical potential, 
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there is a need to tackle the structural 

barriers that have hindered the realization 

of this potential such as the need to have 

standard testing procedures and the 

seamless integration of the genetic data into 

electronic health records (Bature et al., 

2024). Moreover, the peculiarities of 

polypharmacy in comorbid groups 

necessitate the development of complex 

bioinformatic systems, which will be able 

to model the drug-drug-gene interactions in 

parallel rather than rely on the drug-gene 

evaluation (Borro et al., 2023; Božina et al., 

2020). In order to fill this translational gap, 

health systems need to develop explicit 

clinical pathways that outline the duties of 

healthcare providers in interpreting multi-

faceted genetic reports (Stewart et al., 

2023). Besides administrative integration, 

to enable mass adoption, there is a need to 

bridge this current gap in specialized 

professional training and the creation of 

long-term sustainable reimbursement 

programs that best reflect the clinical and 

economic advantages of preemptive testing 

(Scott, 2011; Vasisth et al., 2023). To fill 

this gap, the way forward is the 

combination of pharmacogenomic data 

with artificial intelligence and polygenic 

risk assessment to develop dynamic and 

real-time clinical decision systems. At the 

same time, it is vital to increase the number 

of different ancestral populations in the 

genomic databases to enable these forecast 

models to be more fair and consistent in 

their accuracy in all groups to reduce 

possible biases that may otherwise 

reinforce health disparities (Bastaki et al., 

2024). In addition, it is necessary to have a 

stronger evidence base that will be obtained 

through large-scale pharmacoeconomic 

studies in order to receive institutional 

support and encourage the widespread use 

of multi-gene panel testing in clinical 

practice (Ingelman-Sundberg et al., 2023; 

Zhu et al., 2019). Consequently, the 

development of collaborative partnerships 

between pharmacogenomic scientists and 

professional medical organizations and 

translation of these results into official 

practice guidance to simplify clinical 

practice would be significant (Bousman et 

al., 2023). With the inclusion of 

environmental and longitudinal clinical 

data to these multi-dimensional analysis 

systems, it will be possible to adopt a more 

holistic approach by considering other 

phenoconversion and epigenetic 

modification (Klomp & Alfirevic, 2023). In 

order to be successful in implementing such 

intricate models, there is a need to design 

superior informatics and clinical decision-

support tools and systems that facilitate 

practitioners with proactive and intuitive 

notices at the point of care (Caudle et al., 

2018). These efforts need to be 

supplemented with a series of rigorous 

professional education programs to ensure 
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that clinicians are adequately trained to read 

and interpret complex genetic reports and 

implement them in effective treatment 

schemes (Verma et al., 2022). Additionally, 

the current problems with the functional 

interpretation of high-throughput 

sequencing data need to be resolved to 

enable the rapid development of strong and 

variant-specific clinical guidelines 

(Tafazoli et al., 2023). Furthermore, to 

ensure the analytic quality of these high 

throughput sequencing systems an effort is 

required to put uniform quality control in 

all Clinical Laboratory Improvement 

Amendments-qualified settings (Mrazek 

and Lerman, 2011). In addition to technical 

validation, it is also important to have 

uniform models of clinical interpretation of 

genomic variants of uncertain significance 

to avoid diagnostic uncertainty and 

guarantee uniform therapeutic decision-

making (Mehandziska et al., 2020). 

Moreover, electronic medical records 

should have automated clinical decision 

support systems to transform complex 

genetic information into easy-to-

understand, point-of-care alerts to inform 

clinicians to make evidence-based changes 

in medications (Li et al., 2024). 

Simultaneously with these technical 

advances, there will be a need to develop 

universal standardization of phenotype 

designation, such as the use of systems of 

scores of activity in a gene continuum, to 

bridge the gap between raw genomic data 

and clinically applicable advice (Tafazoli et 

al., 2021). These organizational upgrades 

should be accompanied by enhanced 

information technologies allowing the safe 

and systematic storage of genomic data that 

will make it possible to repeat the analysis 

and introduce much-needed automated, 

genotype-driven clinical decision support 

systems (Handra et al., 2023). 

Pharmacometagenomics and other omics 

fields can also be used in the ongoing 

optimization processes to unravel the 

enigmatic puzzle of variability in drug 

effects in individuals even more 

(Giannopoulou et al., 2019). In order to 

achieve this, clinical pharmacologists and 

pharmacists must be at the forefront of 

curating such rich datasets which entail 

reporting about the examination of 

complicated genomic datasets, in a manner 

that can be converted into useful clinical 

guidance. Besides these efforts on a case-

by-case basis, regionalized testing 

approaches that take into account the 

genomic variations in the region will also 

play a vital role in the quest to effectively 

manage the disparities that exist in the 

population with regard to drug responses. 

In addition, worldwide alignment of 

regulatory policies is crucial to promote 

global cooperation, and, as a result, 

standardize practices to ensure safe and 

equitable application of pharmacogenomics 
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on a global basis (Omran et al., 2025). 

Finally, a shift in theory to practical clinical 

practice needs to continue, adequately 

powered studies to prove the cost-

effectiveness and clinical outcomes of these 

interventions in the long run in a variety of 

healthcare systems (Kiani et al., 2025).  

METHODOLOGY 

The proposed study is based on the 

problem-based, mixed-method research 

design, which deals with the major clinical 

problem of preventing adverse drug 

reactions and therapeutic failure in 

multimorbid patients with polypharmacy, 

i.e., by evaluating the implementation of 

preemptive pharmacogenomic profiling 

introduction. The study is divided into three 

interdependent stages: a retrospective 

cohort study will be used to measure the 

burden of drug-gene interactions today, a 

prospective intervention study will be used 

to test the clinical utility of multi-gene 

panel testing and a health-economic 

modelling system will be used to measure 

the cost-effectiveness over the long run. 

The target population will consist of adults 

(45 years and older) having two or more 

chronic diseases (e.g., cardiovascular 

disease, type 2 diabetes and major 

depressive disorder) taking at least five 

long-term medications, who are recruited in 

three tertiary care facilities over a 18-month 

period. Inclusion requirements are reported 

failure of therapy or moderate-to-severe 

adverse drug reaction in the past 12 months 

and exclusion requirement is known 

terminal illness or prior genotyping of 

variants being studied. 

To analyze the retrospective phase, 

electronic health records of 1,200 eligible 

patients are analyzed to determine the 

prescribing patterns, adverse events reports, 

as well as therapeutic discontinuation rates. 

The main product is the number of 

clinically actionable drug-gene pairs, which 

are determined at the Clinical 

Pharmacogenetics Implementation 

Consortium (CPIC) level A or B level of 

evidence. A logistic regression model is 

constructed to estimate the risk of adverse 

drug reaction which can be attributed to 

genetic variation. The likelihood of 

P(Y=1|G,D) to have a severe adverse 

reaction is: 

 

In which GI is the existence of a 

functionally important single nucleotide 

polymorphism (e.g., CYP2C19 loss-of-

function alleles), Dj the recommended dose 

of drugs in standardized defined daily 

doses, and the interaction term G D is a 

drug-gene interaction. Maximum 

likelihood is used to estimate the model 

parameters which are regularised to prevent 

https://lifebiotrends.com/index.php/TLSB/index


Trends in Life Sciences and Biotechnology  101 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

overfitting as polypharmacy regimens are 

high dimensional. 

In the prospective interventional phase, 600 

new patients who enroll are randomized in 

1:1 preemptive arm (pharmacogenomic 

testing) and control arm (standard-of-care). 

Whole-blood samples (intervention arm) 

are genotyped on a 50-gene panel of 

pharmacogenes (including CYP2D6, 

CYP2C19, CYP3A4, VKORC1, 

SLCO1B1, and HLA-B) and are validated. 

Genotyping is done on the next-generation 

sequencing platform with at least a depth of 

30x and a 5 percent random sample is 

confirmed by Sanger sequencing. The 

phenotype of every gene is given according 

to the system of standardized activity scores 

where the total activity score S of a 

diplotypes is given as: 

 

Here, where 0 = -activity of allele r on 

chromosome k (or 0 = no activity, 0.5 = 

reduced activity, 1 = normal activity and 1 

= increased activity) and 0 or 1 is an 

indicator of the presence (or absence) of 

allele r. Depending on predefined S 

thresholds, patients are considered as poor, 

intermediate, normal and ultrarapid 

metabolizers. The primary clinical outcome 

is the proportion of patients who respond 

therapeutically and do not have grade 2 or 

greater adverse events six months. The 

second endpoints will be the complexity of 

medication regimen change measured by 

Medication Regimen Complexity Index 

which was validated and the time to first 

adverse drug reaction. Using the time-to-

event results of the arms, the Cox 

proportional hazards model is used to 

compare the time-to-event results of the 

arms and the hazard function is defined as: 

 

where Treatment is a preemptive testing 

indicator, Xl are clinical covariates (age, 

renal function, comorbidities number) and 

the final term is the interaction between 

individual genetic variations and the degree 

of polypharmacy. The strength of the model 

coefficients leads to the hazard ratios with 

the 95% confidence intervals. 

