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A B S T R A C T   

Background and objectives: A genetic algorithm (GA) approach was developed to predict drug-drug interactions 
(DDIs) caused by cytochrome P450 2C8 (CYP2C8) inhibition or cytochrome P450 2B6 (CYP2B6) inhibition or 
induction. Nighty-eight DDIs, obtained from published in vivo studies in healthy volunteers, have been 
considered using the area under the plasma drug concentration–time curve (AUC) ratios (i.e., ratios of AUC of the 
drug substrate administered in combination with a DDI perpetrator to AUC of the drug substrate administered 
alone) to describe the extent of DDI. 
Methods: The following parameters were estimated in this approach: the contribution ratios (CRCYP2B6 and 
CRCYP2C8, i.e., the fraction of the dose metabolized via CYP2B6 or CYP2C8, respectively) and the inhibitory or 
inducing potency of the perpetrator drug (IRCYP2B6, IRCYP2C8 and ICCYP2B6, for inhibition of CYP2B6 and CYP2C8, 
and induction of CYP2B6, respectively). The workflow consisted of three main phases. First, the initial estimates 
of the parameters were estimated through GA. Then, the model was validated using an external validation. 
Finally, the parameter values were refined via a Bayesian orthogonal regression using all data. 
Results: The AUC ratios of 5 substrates, 11 inhibitors and 19 inducers of CYP2B6, and the AUC ratios of 19 
substrates and 23 inhibitors of CYP2C8 were successfully predicted by the developed methodology within 
50–200% of observed values. 
Conclusions: The approach proposed in this work may represent a useful tool for evaluating the suitable doses of a 
CYP2C8 or CYP2B6 substrates co-administered with perpetrators.   

1. Introduction 

Simultaneous administration of multiple drugs is particularly com-
mon in elderly subjects, exposing them to a potential risk of drug-drug 
interactions (DDIs). Furthermore, a per capita increase in drug intake 
has been observed in recent years. According to data from Centers for 
Disease Control, between 1988 and 2010, the percentage of American 
people taking three or more prescribed drugs doubled, while the per-
centage of subjects taking five or more drugs nearly tripled (Percha & 
Altman, 2013). The occurrence of DDIs represents a clinically relevant 
problem which positively correlates with the number of co-administered 
drugs. DDIs may compromise therapeutic success, or even be the cause 
of serious health complications requiring hospitalization (Ferdousi 
et al., 2017). Moreover, errors in multiple drug prescriptions may lead to 

DDIs causing high costs related to diagnosis and patient treatment, as 
well as health risks for the patients. 

Different DDI predictive approaches based on the generation of in 
vitro data or on the examination of data available in the literature have 
been proposed (Yoshida et al., 2017). These approaches may have been 
combined with chemo-informatics methodologies (Ferdousi et al., 2017; 
Percha & Altman, 2013). For instance, integration of the available 
structural, in vitro and in vivo data using physiology-based pharmaco-
kinetics models (PBPK) using standard platforms, as SIMCYP, has 
become more and more popular (see, e.g., Abouir et al., 2021; Sinha 
et al., 2012). Nowadays, as it is the case of many other applications in 
the field of drug development, the focus is shifting on the prediction of 
potential DDIs through computational methods based on artificial in-
telligence and machine learning approaches (Ferreira & Andricopulo, 
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2019; Gaurav et al., 2021). Unlike in vitro and in vivo studies which are 
time-consuming and expensive, computational approaches allow an 
easier and quicker collection and manipulation of large amounts of data 
(Han et al., 2022). In this perspective, we developed a genetic algorithm 
(GA)-based approach, built on the framework proposed by Ohno and 
collaborators (Ohno et al., 2007), to predict DDIs caused by inhibition of 
cytochrome P450 2C8 (CYP2C8) or inhibition or induction of cyto-
chrome P450 2B6 (CYP2B6). Both CYP2C8 and CYP2B6 are enzymes 
well known to be involved in the clearance of many therapeutic agents 
in human, and to be induced or inhibited by several drugs, resulting in 
DDIs of clinical relevance (Backman et al., 2016; Quintieri et al., 2011; 
Wang & Tompkins, 2008). 

GAs represent artificial intelligence tools that mimic the processes of 
biological natural selection and are successfully used as search algo-
rithms to describe phenomena that do not have their own physical law 
or a priori knowledge, but are based only on observed data (Schmidt & 
Lipson, 2009). A basic GA consists of an initial finite number of in-
dividuals (population), representing possible solutions of the problem 
that “evolve” from generation to generation guaranteeing optimized 
solutions (Dong & Peng, 2011). The initial population should be large 
and sufficiently variable. After an initial evaluation, the GA proceeds 
with the selection of the individuals representing the best solutions in 
terms of fitness function. These individuals are then modified via cross- 
over (a process that combines two solutions) or mutation (a process that 
incorporate a small random change), an approach that incorporates both 
stochastic and deterministic processes. Therefore, two aspects are 
combined together in the GA: the rules of survival of the fittest in-
dividuals in the process of biological evolution and random component 
of information exchange among the individuals of the population 
(Kramer, 2017). The measure of “goodness” (quality of solutions) of this 
computational model is called “fitness”, analogous to the concept of 
“fitness” used in population ecology to indicate how well an organism 
adapts to its environment (Kramer, 2017; Sale & Sherer, 2015). The 
fitness function is phenomenon-specific and directly affects the 
convergence speed and the search for an optimized solution (Kramer, 
2017). 

In this work a fitness function was adopted to predict the extent of 
CYP2B6 and CYP2C8 inhibition-based DDIs, as well as CYP2B6 
induction-based DDIs, expressed as area under the plasma drug con-
centration–time curve (AUC) ratios (i.e., ratios of AUC of the substrate 
administered in combination with a DDI perpetrator to AUC of the drug 
substrate administered alone). 

2. Materials and methods 

In this study we adopted a framework similar to that initially 
developed by Ohno et al. (Ohno et al., 2007), and that we have earlier 
used for the prediction of pharmacokinetic-based DDIs elicited by in-
hibition of CYP2C8 (Di Paolo et al., 2021) or by inhibition or induction 
of CYP2B6 (Di Paolo et al., 2022). For DDIs caused by CYP2C8 or 
CYP2B6 inhibition, the AUC ratio is calculated from Equation (Eq. (1)). 

AUC*

AUC
=

1
1 − CR*IR

(1)  

where AUC is the AUC of the CYP2B6 or CYP2C8 substrate drug when 
administered alone; AUC* is the AUC of the substrate drug when co- 
administered with a CYP2B6 or a CYP2C8 inhibitor. CRCYP2B6 and 
CRCYP2C8 are the contribution ratios (i.e., the fractions of the substrate’s 
oral clearance due to metabolism via CYP2B6 and CYP2C8, respec-
tively). AUC values were obtained from the open literature (see Section 
2.1, values were typically calculated using standard non-compartmental 
analysis). CRs are positive numbers between 0 (no contribution of the 
specific metabolic route) and 1 (the compound is entirely metabolized 
via the specific metabolic route). IRCYP2B6 and IRCYP2C8 are the inhibi-
tion ratios for the inhibitor. IR represents the in vivo potency of the 

inhibitor integrated over time and is related to both the dose (and thus 
exposure) of the inhibitor and its inhibition constant (Ki). IR values are 
also positive numbers between 0 (no inhibitory effect towards the 
specified enzyme) and 1 (the inhibitor is able to completely wipe the 
activity of the specified enzyme). Based on this, the AUC ratios (AUCR; 
AUC*/AUC) for inhibition are positive real numbers between 1 (no 
inhibitory effect; AUC with the inhibitor is equal to the AUC without 
inhibitor) and infinite (complete inhibition of the elimination; the sub-
strate, when eliminated solely by the specified enzyme, cannot be 
eliminated from the body). 

For DDIs caused by induction of CYP2B6, the AUC ratio is calculated 
from Eq. (2). 

AUC*

AUC
=

1
1 + CR*IC

(2)  

where, similarly to inhibition, AUC is the AUC of the substrate drug 
when it is orally administered alone; AUC* is the AUC of the substrate 
drug when it is co-administered with a CYP2B6 inducer. CRCYP2B6 is the 
contribution ratio, defined as previously described regarding inhibition. 
ICCYP2B6 is the apparent increase in clearance of substrates caused by 
induction of CYP2B6. ICCYP2B6 quantifies the inducer potency in a range 
from 0 to any positive value and, as IRCYP2B6/CYP2C8, depends on both the 
dose and the potency of the inducer and, in this case, also the duration of 
the treatment with the inducer (Ohno et al., 2008). Details on the 
rationale and demonstration of the equations are available in the work 
of Ohno et al. (Ohno et al., 2007; Ohno et al., 2008). 

This approach was implemented using a GA-based computational 
methodology. The approach consisted of 3 steps for each of the two 
enzymes: (1) initial estimation of model parameters (CRCYP2B6, 
CRCYP2C8, IRCYP2B6, IRCYP2C8 and ICCYP2B6 values) through GA; (2) 
external validation of predicted values; and (3) final estimation of the 
parameter values using all data. 