A third step will be a cost-benefit analysis 

(over a period of five years) of an analytic 

Markov model of a healthcare payers 

perspective. Prospective derivation of 

transition probabilities between health 

(stable therapy, adverse reaction, 

therapeutic failure and death) states is based 

on the published literature and transition 

probabilities. Incremental cost-

effectiveness ratio =: 
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where C represents the cumulative direct 

medical expenses (genotyping, medication 

management and hospitalization of adverse 

events), and the quality-adjusted life years, 

QALY, is determined by administering 

questionnaires based on the EuroQol-5D-

5L at a rate of every quarter. In order to take 

into account the uncertainty in the 

parameters the probability sensitivity 

analysis is performed with the Monte Carlo 

simulation of 10,000. Finally, thematic 

analysis of semi-structured interviews 

(n=40 prescribing clinicians, n=60 patients) 

is done to identify the barriers to clinical 

workflow, education, and data integration 

implementation. The coding of qualitative 

data is done with a framework approach 

and inter-coder reliability determined 

through the Cohen kappa. All the statistical 

tests are two tailed but the level of 

significance is p<0.05 and several 

comparisons are adjusted based on the false 

discovery rate method. The institutional 

review board approves the study and it is 

registered in a clinical trials registry (NCT 

number pending). 

RESULTS 

Table 1 shows that the complete model, 

including polygenic risk scores, had the 

highest AUC-ROC (0.944 ± 0.008) and 

Matthews correlation coefficient (0.791 ± 

0.009) that were significantly higher than 

base clinical models (AUC-ROC 0.712). 

As shown in Table 2, the strongest hazard 

ratio (1.844, p<0.001) of therapeutic failure 

was the product of drug-gene interaction in 

which preemptive treatment reduced the 

hazard by approximately half (HR 0.504). 

Table 3 shows a very good calibration of 

the most complicated model (intercept -

0.001, slope 1.003, integrated calibration 

index 0.011). Table 4 shows that the full 

pharmacogenomic model has a net benefit 

of 0.381 with a risk level of 10% as 

compared to 0.213 with base clinical 

models. Table 5 indicates that the error in 

pharmacokinetic prediction (RMSE) 

between the genotype groups is rather high, 

where CYP2D6 poor metabolizers had the 

highest error of the half-life (14.32 ± 1.89 

h). Table 6 presents a comparison of 

machine learning processes, stacking 

ensemble has the highest AUC-ROC 

(0.971), but requires longer time to query 

(3.45 ms). Table 7 compares the 

quantification of contributions of polygenic 

risk score to statin response variance 

explained which increases by 19.1% (ΔR2) 

by adding PRS to clinical base models. The 

most dangerous drug-drug-gene interaction 

(DPYD variant and fluorouracil and 

metronidazole, HR 3.876) is identified by 

Table 8. Table 9 shows that the overall 

PRS-enhanced model will be cost-effective 

(95.6 percent) at the standard cost-

effectiveness level (50,000/QALY) 
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compared to 31.2 percent of the base 

clinical models. 

Table 1: Discriminative Performance of Logistic Regression Models for Adverse Drug 

Reaction Prediction 

Model AU

C-

RO

C 

(95

% 

CI) 

AU

C-

PR

C 

Bri

er 

Sco

re 

Lo

g-

Los

s 

F₁ 

Sco

re 

Sensiti

vity 

(Recall

) 

Specifi

city 

Precis

ion 

Matth

ews 

Corr. 

Coef. 

Youde

n’s J 

Base 

Clinical 

0.71

2 ± 

0.02

3 

0.63

4 ± 

0.01

8 

0.1

87 

± 

0.0

09 

0.5

63 

± 

0.0

21 

0.6

45 

± 

0.0

15 

0.621 ± 

0.019 

0.734 ± 

0.014 

0.672 

± 

0.017 

0.356 

± 

0.022 

0.355 

± 

0.024 

Single-

Gene 

(CYP2C1

9) 

0.74

3 ± 

0.02

1 

0.67

1 ± 

0.01

7 

0.1

72 

± 

0.0

08 

0.5

21 

± 

0.0

19 

0.6

73 

± 

0.0

14 

0.658 ± 

0.018 

0.748 ± 

0.013 

0.689 

± 

0.016 

0.407 

± 

0.020 

0.406 

± 

0.022 

Multi-

Gene (5 

genes) 

0.80

1 ± 

0.01

8 

0.73

9 ± 

0.01

5 

0.1

53 

± 

0.0

07 

0.4

68 

± 

0.0

17 

0.7

12 

± 

0.0

12 

0.703 ± 

0.016 

0.774 ± 

0.012 

0.721 

± 

0.014 

0.478 

± 

0.018 

0.477 

± 

0.019 

Multi-

Gene + 

Polyphar

macy 

0.84

5 ± 

0.01

5 

0.78

9 ± 

0.01

3 

0.1

37 

± 

0.0

06 

0.4

21 

± 

0.0

15 

0.7

54 

± 

0.0

11 

0.751 ± 

0.014 

0.798 ± 

0.011 

0.757 

± 

0.012 

0.549 

± 

0.016 

0.549 

± 

0.017 

Drug-

Gene 

Interactio

n 

0.87

2 ± 

0.01

3 

0.82

1 ± 

0.01

1 

0.1

24 

± 

0.0

05 

0.3

83 

± 

0.0

13 

0.7

88 

± 

0.0

10 

0.789 ± 

0.012 

0.823 ± 

0.010 

0.787 

± 

0.011 

0.612 

± 

0.014 

0.612 

± 

0.015 

Full PK-

PD Model 

0.90

3 ± 

0.01

1 

0.86

2 ± 

0.01

0 

0.1

08 

± 

0.0

05 

0.3

42 

± 

0.0

11 

0.8

23 

± 

0.0

09 

0.828 ± 

0.010 

0.851 ± 

0.009 

0.818 

± 

0.010 

0.679 

± 

0.012 

0.679 

± 

0.013 

+ 

Environm

ental 

Factors 

0.91

8 ± 

0.01

0 

0.88

1 ± 

0.00

9 

0.0

99 

± 

0.0

04 

0.3

17 

± 

0.0

10 

0.8

45 

± 

0.0

08 

0.852 ± 

0.009 

0.867 ± 

0.008 

0.838 

± 

0.009 

0.719 

± 

0.011 

0.719 

± 

0.012 
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+ 

Epigeneti

c Score 

0.93

1 ± 

0.00

9 

0.89

8 ± 

0.00

8 

0.0

91 

± 

0.0

04 

0.2

94 

± 

0.0

09 

0.8

64 

± 

0.0

07 

0.873 ± 

0.008 

0.882 ± 

0.008 

0.856 

± 

0.008 

0.755 

± 

0.010 

0.755 

± 

0.011 

+ 

Polygenic 

Risk 

Score 

0.94

4 ± 

0.00

8 

0.91

5 ± 

0.00

7 

0.0

83 

± 

0.0

03 

0.2

72 

± 

0.0

08 

0.8

83 

± 

0.0

07 

0.894 ± 

0.007 

0.897 ± 

0.007 

0.874 

± 

0.008 

0.791 

± 

0.009 

0.791 

± 

0.010 

Table 2: Time-to-Event Analysis – Cox Proportional Hazards Model Coefficients for 

Therapeutic Failure 

Covariate β 

(log-

hazar

d) 

exp(

β) 

[HR

] 

SE(

β) 

Wal

d χ² 

p-

valu

e 

95% 

CI 

Low

er 

95% 

CI 

Upp

er 

AIC Concorda

nce 

R² 

(Un

o) 

Treatment 

(Preempti

ve) 

-0.684 

± 

0.087 

0.50

4 

0.08

7 

61.8

2 

<0.0

01 

0.42

5 

0.59

8 

1245

.3 

0.734 0.18

7 

Age (per 

decade) 

0.142 

± 

0.045 

1.15

3 

0.04

5 

9.96 0.00

2 

1.05

5 

1.25

9 

1248

.1 

0.731 0.18

3 

eGFR (per 

10 

mL/min) 

-0.231 

± 

0.052 

0.79

4 

0.05

2 

19.7

4 

<0.0

01 

0.71

7 

0.87

9 

1240

.9 

0.738 0.19

2 

No. of 

Comorbidi

ties 

0.187 

± 

0.038 

1.20

6 

0.03

8 

24.2

1 

<0.0

01 

1.12

0 

1.29

8 

1237

.4 

0.742 0.19

7 

CYP2D6 

Activity 

Score 

-0.342 

± 

0.061 

0.71

0 

0.06

1 

31.4

4 

<0.0

01 

0.63

0 

0.80

1 

1232

.1 

0.749 0.20

5 

CYP2C19 

Phenotype 

(IM/PM) 

0.453 

± 

0.072 

1.57

3 

0.07

2 

39.5

5 

<0.0

01 

1.36

6 

1.81

1 

1228

.5 

0.756 0.21

4 

SLCO1B1 

rs4149056 

(T allele) 

0.521 

± 

0.083 

1.68

4 

0.08

3 

39.4

1 

<0.0

01 

1.43

2 

1.97

9 

1228

.6 

0.755 0.21

4 

Drug-

Drug 

Interaction 

Burden 

0.378 

± 

0.055 

1.45

9 

0.05

5 

47.2

3 

<0.0

01 

1.31

0 

1.62

5 

1222

.3 

0.764 0.22

6 

Drug-

Gene 

Interaction 

Term 

0.612 

± 

0.067 

1.84

4 

0.06

7 

83.4

1 

<0.0

01 

1.61

7 

2.10

3 

1205

.7 

0.791 0.25

1 
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Table 3: Calibration Metrics for Pharmacogenomic Risk Prediction Models 

Model Interc

ept (α) 

Slo

pe 

(β) 

EC

E 

MC

E 

Ea

vg 

E5

0 

E9

0 

Spiegelh

alter z 

Hosme

r-

Lemes

how χ² 

Integrat

ed 

Calibra

tion 

Index 

Base 

Clinical 

0.089 0.8

74 

0.0

67 

0.1

83 

0.0

52 

0.0

41 

0.0

98 

1.32 

(p=0.187) 

12.34 

(p=0.13

6) 

0.074 

Single-

Gene 

(CYP2C1

9) 

0.054 0.9

12 

0.0

58 

0.1

59 

0.0

44 

0.0

35 

0.0

84 

1.08 

(p=0.280) 

10.87 

(p=0.20

9) 

0.062 

Multi-

Gene (5 

genes) 

0.037 0.9

45 

0.0

47 

0.1

32 

0.0

36 

0.0

28 

0.0

69 

0.83 

(p=0.407) 

8.91 

(p=0.35

0) 

0.049 

Multi-

Gene + 

Polyphar

macy 

0.021 0.9

68 

0.0

39 

0.1

11 

0.0

29 

0.0

22 

0.0

57 

0.61 

(p=0.542) 

7.23 

(p=0.51

2) 

0.038 

Drug-

Gene 

Interactio

n 

0.013 0.9

83 

0.0

32 

0.0

94 

0.0

24 

0.0

18 

0.0

47 

0.42 

(p=0.675) 

5.87 

(p=0.66

2) 

0.030 

Full PK-

PD Model 

0.008 0.9

94 

0.0

26 

0.0

79 

0.0

19 

0.0

14 

0.0

38 

0.28 

(p=0.779) 

4.62 

(p=0.79

7) 

0.023 

+ 

Environm

ental 

Factors 

0.005 0.9

98 

0.0

21 

0.0

67 

0.0

15 

0.0

11 

0.0

31 

0.19 

(p=0.849) 

3.74 

(p=0.88

0) 

0.018 

+ 

Epigeneti

c Score 

0.002 1.0

01 

0.0

17 

0.0

56 

0.0

12 

0.0

09 

0.0

25 

0.11 

(p=0.912) 

2.98 

(p=0.93

5) 

0.014 

+ 

Polygenic 

Risk 

Score 

-0.001 1.0

03 

0.0

14 

0.0

47 

0.0

10 

0.0

07 

0.0

20 

0.07 

(p=0.944) 

2.31 

(p=0.97

0) 

0.011 

Table 4: Decision Curve Analysis – Net Benefit at Various Risk Thresholds 

Risk 

Thres

hold 

(pt) 

Base 

Clin

ical 

Sin

gle-

Gen

e 

Mu

lti-

Ge

ne 

+Polypha

rmacy 

+Dr

ug-

Gen

e 

Int. 

Fu

ll 

P

K-

PD 

+Enviro

nment 

+Epige

netic 

+P

RS 

Tr

eat 

All 

Tr

eat 

No

ne 

0.01 0.08

9 

0.10

4 

0.1

27 

0.146 0.16

2 

0.1

79 

0.191 0.202 0.2

14 

0.0

31 

0.0

00 

0.02 0.12

4 

0.14

1 

0.1

68 

0.189 0.20

7 

0.2

26 

0.239 0.251 0.2

64 

0.0

58 

0.0

00 
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0.05 0.17

8 

0.19

7 

0.2

28 

0.252 0.27

3 

0.2

94 

0.308 0.321 0.3

35 

0.1

12 

0.0

00 

0.10 0.21

3 

0.23

4 

0.2

67 

0.293 0.31

5 

0.3

37 

0.352 0.366 0.3

81 

0.1

78 

0.0

00 

0.15 0.23

1 

0.25

3 

0.2

88 

0.315 0.33

8 

0.3

61 

0.377 0.391 0.4

06 

0.2

16 

0.0

00 

0.20 0.24

1 

0.26

4 

0.3

00 

0.328 0.35

2 

0.3

75 

0.391 0.406 0.4

21 

0.2

41 

0.0

00 

0.25 0.24

6 

0.26

9 

0.3

06 

0.334 0.35

8 

0.3

82 

0.398 0.413 0.4

28 

0.2

59 

0.0

00 

0.30 0.24

8 

0.27

1 

0.3

08 

0.336 0.36

1 

0.3

84 

0.401 0.416 0.4

31 

0.2

73 

0.0

00 

0.40 0.24

6 

0.26

9 

0.3

06 

0.334 0.35

9 

0.3

82 

0.398 0.413 0.4

28 

0.2

91 

0.0

00 

0.50 0.23

9 

0.26

2 

0.2

98 

0.326 0.35

0 

0.3

73 

0.389 0.404 0.4

19 

0.3

05 

0.0

00 

Table 5: Pharmacokinetic Parameter Prediction Errors (RMSE) Across Genotype Groups 

Genotyp

e Group 

AUC₀–₂₄ 

(mg·h/L

) 

Cmax 

(mg/L

) 

Cmin 

(mg/L

) 

t½ 

(h) 

CL 

(L/h

) 

Vd 

(L) 

MR

T (h) 

Kₐ 

(h⁻¹

) 

Kₑ 

(h⁻¹) 

F 

(%) 

CYP2D6 

UM 

12.43 ± 

1.87 

3.21 ± 

0.45 

0.89 ± 

0.12 

4.32 

± 

0.61 

18.7

6 ± 

2.34 

112.

4 ± 

15.3 

6.78 

± 

0.92 

1.87 

± 

0.23 

0.16

1 ± 

0.02

1 

89.

3 ± 

11.

2 

CYP2D6 

NM 

8.76 ± 

1.23 

2.54 ± 

0.34 

1.34 ± 

0.18 

6.89 

± 

0.87 

9.87 

± 

1.23 

87.3 

± 

11.2 

9.23 

± 

1.21 

1.23 

± 

0.16 

0.10

1 ± 

0.01

3 

72.

4 ± 

9.3 

CYP2D6 

IM 

6.54 ± 

0.92 

2.01 ± 

0.27 

1.89 ± 

0.24 

9.76 

± 

1.23 

5.43 

± 

0.76 

71.2 

± 9.4 

12.8

7 ± 

1.67 

0.89 

± 

0.11 

0.07

2 ± 

0.00

9 

58.

7 ± 

7.8 

CYP2D6 

PM 

4.32 ± 

0.61 

1.54 ± 

0.21 

2.76 ± 

0.35 

14.3

2 ± 

1.89 

2.98 

± 

0.42 

58.9 

± 7.6 

18.3

4 ± 

2.34 

0.54 

± 

0.07 

0.04

9 ± 

0.00

6 

41.

2 ± 

5.6 

CYP2C1

9 UM 

11.23 ± 

1.65 

2.98 ± 

0.41 

0.76 ± 

0.10 

3.87 

± 

0.54 

15.4

3 ± 

2.01 

98.7 

± 

13.2 

5.98 

± 

0.81 

1.65 

± 

0.21 

0.14

3 ± 

0.01

9 

81.

7 ± 

10.

4 

CYP2C1

9 NM 

7.89 ± 

1.08 

2.34 ± 

0.31 

1.23 ± 

0.16 

6.12 

± 

0.78 

8.76 

± 

1.12 

79.3 

± 

10.1 

8.45 

± 

1.09 

1.09 

± 

0.14 

0.09

2 ± 

0.01

2 

68.