2.1. Step 1: initial estimation of parameters through GA 

For the evaluation of DDIs mediated by CYP2B6 or CYP2C8 inhibi-
tion, AUCR reported in the Resources of the Drug Interaction Database 
of the University of Washington [http://www.druginteractioninfo.org] 
were used. Moreover, data published in peer-review journals were also 
considered. AUC values used in our computational model are reported in 
Tables 1 and 2. 

Unlike in the study by Ohno et al. (Ohno et al., 2007), in which a CR 
or IR value was assumed a priori and, subsequently, CRs and IRs were 
calculated according to a trial-and-error approach with manual calcu-
lation, our GA-based computational method was initialized with random 
CRs, IRs and ICs values. GAs mimic the natural selection process in 
evolution to solve the global optimization problem (Holland, 1992). To 
limit the space of possible values and drive the GA, the only constraints 
used were based on the definition of the parameters and are represented 
in Figs. 1 and 2, which are plots of Eqs. (1) and (2), respectively 
(MATLAB software, version R2013b, MathWorks Inc., Natick, MA, 
USA). In particular, Fig. 1 shows the possible values of CRCYP2B6, 
CRCYP2C8, IRCYP2B6 and IRCYP2C8 for a fixed AUCR. It is noteworthy that, 
for high values of AUCR, the possible values of CRCYP2B6, CRCYP2C8, 
IRCYP2B6 and IRCYP2C8 were more restricted than for lower AUC values. In 
the case of the perpetrator-victim couple gemfibrozil-dasabuvir, the 
AUCR value was 11.3 (see Table 1), and the possible values of IRCYP2B6, 
IRCYP2C8, CRCYP2B6 and CRCYP2C8 were between 0.9 and 0.99 (Fig. 1). 
Fig. 2 displays the possible values of AUCR based on CRCYP2B6 and 
ICCYP2B6 values. The upper limit value for ICCYP2B6 was 10, while the 
lower one was 0.2. The GA was guided by the constraints of Fig. 1 for the 
prediction of DDIs elicited by enzyme inhibition, whereas the con-
straints of Fig. 2 were considered for DDIs caused by enzyme induction. 
The set constraints limit the upper and lower boundaries for the in-
dividuals of new populations. For predictions by GA of DDIs caused by 
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CYP2C8 inhibition, 33 AUCRCYP2C8, 15 CRCYP2C8 and 19 IRCYP2C8 values 
were considered, while for DDIs elicited by CYP2B6 inhibition or in-
duction, 32 AUCRCYP2B6, 5 CRCYP2B6, 10 IRCYP2B6 and 19 ICCYP2B6 values 
were considered. 

Each individual is composed by the vector of the values of CRCYP2C8 
and IRCYP2C8: [CRC1, CRC2, …, CRC15, IRC1, IRC2, … IRC19,] (CYP2C8 in-
hibition) or by the vector of the values of CRCYP2B6, IRCYP2B6 and 
ICCYP2B6: [CRB1, CRB2, …, CRB5, IRB1, IRB2, … IRB10, ICB1, ICB2, …ICB19] 
(CYP2B6 inhibition or induction) which collectively represents the 
vectors of decision variables. The algorithm has been set up with two 
rounds of calculation: the first one with the initial population selected 
randomly; the second one with the initial population defined partly 
randomly and partly with the best individuals found in the first opti-
mization step. This approach allows the algorithm to converge towards a 
realistic solution of the optimization using the best individuals of the 
first optimization through the deterministic process of the algorithm. At 
the same time, the presence of some random individuals allows the al-
gorithm to evolve while maintaining a stochastic component. The goal 
of the multi-object optimization problem was to minimize the following 
function: 

Fi(P) = ∣1 −
AUCRpredicted i

AUCRobserved i
∣ 

where Fi is the fitness function for each AUCRobserved i (see Tables 1 
and 2), and P is the vector of decision variables (CRCYP2C8 and IRCYP2C8 
values for CYP2C8 and values of CRCYP2B6, IRCYP2B6 and ICCYP2B6 for 
CYP2B6). The aim of the optimization is to find the values of decision 
variables that minimize the difference between the experimental AUCR 
(AUCRobserved) and the calculated AUCR (AUCRpredicted) for each AUCR 

Table 1 
Drug-Drug interaction studies used for predicting the interactions mediated by 
CYP2C8 inhibition.  