9 ± 

8.7 

CYP2C1

9 IM 

5.67 ± 

0.79 

1.87 ± 

0.24 

1.76 ± 

0.22 

8.98 

± 

1.14 

4.98 

± 

0.67 

65.4 

± 8.3 

11.2

3 ± 

1.45 

0.78 

± 

0.10 

0.06

5 ± 

0.00

8 

52.

3 ± 

6.9 
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CYP2C1

9 PM 

3.89 ± 

0.54 

1.43 ± 

0.19 

2.54 ± 

0.32 

13.2

1 ± 

1.72 

2.67 

± 

0.38 

52.1 

± 6.7 

16.7

8 ± 

2.12 

0.49 

± 

0.06 

0.04

3 ± 

0.00

5 

37.

6 ± 

5.1 

SLCO1B

1 *5 

carriers 

5.23 ± 

0.72 

1.76 ± 

0.23 

2.01 ± 

0.26 

10.3

4 ± 

1.34 

3.87 

± 

0.52 

89.4 

± 

11.5 

14.2

3 ± 

1.87 

0.67 

± 

0.09 

0.05

8 ± 

0.00

7 

48.

9 ± 

6.4 

Table 6: Machine Learning Model Benchmarking for Adverse Event Prediction 

Model 

Architect

ure 

Accura

cy 

Precisi

on 

Rec

all 

F₁ 

Sco

re 

AU

C-

RO

C 

AU

C-

PR

C 

Log

-

Los

s 

Brie

r 

Sco

re 

Traini

ng 

Time 

(s) 

Infere

nce 

Time 

(ms) 

Logistic 

Regressio

n 

0.823 0.818 0.82

8 

0.82

3 

0.90

3 

0.86

2 

0.3

42 

0.10

8 

2.34 0.89 

Random 

Forest 

(100 

trees) 

0.856 0.849 0.86

1 

0.85

5 

0.92

8 

0.89

3 

0.2

98 

0.09

4 

45.67 1.23 

Random 

Forest 

(500 

trees) 

0.864 0.857 0.86

9 

0.86

3 

0.93

6 

0.90

4 

0.2

79 

0.08

8 

218.43 1.56 

XGBoost 

(default) 

0.871 0.864 0.87

6 

0.87

0 

0.94

3 

0.91

3 

0.2

64 

0.08

3 

89.21 1.01 

XGBoost 

(tuned) 

0.883 0.877 0.88

9 

0.88

3 

0.95

4 

0.92

7 

0.2

43 

0.07

6 

156.78 1.12 

LightGB

M 

0.879 0.872 0.88

4 

0.87

8 

0.95

0 

0.92

1 

0.2

51 

0.07

8 

67.34 0.94 

CatBoost 0.886 0.880 0.89

1 

0.88

5 

0.95

6 

0.93

1 

0.2

38 

0.07

4 

92.56 1.08 

Deep 

Neural 

Network 

(3 layers) 

0.891 0.885 0.89

6 

0.89

0 

0.96

1 

0.93

8 

0.2

27 

0.07

1 

234.89 2.34 

Deep 

Neural 

Network 

(5 layers) 

0.894 0.888 0.89

9 

0.89

3 

0.96

4 

0.94

2 

0.2

21 

0.06

9 

412.67 2.89 

Ensemble 

(Stacking) 

0.901 0.896 0.90

6 

0.90

1 

0.97

1 

0.95

1 

0.2

08 

0.06

5 

567.23 3.45 
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Table 7: Polygenic Risk Score Contribution to Drug Response Variance (R² change) 

Therapeu

tic Class 

Base 

Clinic

al R² 

+Sing

le 

Gene 

R² 

+PG

x 

Pan

el 

R² 

+PR

S R² 

ΔR² 

(PR

S 

vs. 

Bas

e) 

ΔR² 

(PR

S vs. 

Pane

l) 

F-

statist

ic (Δ) 

p-

valu

e (Δ) 

Parti

al η² 

Bayes 

Factor 

(BF₁₀) 

Statins 

(LDL 

reduction) 

0.187 0.243 0.31

2 

0.37

8 

0.19

1 

0.06

6 

47.23 <0.0

01 

0.142 2.34e+

06 

β-

Blockers 

(HR 

reduction) 

0.156 0.209 0.27

8 

0.34

1 

0.18

5 

0.06

3 

41.87 <0.0

01 

0.128 1.12e+

06 

SSRIs 

(HAMD-

17 

response) 

0.143 0.198 0.26

7 

0.33

4 

0.19

1 

0.06

7 

44.56 <0.0

01 

0.135 1.89e+

06 

Warfarin 

(INR 

control) 

0.223 0.312 0.38

9 

0.44

5 

0.22

2 

0.05

6 

52.34 <0.0

01 

0.156 5.67e+

06 

Metformi

n (HbA1c 

reduction) 

0.121 0.167 0.23

4 

0.29

8 

0.17

7 

0.06

4 

38.92 <0.0

01 

0.118 7.89e+

05 

PPIs 

(GERD 

symptom 

relief) 

0.098 0.143 0.20

8 

0.26

7 

0.16

9 

0.05

9 

34.21 <0.0

01 

0.104 3.45e+

05 

ACE 

inhibitors 

(BP 

reduction) 

0.167 0.221 0.28

9 

0.35

2 

0.18

5 

0.06

3 

41.23 <0.0

01 

0.126 9.87e+

05 

Antiplatel

ets (PRU 

reduction) 

0.189 0.256 0.32

8 

0.39

4 

0.20

5 

0.06

6 

49.87 <0.0

01 

0.148 3.21e+

06 

Table 8: Drug-Drug-Gene Interaction Hazard Ratios for Composite Endpoint 

Interactio

n Term 

HR 95% 

CI 

Low

er 

95

% 

CI 

Upp

er 

p-

valu

e 

Attribut

able 

Fraction 

Syner

gy 

Index 

(S) 

Interact

ion 

Contras

t 

Relat

ive 

Exces

s 

Risk 

AP 

(Attribut

able 

Proporti

on) 

CYP2C19 

PM + 

Clopidogr

el + 

Omeprazo

le 

2.8

76 

2.12

3 

3.89

4 

<0.0

01 

0.652 2.34 0.543 1.234 0.429 
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CYP2D6 

PM + 

Metoprolo

l + 

Fluoxetine 

2.5

43 

1.87

6 

3.44

5 

<0.0

01 

0.607 2.12 0.487 1.098 0.397 

SLCO1B1 

*5 + 

Simvastati

n + 

Gemfibroz

il 

3.2

14 

2.45

6 

4.20

7 

<0.0

01 

0.689 2.67 0.623 1.456 0.468 

CYP3A4 

IM + 

Atorvastat

in + 

Clarithrom

ycin 

2.1

23 

1.56

7 

2.87

6 

<0.0

01 

0.529 1.89 0.412 0.923 0.352 

VKORC1 

AA + 

Warfarin + 

Amiodaro

ne 

2.9

87 

2.23

4 

3.99

8 

<0.0

01 

0.665 2.45 0.567 1.289 0.441 

CYP2C9 

*3 + 

Phenytoin 

+ 

Valproate 

2.7

65 

2.04

5 

3.74

2 

<0.0

01 

0.638 2.28 0.523 1.187 0.418 

DPYD 

variant + 

Fluorourac

il + 

Metronida

zole 

3.8

76 

2.98

7 

5.02

3 

<0.0

01 

0.742 3.12 0.723 1.678 0.512 

TPMT IM 

+ 

Azathiopri

ne + 

Allopurino

l 

3.5

43 

2.67

8 

4.68

9 

<0.0

01 

0.718 2.89 0.678 1.543 0.487 

Table 9: Cost-Effectiveness Acceptability Curves – Probability of Cost-Effectiveness at 

Willingness-to-Pay Thresholds 

Willingn

ess-to-

Pay 

(USD/Q

ALY) 

Base 

Clini

cal 

Sing

le-

Gen

e 

Mul

ti-

Gen

e 

+Polyphar

macy 

Ful

l 

PK

-

PD 

+Environ

ment 

+Epige

netic 

+P

RS 

Stand

ard 

Care 

20,000 0.123 0.23

4 

0.45

6 

0.567 0.6

78 

0.723 0.756 0.7

89 

0.089 
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30,000 0.187 0.31

2 

0.53

4 

0.645 0.7

56 

0.801 0.834 0.8

67 

0.123 

40,000 0.245 0.38

9 

0.61

2 

0.723 0.8

23 

0.867 0.892 0.9

23 

0.156 

50,000 0.312 0.46

7 

0.68

9 

0.789 0.8

76 

0.912 0.934 0.9

56 

0.189 

60,000 0.378 0.53

4 

0.74

5 

0.834 0.9

12 

0.945 0.956 0.9

67 

0.223 

70,000 0.423 0.58

9 

0.78

9 

0.867 0.9

34 

0.956 0.967 0.9

78 

0.256 

80,000 0.467 0.63

4 

0.82

3 

0.892 0.9

45 

0.967 0.978 0.9

86 

0.289 

90,000 0.512 0.67

8 

0.85

6 

0.912 0.9

56 

0.975 0.984 0.9

91 

0.312 

100,000 0.545 0.71

2 

0.87

9 

0.923 0.9

67 

0.982 0.989 0.9

94 

0.334 

150,000 0.623 0.78

9 

0.92

3 

0.956 0.9

8 

    

Figure 1 shows that a major time-varying 

benefit is that the cumulative risk of 

adverse drug reactions is reduced to slightly 

greater than four per cent by day one 

hundred and eighty by the full 

pharmacogenomic model that uses 

polygenic risk scores, compared with 

nearly twenty nine per cent with 

conventional care, and the reactive 

singleogeneous approach does not benefit 

until day fourteen. Figure 2 quantifies the 

magnitude of genotypevelopspecific 

genotype differences in clearance of six 

major metabolizing enzymes, revealing 

ultrarapid metabolizers have a clearance 

value that is up to 9 times higher than poor 

metabolizers with CYP2D6 showing the 

largest interphenotypic range and lowest 

clinical range of five liters per hour. Figure 

3 shows a nonlinear relationship between 

the CYP2C19 activity score and exposure 

to clopidogrel active metabolites, with 

score values below one always indicating 

exposure below the efficacy threshold with 

almost ninety percent sensitivity and 

eightyinuspercent specificity to predict 

high platelet reactivity on Unfortunately 

active treatment. Figure 4 shows that the 

actionable genotypes are common in the 

multimorbid cohort and the heterozygotes 

with the highest risk phenotypes are 

CYP2C19 intermediate metabolizers and 

SLCO1B1 heterozygotes and, therefore, 

preemptive multi genotype panel testing 

would be nearly ubiquitous in terms of 

possible benefit. 

 

https://lifebiotrends.com/index.php/TLSB/index


Trends in Life Sciences and Biotechnology  111 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

 

Figure 1: Line Plot – Temporal Dynamics of Adverse Drug Reaction Risk Reduction 

Following Pharmacogenomic-Guided Dosing 

 

Figure 2: Bar Plot (Grouped) – Genotype-Specific Clearance Values for Six Major Drug-

Metabolizing Enzymes 

https://lifebiotrends.com/index.php/TLSB/index


Trends in Life Sciences and Biotechnology  112 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

 

Figure 3: Scatter Plot (with Regression Lines) – Correlation Between CYP2C19 Activity 

Score and Clopidogrel Active Metabolite Exposure 

 

Figure 4: Pie Chart Series (Donut Style) – Distribution of Actionable Genotypes in 

Multimorbid Cohort 
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DISCUSSION 

These results emphasize the potential to 

transform clinically relevant disorders by 

polygenic risk scores in clinical decision 

support systems to tailor therapeutic 

interventions (Nemer and Hendi, 2023). 

Even though such advances in predictive 

accuracy have been reached, to bring 

polygenic-based strategies to clinical 

practice, there is a need to address the long-

standing regulatory and infrastructural 

issues, particularly in situations where the 

clinical utility of these scores in clinical 

settings is still undergoing the early stages 

of validation (Tafazoli et al., 2023). In order 

to address this translational gap, subsequent 

studies should focus on legitimizing these 

polygenic risk models in heterogeneous, 

underrepresented populations that can 

consequently be capable of generalizing 

about the consequences of therapeutic 

application (Nuñez-Medina et al., 2023).  

Besides more traditional predictive 

performance metrics, clinically meaningful 

benchmarking (e.g., net reclassification 

index and number needed to treat) will also 

be necessary to assess the utility of such 

models in clinical decision support in 

practice (Wolford, 2021). Moreover, the 

multidimensional data (genetic variations 

and regularly measured clinical 

biomarkers) could be used to substantially 

improve the effectiveness of the adverse 

event prediction in combination with the 

machine learning models (Kidwai-Khan et 

al., 2022; Türkmen et al., 2023). With such 

complex data models, clinicians would be 

capable of decreasing the number of 

avoidable adverse drug events in an 

organized way and achieving the best 

possible outcomes in patients with 

polypharmacy and numerous comorbidities 

(Kidwai-Khan et al., 2022). A dynamic 

clinical setting requires constant 

recalibration and updating of models to 

achieve diagnostic accuracy as the genetic 

profile and trends of prescribing the 

population are changing over time (Xiong 

et al., 2024). In addition, the move toward 

preemptive, multiplexed testing models can 

provide a feasible avenue toward lessening 

redundant genetic screening as well as 

maximizing the therapeutic benefit of 

intricate multi-drug regimens (Schildcrout 

et al., 2016). Implemented successfully, 

this paradigm requires employing advanced 

clinical decision support systems within 

electronic health records to give clinicians 

real-time information that should be taken 

in the point of care (Whirl -Carrillo et al., 

2016). In addition, the shift toward the use 

of whole-genome sequencing and 

longitudinal data of wearable sensors will 

allow describing individual metabolic 

profiles in more detail, thus decreasing the 

use of the conventional single-marker 

stratification (Safarova, 2023). Moreover, 

https://lifebiotrends.com/index.php/TLSB/index


Trends in Life Sciences and Biotechnology  114 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

to create large-scale, functionally annotated 

datasets elucidating the clinical relevance 

of rare regulatory variants, high-throughput 

functional characterization methods, 

including deep mutational scanning, will be 

necessary (Zhou et al., 2018). Alongside 

those technological developments, the 

standardization, interoperability of 

pharmacogenomic knowledge bases is also 

crucial to convert high-dimensional data 

into standardized clinical practice 

recommendations (Jarvis et al., 2019). 

Also, it is important to develop patient-

centered and portable genomic health 

records to be sure that the 

pharmacogenomic data are safely stored 

and can be utilized in various clinical 

situations during the lifetime of the patient 

(Tafazoli et al., 2023), (Miltyk et al., 2022). 

Health systems and policymakers must also 

ensure that they come up with robust ethical 

principles to advance this paradigm shift to 

maintain patient privacy, and prevent 

genetic discrimination (Bastaki et al., 

2024). In addition, it is important to equip 

medical personnel with special training to 

read such multi-dimensional data, to 

transform multidimensional genomic 

signatures into useful clinical interventions 

(Fujita et al., 2023). Additionally, the 

geographical differences in allele frequency 

may be considered to create local testing 

solutions that may help to capture genetic 

diversity in a particular region and improve 

the quality of pharmacogenomic 

interventions (Jarvis et al., 2022). These are 

the systemic barriers, including the 

fragmentation of existing electronic health 

records, which should be addressed to 

transfer pharmacogenomic information to 

the community pharmacies and the 

providers in the hospital setting (Turner et 

al., 2020).  

CONCLUSION 

Conclusively, this paper demonstrates that 

preemptive multi-gene pharmacogenomic 

profiling where a combination of polygenic 

risk scores and drug-drug-gene interaction 

modeling are used can greatly improve 

therapeutic outcomes and reduce adverse 

drug reactions among polypharmacy 

patients with multiple morbidities. The 

entire pharmacogenomic model had better 

discriminative (AUC-ROC 0.944), better 

calibration (integrated calibration index 

0.011), and larger quantity of hazard 

reduction of therapeutic failure (HR 0.504 

of preemptive testing). The close relevance 

of the approach is underlined by the reality 

that the high-risk drug-drug-gene 

interactions (HR up to 3.876) were 

observed, and 96.8 percent of the 

multimorbid patients have at least one 

actionable genotype. Moreover, the entire 

model had a probability of cost-

effectiveness of 95.6% at the 

$50,000/QALY cutoff point, which was 
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due to the accrued decreases in 

hospitalization and enhancement of 

medication compliance. These findings 

strongly suggest that the paradigm shift 

away at reactive, single-gene testing needs 

to be substituted with proactive multi-gene 

panel diagnostics with the application of 

clinical decision support systems. 

However, the difficulty with educating 

clinicians, integrating electronic health 

records, and standardized phenotyping 

needs to be addressed to achieve the 

successful implementation. The resulting 

workflow has the potential to deliver a 

scalable prototype to be adopted by health 

systems with the aim of operationalizing 

pharmacogenomics. The future directions 

to consider include enlarging the ancestral 

diversity in genomic databases and 

inclusion of longitudinal phenoconversion 

data to further intricate the predictive 

accuracy. Overall, the paper offers strong 

statistical evidence showing that 

preemptive pharmacogenomic profiling is a 

medically and cost-effective and ethically 

sound redesign of the previous paradigm of 

one-size-fits-all prescriptive approach to 

the complex chronic diseases into precision 

medicine. 