Inhibitor (dose) Substrate Step Observed 
AUC ratio 

Reference 

Gemfibrozi (600 mg 
BID x 5 days) 

Daprodustat Step 
1 

17.36 Johnson et al., 
2014 

Gemfibrozil (600 mg 
BID x 5 days) 

Dasabuvir Step 
1 

11.30 Menon et al., 
2015 

Gemfibrozil (900 mg 
SD) 

Repaglinide Step 
2 

8.26 Honkalammi 
et al., 2011 

Gemfibrozil (600 mg 
BID x 3 days) 

Cerivastatin 
(acid) 

Step 
1 

5.60 Backman et al., 
2002 

Gemfibrozil (600 mg 
BID x 4 days) 

Pioglitazone Step2 4.66 Aquilante et al., 
2013 

Gemfibrozil (600 mg 
BID x 3 days) 

Enzalutamide Step 
1 

4.04 Gibbons et al., 
2015 

Gemfibrozil (600 mg 
BID x 3 days) Montelukast 

Step 
2 4.54 

Karonen et al., 
2010 

Gemfibrozil (600 mg 
BID x 3 days) 

Cerivastatin 
(lactone) 

Step 
2 

4.40 
Backman et al., 
2002 

Gemfibrozil (600 mg 
BID x 3 days) 

Sinvastatin 
(acid) 

Step 
1 

2.90 Backman et al., 
2000 

Gemfibrozil (600 mg 
BID x 3 days) 

Rosiglitazone Step 
2 

2.30 Niemi et al., 
2003 

Gemfibrozil (600 mg 
BID x 3 days) Loperamide 

Step 
1 2.20 

Niemi et al., 
2006 

Gemfibrozil (600 mg 
BID x 3 days) 

Treprostinil 
Step 
1 

1.90 FDA, 2009 

Gemfibrozil (600 mg 
BID x 3 days) 

Dabrafenib Step 
1 

1.50 Suttle et al., 
2015 

Gemfibrozil (600 mg 
BID x 3 days) Sitagliptin 

Step 
2 1.50 

Arun et al., 
2012 

Gemfibrozil (600 mg 
BID x 3 days) Ezetimibe 

Step 
1 1.40 

Reyderman 
et al., 2004 

Gemfibrozil (600 mg 
BID x 3 days) 

Paritaprevir 
Step 
2 

1.40 
Menon et al., 
2015 

Gemfibrozil (600 mg 
BID x 3 days) 

Simvastatin 
(lactone) 

Step 
2 

1.40 Backman et al., 
2000 

Gemfibrozil (600 mg 
BID x 3 days) R-Ibuprofen 

Step 
1 1.30 

Tornio et al., 
2007 

Clopidrogrel (300 mg 
SD) Repaglinide 

Step 
1 5.08 

Tornio et al., 
2014 

Clopidrogrel (300 mg 
then 75 mg QD x 3 
days) 

Dasabuvir 
Step 
1 4.66 

Itkonen et al., 
2019 

Clopidrogrel (300 mg 
then 75 mg QD x 3 
days) 

Pioglitazone 
Step 
1 

2.15 
Itkonen et al., 
2016 

Clopidrogrel (300 mg 
then 75 mg QD x 2 
days) 

Montelukast Step 
1 

1.98 Itkonen et al., 
2018 

Letermovir (480 mg 
QD x 10 days) 

Repaglinide Step 
1 

2.47 
(PBPK) 

FDA, 2017 

Letermovir (480 mg 
QD x 10 days) 

Rosiglitazone Step 
1 

1.46 
(PBPK) 

FDA, 2017 

Teriflunomide 
(14–70 mg QD x 12 
days) 

Repaglinide Step 
1 

2.42 FDA, 2012 

Deferasirox (30 mg/ 
kg QD x 3 days) 

Repaglinide Step 
1 

2.27 Skerjanec et al., 
2010 

Trimethoprim (200 
mg SD) 

Repaglinide Step 
2 

1.82 Kim et al., 2016 

Trimethoprim (960 
mg BID x 6 days) Amodiaquine 

Step 
1 1.60 

Akande et al., 
2015 

Trimethoprim (160 
mg BID x 6 days) Pioglitazone 

Step 
1 1.55 

Tornio et al., 
2008 

Trimethoprim (160 
mg BID x 3 days) 

Cerivastatin 
(lactone) 

Step 
2 

1.50 Backman et al., 
2003 

Trimethoprim (160 
mg BID x 3 days) 

Cerivastatin 
(acid) 

Step 
2 

1.40 Backman et al., 
2003 

Trimethoprim (160 
mg BID x 4 days) Rosiglitazone 

Step 
2 1.37 

Niemi et al., 
2004 

Tazemetostat (800 mg 
BID at steady state) 

Repaglinide 
Step 
1 

1.80 FDA, 2019a 

Efavirenz (400 mg 
daily x 12 days) 

Amodiaquine Step 
1 

1.80 Soyinka et al., 
2013  

Table 1 (continued ) 

Inhibitor (dose) Substrate Step Observed 
AUC ratio 

Reference 

Telithromycin (800 
mg QD x 3 days) 