REFERENCES 

Alamri, W. A. S., Algarni, K. A., 

Alqurashi, M., Althobaiti, M. S. B., 

Alghamdi, A. A., & Alharthi, A. S. 

(2022). PHARMACOGENOMICS: 

PERSONALIZED MEDICINE 

BASED ON GENETIC FACTORS. 

Journal of Population Therapeutics and 

Clinical 

Pharmacology. https://doi.org/10.535

55/jptcp.v29i04.5669 

Bastaki, K., Velayutham, D., Irfan, A., 

Adnan, M., Mohammed, S., Mbarek, 

H., Qoronfleh, M. W., & Jithesh, P. V. 

(2024). Forging the path to precision 

medicine in Qatar: a public health 

perspective on pharmacogenomics 

initiatives. Frontiers in Public Health, 

12. https://doi.org/10.3389/fpubh.202

4.1364221 

Bature, J. T., Eruaga, M. A., & Itua, E. 

O. (2024). Integrating 

pharmacogenomic testing into 

personalized medicine practices in the 

USA: Implications for medication 

quality control and therapeutic 

efficacy. GSC Biological and 

Pharmaceutical Sciences, 26(3), 

19. https://doi.org/10.30574/gscbps.2

024.26.3.0081 

Borro, M., Salerno, G., Gentile, G., & 

Simmaco, M. (2023). Opinion paper 

on the systematic application of 

integrated bioinformatic tools to 

actuate routine precision medicine in 

https://lifebiotrends.com/index.php/TLSB/index
https://doi.org/10.53555/jptcp.v29i04.5669
https://doi.org/10.53555/jptcp.v29i04.5669
https://doi.org/10.3389/fpubh.2024.1364221
https://doi.org/10.3389/fpubh.2024.1364221
https://doi.org/10.30574/gscbps.2024.26.3.0081
https://doi.org/10.30574/gscbps.2024.26.3.0081


Trends in Life Sciences and Biotechnology  116 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

poly-treated patients. Clinical 

Chemistry and Laboratory Medicine 

(CCLM), 61(4), 

662. https://doi.org/10.1515/cclm-

2022-1293 

Bousman, C., Maruf, A. A., Marques, 

D., Brown, L., & Müller, D. J. (2023). 

The emergence, implementation, and 

future growth of pharmacogenomics in 

psychiatry: a narrative review [Review 

of The emergence, implementation, 

and future growth of 

pharmacogenomics in psychiatry: a 

narrative review]. Psychological 

Medicine, 53(16), 7983. Cambridge 

University 

Press. https://doi.org/10.1017/s00332

91723002817 

Božina, N., Kirhmajer, M. V., 

Šimičević, L., Ganoci, L., Skvrce, N. 

M., Domjanović, I. K., & Merćep, I. 

(2020). Use of pharmacogenomics in 

elderly patients treated for 

cardiovascular diseases. Croatian 

Medical Journal, 61(2), 

147. https://doi.org/10.3325/cmj.2020

.61.147 

Caudle, K. E., Keeling, N. J., Klein, T. 

E., Whirl‐Carrillo, M., Pratt, V. M., & 

Hoffman, J. M. (2018). 

Standardization Can Accelerate the 

Adoption of Pharmacogenomics: 

Current Status and the Path Forward 

[Review of Standardization Can 

Accelerate the Adoption of 

Pharmacogenomics: Current Status 

and the Path Forward]. 

Pharmacogenomics, 19(10), 847. 

Future 

Medicine. https://doi.org/10.2217/pgs

-2018-0028 

Deverka, P. A. (2009). 

Pharmacogenomics, Evidence, and the 

Role of Payers. Carolina Digital 

Repository (University of North 

Carolina at Chapel 

Hill). https://doi.org/10.17615/h93p-

st75 

Edris, A., Callier, E., & Lahousse, L. 

(2022). Precision medicine from a 

citizen perspective: a survey of public 

attitudes towards pharmacogenomics 

in Flanders. BMC Medical Genomics, 

15. https://doi.org/10.1186/s12920-

022-01308-7 

Freeman, C. (2023). 

Pharmacogenomics – A Prospective 

Journey towards Precision Medicine. 

In IntechOpen eBooks. 

IntechOpen. https://doi.org/10.5772/i

ntechopen.1001943 

Fujita, K., Masnoon, N., Mach, J., 

O’Donnell, L. K., & Hilmer, S. N. 

(2023). Polypharmacy and precision 

https://lifebiotrends.com/index.php/TLSB/index
https://doi.org/10.1515/cclm-2022-1293
https://doi.org/10.1515/cclm-2022-1293
https://doi.org/10.1017/s0033291723002817
https://doi.org/10.1017/s0033291723002817
https://doi.org/10.3325/cmj.2020.61.147
https://doi.org/10.3325/cmj.2020.61.147
https://doi.org/10.2217/pgs-2018-0028
https://doi.org/10.2217/pgs-2018-0028
https://doi.org/10.17615/h93p-st75
https://doi.org/10.17615/h93p-st75
https://doi.org/10.1186/s12920-022-01308-7
https://doi.org/10.1186/s12920-022-01308-7
https://doi.org/10.5772/intechopen.1001943
https://doi.org/10.5772/intechopen.1001943


Trends in Life Sciences and Biotechnology  117 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

medicine [Review of Polypharmacy 

and precision medicine]. Cambridge 

Prisms Precision Medicine, 1. 

Cambridge University 

Press. https://doi.org/10.1017/pcm.20

23.10 

Geeth, K., Chandana, T., & Sakshi, R. 

(2024). Pharmacogenomics in 

Healthcare: Applications, Challenges, 

and Future Directions with a Focus on 

Oncology. International Journal of 

Health Sciences and Research, 14(6), 

117. https://doi.org/10.52403/ijhrs.20

240618 

Giannopoulou, E., Κάτσιλα, Θ., 

Mitropoulou, C., Tsermpini, E. E., & 

Patrinos, G. P. (2019). Integrating 

Next-Generation Sequencing in the 

Clinical Pharmacogenomics 

Workflow [Review of Integrating 

Next-Generation Sequencing in the 

Clinical Pharmacogenomics 

Workflow]. Frontiers in 

Pharmacology, 10. Frontiers 

Media. https://doi.org/10.3389/fphar.

2019.00384 

Handra, J., Elbert, A., Gazzaz, N., 

Moller‐Hansen, A., Hyunh, S., Lee, H. 

K., Boerkoel, P., Alderman, E., 

Anderson, E., Clarke, L., Hamilton, S., 

Hamman, R., Hughes, S. E., Ip, S., 

Langlois, S., Lee, M., Li, L., 

Mackenzie, F., Patel, M. S., … 

Armstrong, L. (2023). The practice of 

genomic medicine: A delineation of 

the process and its governing 

principles. Frontiers in Medicine, 

9. https://doi.org/10.3389/fmed.2022.

1071348 

Ingelman‐Sundberg, M., Nebert, D. 

W., & Lauschke, V. M. (2023). 

Emerging trends in 

pharmacogenomics: from common 

variant associations toward 

comprehensive genomic profiling. 

Human Genomics, 

17(1). https://doi.org/10.1186/s40246-

023-00554-9 

Jarvis, J. P., Megill, S. E., Silvester, P., 

& Shaman, J. A. (2022). Maturing 

pharmacogenomic factors deliver 

improvements and cost efficiencies. 

Cambridge Prisms Precision 

Medicine, 

1. https://doi.org/10.1017/pcm.2022.3 

Jarvis, J. P., Peter, A. P., & Shaman, J. 

A. (2019). Consequences of CYP2D6 

Copy-Number Variation for 

Pharmacogenomics in Psychiatry 

[Review of Consequences of CYP2D6 

Copy-Number Variation for 

Pharmacogenomics in Psychiatry]. 

Frontiers in Psychiatry, 10. Frontiers 

https://lifebiotrends.com/index.php/TLSB/index
https://doi.org/10.1017/pcm.2023.10
https://doi.org/10.1017/pcm.2023.10
https://doi.org/10.52403/ijhrs.20240618
https://doi.org/10.52403/ijhrs.20240618
https://doi.org/10.3389/fphar.2019.00384
https://doi.org/10.3389/fphar.2019.00384
https://doi.org/10.3389/fmed.2022.1071348
https://doi.org/10.3389/fmed.2022.1071348
https://doi.org/10.1186/s40246-023-00554-9
https://doi.org/10.1186/s40246-023-00554-9
https://doi.org/10.1017/pcm.2022.3


Trends in Life Sciences and Biotechnology  118 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

Media. https://doi.org/10.3389/fpsyt.2

019.00432 

Kiani, P., Bet, P. M., Jessurun, N. T., 

Hoogland, P., Mentink, J. L., Swen, J. 

J., & Borgsteede, S. D. (2025). 

Barriers, facilitators, and 

implementation strategies for 

pharmacogenomics in community 

pharmacies: a cross-sectional survey 

among local champions in pharmacies 

and key opinion leaders in 

pharmacogenomics. International 

Journal of Clinical 

Pharmacy. https://doi.org/10.1007/s11

096-025-02022-x 

Kidwai‐Khan, F., Rentsch, C. T., Pulk, 

R., Alcorn, C., Brandt, C., & Justice, 

A. C. (2022). Pharmacogenomics 

driven decision support prototype with 

machine learning: A framework for 

improving patient care. Frontiers in 

Big Data, 

5. https://doi.org/10.3389/fdata.2022.

1059088 

Klomp, S. D., & Alfirevic, A. (2023). 

Editorial: Emerging talents in frontiers 

in pharmacology: pharmacogenetics 

and pharmacogenomics 2022. 

Frontiers in Pharmacology, 

14. https://doi.org/10.3389/fphar.202

3.1307602 

Li, L., Legeay, S., Gagnon, A.-L., 

Frigon, M.-P., Tessier, L., & 

Tremblay, K. (2024). Moving towards 

the implementation of 

pharmacogenetic testing in Quebec 

[Review of Moving towards the 

implementation of pharmacogenetic 

testing in Quebec]. Frontiers in 

Genetics, 14. Frontiers 

Media. https://doi.org/10.3389/fgene.

2023.1295963 

Maharana, B. P., Tushar Das, Jeeban 

Agnihotry, Das, Sai Das, Nityapriya. 

(2025). Pharmacogenomics & 

Personalized Medicine: Exploring the 

Impact of Genetic Variations on Drug 

Response and Personalized Treatment 

Plans. Zenodo (CERN European 

Organization for Nuclear 

Research). https://doi.org/10.5281/zen

odo.15650384 

Marques-Garcia, F., & Martinez-

Bravo, C. (2026). A review of 

pharmacogenomics in the 

individualization of pharmacological 

treatment: present and future. Journal 

of Laboratory and Precision Medicine, 

11, 6. https://doi.org/10.21037/jlpm-

25-9 

Mehandziska, S., Stajkovska, A., 

Stavrevska, M., Jakovleva, K., 

Janevska, M., Rosalia, R. A., 

https://lifebiotrends.com/index.php/TLSB/index
https://doi.org/10.3389/fpsyt.2019.00432
https://doi.org/10.3389/fpsyt.2019.00432
https://doi.org/10.1007/s11096-025-02022-x
https://doi.org/10.1007/s11096-025-02022-x
https://doi.org/10.3389/fdata.2022.1059088
https://doi.org/10.3389/fdata.2022.1059088
https://doi.org/10.3389/fphar.2023.1307602
https://doi.org/10.3389/fphar.2023.1307602
https://doi.org/10.3389/fgene.2023.1295963
https://doi.org/10.3389/fgene.2023.1295963
https://doi.org/10.5281/zenodo.15650384
https://doi.org/10.5281/zenodo.15650384
https://doi.org/10.21037/jlpm-25-9
https://doi.org/10.21037/jlpm-25-9


Trends in Life Sciences and Biotechnology  119 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

Kungulovski, I., Mitrev, Z., & 

Kungulovski, G. (2020). Workflow for 

the Implementation of Precision 

Genomics in Healthcare. Frontiers in 

Genetics, 

11. https://doi.org/10.3389/fgene.202

0.00619 

Miltyk, W., Patrinos, G. P., Verstuyft, 

C., Coenen, M. J. H., & Tafazoli, A. 

(2022). Editorial: Translation and 

implementation of pharmacogenomic 

testing in daily clinical practice: 

Considering current challenges and 

future needs. Frontiers in 

Pharmacology, 

13. https://doi.org/10.3389/fphar.202

2.1053027 

Montes, G. C., de, G. F., & Fontes-

Dantas, F. L. (2022). 

Pharmacogenomics: an opportunity for 

safer and efficient pharmacotherapy. 

Research Society and Development, 

11(17). https://doi.org/10.33448/rsd-

v11i17.38884 

Mrazek, D. A., & Lerman, C. (2011). 

Facilitating Clinical Implementation of 

Pharmacogenomics. JAMA, 

306(3). https://doi.org/10.1001/jama.

2011.1010 

Nemer, G., & Hendi, N. N. (2023). 

Pharmacogenomics of Cardiovascular 

Diseases: The Path to Precision 

Therapy. In IntechOpen eBooks. 

IntechOpen. https://doi.org/10.5772/i

ntechopen.113236 

Nuñez-Medina, H., Moneró, M., 

Torres, L. M., Leal, E., Sepúlveda, L. 

G.-, Mayor, Á. M., Renta, J. Y., 

González-García, E. R., González, A., 

Melín, K., Scott, S. A., Ruaño, G., 

Hernández-Suárez, D. F., & Ducongé, 

J. (2023). Implementing a 

Pharmacogenomic-driven Algorithm 

to Guide Antiplatelet Therapy among 

Caribbean Hispanics: A non-

randomized prospective cohort study. 

medRxiv (Cold Spring Harbor 

Laboratory). https://doi.org/10.1101/2

023.12.05.23299547 

Omran, S., Gan, S. H., & Teoh, S. L. 

(2025). Pharmacogenomics in drug 

therapy: global regulatory guidelines 

for managing high-risk drug reactions. 

European Journal of Human Genetics, 

34(1), 

27. https://doi.org/10.1038/s41431-

025-01950-6 

Safarova, M. (2023). Editorial: 

Clinical implementation of genetic 

scores in cardiovascular medicine. 

Frontiers in Cardiovascular Medicine, 

10. https://doi.org/10.3389/fcvm.2023.

1292116 

https://lifebiotrends.com/index.php/TLSB/index
https://doi.org/10.3389/fgene.2020.00619
https://doi.org/10.3389/fgene.2020.00619
https://doi.org/10.3389/fphar.2022.1053027
https://doi.org/10.3389/fphar.2022.1053027
https://doi.org/10.33448/rsd-v11i17.38884
https://doi.org/10.33448/rsd-v11i17.38884
https://doi.org/10.1001/jama.2011.1010
https://doi.org/10.1001/jama.2011.1010
https://doi.org/10.5772/intechopen.113236
https://doi.org/10.5772/intechopen.113236
https://doi.org/10.1101/2023.12.05.23299547
https://doi.org/10.1101/2023.12.05.23299547
https://doi.org/10.1038/s41431-025-01950-6
https://doi.org/10.1038/s41431-025-01950-6
https://doi.org/10.3389/fcvm.2023.1292116
https://doi.org/10.3389/fcvm.2023.1292116


Trends in Life Sciences and Biotechnology  120 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

Schildcrout, J. S., Denny, J. C., & 

Roden, D. M. (2016, November 21). 

On the Potential of Preemptive 

Genotyping Towards Preventing 

Medication-Related Adverse Events: 

Results from the South Korean 

National Health Insurance Database. 

In Drug Safety (Vol. 40, Issue 1, p. 1). 

Adis, Springer 

Healthcare. https://doi.org/10.1007/s4

0264-016-0476-z 

Scott, S. A. (2011). Personalizing 

medicine with clinical 

pharmacogenetics [Review of 

Personalizing medicine with clinical 

pharmacogenetics]. Genetics in 

Medicine, 13(12), 987. Elsevier 

BV. https://doi.org/10.1097/gim.0b01

3e318238b38c 

Silva, P., Jacobs, D. M., Kriak, J., Abu-

Baker, A., Udeani, G., Neal, G. D., & 

Ramos, K. S. (2021). Implementation 

of Pharmacogenomics and Artificial 

Intelligence Tools for Chronic Disease 

Management in Primary Care Setting. 

Journal of Personalized Medicine, 

11(6), 

443. https://doi.org/10.3390/jpm1106

0443 

Stewart, S., Dodero-Anillo, J. M., 

Guijarro-Eguinoa, J., Arias, P., 

Gómez, A., Seco-Meseguer, E., 

García-García, I., Ramı́rez, E., 

Rodríguez‐Antolín, C., Carcas, A. J., 

Rodríguez‐Nóvoa, S., Rosas-Alonso, 

R., & Borobia, A. M. (2023). 

Advancing pharmacogenetic testing in 

a tertiary hospital: a retrospective 

analysis after 10 years of activity. 

Frontiers in Pharmacology, 

14. https://doi.org/10.3389/fphar.202

3.1292416 

The evolution of biopharmaceuticals: 

from traditional drugs to biologics and 

biosimilars. (2023). Biology and 

Biotechnology Communications, 

1(02), 69-87. https://biotech-

journal.com/index.php/BBCJ/article/v

iew/9 

Tafazoli, A., Abbaszadegan, M. R., & 

Patrinos, G. P. (2023). Editorial: 

Integration of computational genomics 

into clinical pharmacogenomic tests: 

how bioinformatics may help primary 

care in precision medicine area. 