Repaglinide Step 
2 

1.77 Kajosaari et al., 
2006 

Tucatinib (300 mg 
BID x 10 days) 

Repaglinide Step 
1 

1.70 FDA, 2019a 

Duvelisib (25 mg BID 
x 6 days) 

Repaglinide Step 
1 

1.54 
(PBPK) 

FDA, 2018a 

Fedratinib (400 mg 
QD x 15 days) 

Repaglinide Step 
1 

1.46 
(PBPK) 

FDA, 2020a 

Ketoconazole (200 mg 
BID x 5 days) 

Rosiglitazone Step 
1 

1.46 Park et al., 2004 

Ketoconazole (400 mg 
QD x 6 days) 

Dasabuvir Step 
2 

1.42 FDA, 2014 

Abiraterone acetate 
(1000 mg SD) 

Pioglitazone Step 
1 

1.42 Monbaliu et al., 
2016 

Atazanavir (400 mg 
QD x 6 days) 

Rosiglitazone Step 
1 

1.40 FDA, 2015a 

Cotrimoxazole (160/ 
800 mg BID x 6 
days)* 

Dasabuvir Step 
1 

1.33 Polepally et al., 
2016 

Irbesartan (300 mg 
QD x 5 days) 

Repaglinide Step 
2 

1.33 Pei et al., 2018 

Capmatinib (400 mg 
BID x 10 days) 

Repaglinide Step 
2 

1.32 FDA, 2020b 

Lesinurad (400 mg 
SD) 

Repaglinide Step 
1 

1.31 FDA, 2015b 

Tecovirimat (600 mg 
BID x 15 days) 

Repaglinide Step 
2 

1.29 FDA, 2018b 

Amodiaquine (600 
mg SD) 

Pioglitazone Step 
1 

1.28 Edema et al., 
2018 

Rolapitant (200 mg 
SD) 

Repaglinide Step 
1 

1.27 FDA, 2015c 

Fluvoxamine (50 mg 
BID x 3.5 days) 

Rosiglitazone Step 
1 

1.25 Pedersen et al., 
2006 

BID: twice daily; PBPK: values obtained via physiology-based pharmacokinetic 
modeling; QD: once daily; SD: single dose; Step 1: values used in the initial 
estimation of CRs and IRs; Step 2: values used in the external validation. Unless 
otherwise specified, the administration route is oral. 

* Cotrimoxazole: combination of trimethoprim and sulfamethoxazole. 
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Table 2 
Drug-Drug interaction studies used for predicting the interactions caused by 
CYP2B6 inhibition or induction.  

Inhibitor (dose) Substrate Step Observed 
AUC ratio 

Reference 

Baicalin (500 mg TID 
x 14 days) 

Bupropion Step 1 1.15 Fan et al., 
2009 

Cimetidine (800 mg 
QD) 

Bupropion Step 1 1.05 Kustra et al., 
1999 

Clopidrogrel (75 mg 
QD x 4 days) Bupropion Step 2 1.36 

Turpeinen 
et al., 2005 

Clopidrogrel (75 mg 
QD x 4 days) Efavirenz Step 1 1.26 

Jiang et al., 
2013 

Disulfiram (250 mg 
QD x 4 days) Efavirenz Step 1 1.41 

McCance- 
Katz et al., 
2014 

Hormone replacement 
therapy 
(2 mg estradiol 
valerate and 250 μg 
levonorgestrel QD x 
10 days) 

Bupropion Step 2 1.07 
Palovaara 
et al., 2003 

MDMA (125 mg SD) Bupropion Step 1 1.28 Schmid et al., 
2015 

Nelfinavir (1250 mg 
BID) Bupropion Step 1 1.10 

Kirby et al., 
2011 

Prasugrel (10 mg QD) Bupropion Step 1 1.18 FDA, 2010 
Rolapitant (180 mg 

SD) 
Efavirenz Step 1 1.32 

Wang et al., 
2019 

Ticlopidine (250 mg 
BID x 4 days) 

Bupropion Step 1 1.61 Turpeinen 
et al., 2005 

Ticlopidine (250 mg 
BID) Ketamine Step 1 2.41 

Peltoniemi 
et al., 2011 

Ticlopidine (250 mg 
BID) 

R- 
methadone 

Step 2 1.18 
Kharasch & 
Stubbert, 
2013 

Ticlopidine (250 mg 
BID) 

S- 
methadone Step 1 1.62 

Kharasch & 
Stubbert, 
2013 

Voriconazole (400/ 
200 mg BID x 9 
days) 

Efavirenz Step 1 1.83 Desta et al., 
2016 

Inducer Substrate Step 
Observed 
AUC ratio Reference 

Carbamazepine (400 
mg × 21 days) 

Efavirenz Step 1 0.64 Ji et al., 2008 

Cenobamate (200 mg 
QD x 98 days) 

Bupropion Step 2 0.61 FDA, 2019b 

Efavirenz (600 mg QD 
x 15 days) Bupropion Step 1 0.45 

Robertson 
et al., 2008 

Efavirenz (600 mg ×
30 days) 

R- 
methadone 

Step 1 0.45 
Kharasch 
et al., 2012 

Efavirenz (600 mg ×
30 days) 

S- 
methadone 

Step 1 0.31 Kharasch 
et al., 2012 

Ezetimibe (10 mg ×
11 days) 

Efavirenz Step 2 0.91 Fahmi et al., 
2016 

Ferulic acid (50 mg 
TID x 14 days) Bupropion Step 1 0.77 

Gao et al., 
2013 

Indinavir (1200 mg ×
7 days) 

Efavirenz Step 1 0.81 
Fahmi et al., 
2016 

Isavuconazole (200 
mg TID x 11 days) 

Bupropion Step 1 0.59 Yamazaki 
et al., 2017 

Itraconazole (200 mg 
× 6 days) Efavirenz 

Negative 
control 1 

Fahmi et al., 
2016 

Ledipasvir/sofosbuvir 
(90 mg/400 mg QD 
x 14 days) 

Efavirenz Step 1 0.79 FDA, 2014b 

Lopinavir/Ritonavir 
(400 mg/100 mg 
BID x 14 days) 

Bupropion Step 2 0.43 
Hogeland 
et al., 2007 

Metamizole (500 mg 
TID x 4 days) Bupropion Step 1 0.67 

Qin et al., 
2012 

Nelfinavir (1250 mg 
BID x 14 days) Bupropion Step 2 0.92 

Kirby et al., 
2011 

Nelfinavir (1250 mg 
BID x 32 weeks) 

Efavirenz Step 1 0.83 Fahmi et al., 
2016  

Table 2 (continued ) 

Inhibitor (dose) Substrate Step Observed 
AUC ratio 

Reference 

Nevirapine (200–400 
mg × 4 weeks) Efavirenz Step 1 0.71 

Veldkamp 
et al., 2001 

Rifampin (450 mg × 7 
days) 

Efavirenz Step 2 0.61 
Fahmi et al., 
2016 

Rifampin (600 mg QD 
x 7 days) 

Bupropion Step 2 0.34 Chung et al., 
2011 

Rifampin (600 mg QD 
x 7 days) Bupropion Step 1 0.33 

Loboz et al., 
2006 

Rifampin (600 mg QD 
x 11 days) Efavirenz Step 2 0.44 

Cho et al., 
2016 

Ritonavir (100 mg ×
23 days) 

Bupropion Step 1 0.78 
Fahmi et al., 
2016 

Ritonavir (300 mg BID 
x 3 days) Bupropion Step 1 0.84 

Kharasch, 
Bedynek, 
et al., 2008 

Ritonavir (300 mg BID 
x 3 days) 

R- 
methadone 

Step 2 0.68 
Kharasch, 
Mitchell, 
et al., 2008 

Ritonavir (300 mg BID 
x 3 days) 

S- 
methadone Step 2 0.57 

Kharasch, 
Mitchell, 
et al., 2008 

Ritonavir (400 mg BID 
x 14 days) 

R- 
methadone 

Step 2 0.51 
Kharasch, 
Mitchell, 
et al., 2008 

Ritonavir (400 mg BID 
x 14 days) 

S- 
methadone 

Step 2 0.50 
Kharasch, 
Mitchell, 
et al., 2008 

Ritonavir (400 mg BID 
x 18 days) Bupropion Step 1 0.67 

Kharasch, 
Mitchell, 
et al., 2008 

Ritonavir (600 mg BID 
x 23 days) Bupropion Step 1 0.34 

Park et al., 
2010 

Saquinavir (1600 mg) Efavirenz Step 1 0.89 
Fahmi et al., 
2016 

St. John’s wort (300 
mg TID x 14 days) 

Ketamine Step 1 0.40 Peltoniemi 
et al., 2012 

St. John’s wort (300 
mg TID x 14 days) 

Bupropion Step 2 0.83 Lei et al., 
2010 

Teriflunomide (14–70 
mg × 14 days) Bupropion Step 1 0.91 

Fahmi et al., 
2016 

Tipranavir/Ritonavir 
(200 mg BID) Bupropion Step 1 0.54 

Younis et al., 
2019  

Fig. 1. Genetic algorithm (GA) constraints for enzyme inhibition-based drug- 
drug interactions (DDIs). Constraints, obtained with the MATLAB software by 
plotting Eq. (1), used to guide the GA for initial estimation of contribution ratio 
(CR) and inhibition ratio (IR) values to predict DDIs caused by CYP2B6 or 
CYP2C8 inhibition. 
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that has been considered in the initial estimation step. In the GA algo-
rithm the following parameters were adopted: i) population size of each 
generation in the optimization run: 300 individuals, ii) maximum gen-
eration: 200 individuals; crossover probability (i.e., probability that 
genes from selected parents produce offspring of the next generation): 
0.8 for the first round and 0.9 for the second round. 