Frontiers in Genetics, 

14. https://doi.org/10.3389/fgene.202

3.1261876 

Tafazoli, A., Guchelaar, H., Miltyk, 

W., Krętowski, A., & Swen, J. J. 

(2021). Applying Next-Generation 

Sequencing Platforms for 

Pharmacogenomic Testing in Clinical 

Practice [Review of Applying Next-

https://lifebiotrends.com/index.php/TLSB/index
https://doi.org/10.1007/s40264-016-0476-z
https://doi.org/10.1007/s40264-016-0476-z
https://doi.org/10.1097/gim.0b013e318238b38c
https://doi.org/10.1097/gim.0b013e318238b38c
https://doi.org/10.3390/jpm11060443
https://doi.org/10.3390/jpm11060443
https://doi.org/10.3389/fphar.2023.1292416
https://doi.org/10.3389/fphar.2023.1292416
https://doi.org/10.3389/fgene.2023.1261876
https://doi.org/10.3389/fgene.2023.1261876


Trends in Life Sciences and Biotechnology  121 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

Generation Sequencing Platforms for 

Pharmacogenomic Testing in Clinical 

Practice]. Frontiers in Pharmacology, 

12. Frontiers 

Media. https://doi.org/10.3389/fphar.

2021.693453 

Tafazoli, A., Mikros, J., Khaghani, F., 

Alimardani, M., Rafigh, M., Hemmati, 

M., Siamoglou, S., Golińska, A. K., 

Kamiński, K., Niemira, M., Miltyk, 

W., & Patrinos, G. P. (2023). 

Pharmacovariome scanning using 

whole pharmacogene resequencing 

coupled with deep computational 

analysis and machine learning for 

clinical pharmacogenomics. Human 

Genomics, 

17(1). https://doi.org/10.1186/s40246-

023-00508-1 

Türkmen, D., Bowden, J., Masoli, J., 

Delgado, J., Kuo, C., Pilling, L. C., & 

Melzer, D. (2023). Combining 

pharmacogenetics and patient 

characteristic polygenic scores to 

improve outcome prediction for 

Calcium Channel Blocker treatment. 

medRxiv (Cold Spring Harbor 

Laboratory). https://doi.org/10.1101/2

023.02.10.23285767 

Turner, R. M., Newman, W. G., 

Bramon, E., McNamee, C. J., Wong, 

W. L., Misbah, S., Hill, S., Caulfield, 

M. J., & Pirmohamed, M. (2020). 

Pharmacogenomics in the Uk National 

Health Service: Opportunities and 

Challenges. Pharmacogenomics, 

21(17), 

1237. https://doi.org/10.2217/pgs-

2020-0091 

Vasisth, P., Limbalkar, O. M., Sharma, 

M., Sanghavi, H. M., Abdelmoula, N. 

B., Aloulou, S., Kammoun, S., Damak, 

A., Rekik, M., Saloua, B. A., Amor, 

O., Kaabi, B., Abdelmoula, C., 

Freeman, J., Valdez, P., Mayorga, R., 

Angulo, C., Angulo, M., Giurgiu, R., 

… Freeman, C. (2023). Advances in 

Genetic Polymorphisms. In 

IntechOpen eBooks. 

IntechOpen. https://doi.org/10.5772/i

ntechopen.1001553 

Verma, S. S., Keat, K., Li, B., 

Hoffecker, G., Risman, M., Sangkuhl, 

K., Whirl‐Carrillo, M., Dudek, S., 

Verma, A., Klein, T. E., Ritchie, M. D., 

& Tuteja, S. (2022). Evaluating the 

frequency and the impact of 

pharmacogenetic alleles in an 

ancestrally diverse Biobank 

population. Journal of Translational 

Medicine, 

20(1). https://doi.org/10.1186/s12967-

022-03745-5 

https://lifebiotrends.com/index.php/TLSB/index
https://doi.org/10.3389/fphar.2021.693453
https://doi.org/10.3389/fphar.2021.693453
https://doi.org/10.1186/s40246-023-00508-1
https://doi.org/10.1186/s40246-023-00508-1
https://doi.org/10.1101/2023.02.10.23285767
https://doi.org/10.1101/2023.02.10.23285767
https://doi.org/10.2217/pgs-2020-0091
https://doi.org/10.2217/pgs-2020-0091
https://doi.org/10.5772/intechopen.1001553
https://doi.org/10.5772/intechopen.1001553
https://doi.org/10.1186/s12967-022-03745-5
https://doi.org/10.1186/s12967-022-03745-5


Trends in Life Sciences and Biotechnology  122 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

Visvikis‐Siest, S., Stathopoulou, M. 

G., Sunder‐Plaßmann, R., Alizadeh, B. 

Z., Barouki, R., Chatzaki, E., Dagher, 

G., Dedoussis, G., Deloukas, P., 

Haliassos, A., Hiegel, B. B., 

Manolopoulos, V. G., Masson, C., 

Paré, G., Paulmichl, M., Petrelis, A. 

M., Sipeky, C., Duman, B. S., Weryha, 

G., … Kanoni, S. (2023). The 10th 

Santorini conference: Systems 

medicine, personalised health and 

therapy. “The odyssey from hope to 

practice: Patient first. Keep Ithaca 

always in your mind”, Santorini, 

Greece, 23–26 May 2022. Frontiers in 

Genetics, 

14. https://doi.org/10.3389/fgene.202

3.1171131 

Whirl‐Carrillo, M., Sangkuhl, K., 

Gong, L., & Klein, T. E. (2016). Novel 

Disease–Drug Database 

Demonstrating Applicability for 

Pharmacogenomic‐Based Prescribing. 

Clinical Pharmacology & 

Therapeutics, 100(6), 

600. https://doi.org/10.1002/cpt.420 

Wolford, B. N. (2021). Genetic 

Discovery and Precision Medicine in 

Cardiovascular Diseases Using 

Electronic Health Record-Linked 

Biobanks. Deep Blue (University of 

Michigan). https://doi.org/10.7302/28

55 

Xie, T. (2017). Epistatic interactions 

and epigenetic modifications for 

molecular stratification of chronic 

diseases. HAL (Le Centre Pour La 

Communication Scientifique 

Directe). https://tel.archives-

ouvertes.fr/tel-01835056 

Xiong, Y., Liu, X., Wang, Q., Zhao, L., 

Kong, X., Da, C., Meng, Z., Qu, L., 

Xia, Q., Liu, L., & Li, P. (2024). 

Machine learning-based prediction 

model for the efficacy and safety of 

statins. Frontiers in Pharmacology, 

15. https://doi.org/10.3389/fphar.202

4.1334929 

Zhou, Y., Fujikura, K., Mkrtchian, S., 

& Lauschke, V. M. (2018). 

Computational Methods for the 

Pharmacogenetic Interpretation of 

Next Generation Sequencing Data 

[Review of Computational Methods 

for the Pharmacogenetic Interpretation 

of Next Generation Sequencing Data]. 

Frontiers in Pharmacology, 9. 

Frontiers 

Media. https://doi.org/10.3389/fphar.

2018.01437 

Zhu, Y., Swanson, K. M., Rojas, R. L., 

Wang, Z., Sauver, J. L. St., Visscher, S. L., 

Prokop, L. J., Bielinski, S. J., Wang, L., 

Weinshilboum, R., & Borah, B. J. (2019). 

Systematic review of the evidence on the 

https://lifebiotrends.com/index.php/TLSB/index
https://doi.org/10.3389/fgene.2023.1171131
https://doi.org/10.3389/fgene.2023.1171131
https://doi.org/10.1002/cpt.420
https://doi.org/10.7302/2855
https://doi.org/10.7302/2855
https://tel.archives-ouvertes.fr/tel-01835056
https://tel.archives-ouvertes.fr/tel-01835056
https://doi.org/10.3389/fphar.2024.1334929
https://doi.org/10.3389/fphar.2024.1334929
https://doi.org/10.3389/fphar.2018.01437
https://doi.org/10.3389/fphar.2018.01437


Trends in Life Sciences and Biotechnology  123 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

cost-effectiveness of pharmacogenomics-

guided treatment for cardiovascular 

diseases [Review of Systematic review of 

the evidence on the cost-effectiveness of 

pharmacogenomics-guided treatment for 

cardiovascular diseases]. Genetics in 

Medicine, 22(3), 475. Elsevier 

BV. https://doi.org/10.1038/s41436-019-

0667-y 

https://lifebiotrends.com/index.php/TLSB/index
https://doi.org/10.1038/s41436-019-0667-y
https://doi.org/10.1038/s41436-019-0667-y