More information about the computational approach with GA is 
available in the flowchart of Fig. 3. 

2.2. Step 2: external validation of predicted values 

The predicted AUCRCYP2B6/CYP2C8 values were calculated by solving 
Eqs. (1) and (2), where the estimates of CRCYP2B6, IRCYP2B6, and ICCYP2B6 
(for DDIs involving CYP2B6) and CRCYP2C8, and IRCYP2C8 (for DDIs 
involving CYP2C8) were generated by GA in Step 1 (see the DDI studies 
reported in Tables 1 and 2 as Step 1). Afterwards, the parameters values 
were used to compare predicted and observed AUCRs obtained from a 
second set of published articles used as external validation (Step 2 in 
Tables 1 and 2). This comparison was based on the visual inspection of 
the graph obtained by plotting predicted versus observed AUCRs. The 
predicted values were considered correct if 90% of the predicted AUCRs 
were within range between 50 and 200% of the observed AUCRs (Ohno 
et al., 2007; Ohno et al., 2008). In addition, the predicted values were 
compared with the modified ranges proposed by Guest et al. (Guest 
et al., 2011), typically used for these prediction approaches. The pre-
diction errors (difference between the predicted and the observed value) 
and the absolute mean of the prediction error were also calculated to 
indicate the imprecision of the prediction. 

2.3. Step 3: final estimation of model parameters 

As in previous works (Di Paolo et al., 2021 and references therein), 
refined estimates of the parameters were obtained through a Bayesian 
orthogonal regression using the WinBUGS software (version 1.4.3). 

For each CYP2B6 or CYP2C8 substrate (χ) and inhibitor (ψ), the 
predicted AUCR was coded in Winbugs according to Eq. (3): 

predχψ =
1

(
1 − CRZχ × IRZψ

) (3)  

AUCratioχψ ∼ N
(
predχψ , tauAUC

)

where predχψ and AUCratioχψ are the predicted and observed AUCRs for 
each CR/IR pair, respectively, and CRZχ and IRZψ are the Bayesian 
posterior values (refined estimates) of the CRCYP2B6/CYP2C8 and IRCYP2B6/ 

CYP2C8, respectively. tauAUC is the precision of the AUC distribution, 
calculated as the reciprocal of the variance. Normal distribution was 
assumed for AUCRs, while logistic distribution (between 0 and 1) was 
assumed for CRCYP2C8, CRCYP2B6, IRCYP2C8 and IRCYP2B6 values. The mean 
of each distribution was the initial estimation obtained from Step 1. The 
precision of the distributions was assumed to obey a gamma distribu-
tion: tauCR ~ (4,1); tauIR ~ G(4,1); tauAUC ~ G(2,1). The gamma 
distributions were set so that the expected standard errors of CRCYP2B6/ 

CYP2C8 and IRCYP2B6/CYP2C8 values on the logit scale and of AUCRs were 
0.5, 0.5 and 5, respectively. 

A similar Bayesian regression analysis was applied for the final 
estimation of parameters related to CYP2B6 induction. The CRs of 
CYP2B6 were fixed at values obtained from CYP2B6 inhibition data 
(CRZχ). Eq. (4) was applied for the regression of each substrate (χ) and 
inducer (ω): 

predχω =
1

(
1 + CRZχ × ICZω

) (4)  

AUCratioχω ∼ N
(
predχω, tauAUC

)

where predχω and AUCratioχω are the predicted and observed AUCR for 
each CRCYP2B6 and ICCYP2B6 pair, respectively; while ICZω is the Bayesian 
posterior value (final estimation) of ICCYP2B6 values. ICCYP2B6 is a 
positive real number, therefore a log-normal distribution is assumed. 
The tauAUC precision obeyed gamma distribution, as for inhibition 
(tauAUC ~ (2,1)). The posterior distributions of all estimated parame-
ters CRs, IRs, ICs and AUCRs were obtained from Monte Carlo Markov 
chain simulation (Winbugs 1.4.3 software). The means of posterior 
distributions were considered as point estimates of CRCYP2B6, CRCYP2C8, 
IRCYP2B6, IRCYP2C8, ICCYP2B6, AUCRCYP2B6 and AUCRCYP2C8 values with 
95% confidence intervals. Convergence is evaluated by monitoring the 
stability of the posterior distributions. The goodness of fit was assessed 
by visual check of residual scatterplots and posterior distribution. 

Finally, to evaluate the success of predictions of DDIs caused by 
CYP2B6 or CYP2C8 inhibition or CYP2B6 induction, all predicted 
AUCRs were plotted versus observed AUCRs and compared with Guest 
ranges (Guest et al., 2011). 

3. Results 

The computational model presented here was developed to predict 
DDIs caused by inhibition of CYP2C8 or by induction or inhibition of 
CYP2B6. Accordingly, a total of 98 studies were used for the final esti-
mation of the relevant parameters CRCYP2B6, CRCYP2C8, IRCYP2B6, 
IRCYP2C8 and ICCYP2B6. 

The initial estimates of the parameters (Step 1) are the results of the 
optimization of the fitness function obtained using a GA. The verifica-
tion of the estimates generated by the GA-based framework was possible 
through the external validation in which the predicted AUCRCYP2B6/ 

CYP2C8 values versus the observed AUCRCYP2B6/CYP2C8 values were 
plotted (Figs. 4 and 5). All predicted AUCRCYP2B6/CYP2C8 values were in 
the 50–200% of the observed ratio; this finding indicates that the 
method had a reliable predictive performance. The final parameters and 
their respective 95% confidence intervals for substrates and inhibitors of 
CYP2C8 and CYP2B6 and for inducers of CYP2B6 are given in 
Tables 3–7. 

The relationships between the predicted and observed AUCRCYP2B6 
and AUCRCYP2C8 values for all victim drugs are plotted in Figs. 6 and 7. 
The results obtained demonstrate the good ability of the proposed 
computational method to predict DDIs elicited by CYP2C8 or CYP2B6 

Fig. 2. Genetic algorithm (GA) constraints for enzyme induction-based drug- 
drug interactions (DDIs). Constraints, obtained with the MATLAB software by 
plotting Eq. (2), used to guide the GA for initial estimation of contribution ratio 
(CR) and increases in drug clearance (IC) values to predict DDIs caused by 
CYP2B6 induction. 
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inhibition, or induction of CYP2B6. 

4. Discussion 

The prediction of DDIs is of great interest to the scientific community 
due to its significant clinical relevance. Indeed, DDIs are among the main 
causes compromising the success of a drug therapy and are sometimes 
responsible for serious adverse events (Ferdousi et al., 2017) being a 

significant cause of hospital visits and hospital admissions (Dechanont 
et al., 2014). This study applies a static semi-physiological framework to 
predict potential DDIs after co-administration of a CYP2B6 or CYP2C8 
substrate with inhibitors or inducers (only in the case of CYP2B6) of the 
same enzyme. 

A strength of the approach adopted in this paper, which is based on 
the framework previously proposed by Ohno et al. (Ohno et al., 2007; 
Ohno et al., 2008), is that, unlike other modeling approaches that have 

Fig. 3. Genetic Algorithm (GA) Flowchart.  
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been proposed to predict the extent of potential DDIs, it is based solely 
on in vivo clinical data, avoiding many of the complexities potentially 
present in the translation between non-clinical in vivo/in vitro assess-
ments and the relevant human clinical situation (Yoshida et al., 2017). A 
further strength of our approach is the use of a GA, an evolutionary 
computation technique which is adopted in various scientific fields for 
optimization or search problems (among which, e.g., biology, chemistry 
and engineering) for its high accuracy and simplicity (Alhijawi & Arafat, 
2023; Tabassum & Digital, 2014). The GA is less complex than other 

Fig. 4. External validation: predicted versus observed AUC ratios used for 
prediction of CYP2C8-mediated drug-drug interactions (DDIs). Solid blue 
curves denote intervals as suggested by Guest et al. (Guest et al., 2011). The 
solid gray line is the identity line (y = x). The top and the lower dashed lines 
represent y = 2× and y = 0.5×, respectively. Linear regression analysis led to 
the following equation: y = 0.6989× + 1.1638 (r2 = 0.6940). 
AUC: area under the plasma concentration-time curve. 
r2: coefficient of determination. (For interpretation of the references to colour in 
this figure legend, the reader is referred to the web version of this article.) 

Fig. 5. External validation: predicted versus observed AUC ratios used for 
prediction of CYP2B6-mediated drug-drug interactions (DDIs). Solid red curves 
denote intervals as suggested by Guest et al. (Guest et al., 2011). The solid gray 
line is the identity line (y = x). The top and the lower dashed lines represent y 
= 2× and y = 0.5×, respectively. Linear regression analyses led to the following 
equation: y = 1.1124× – 0.1291 (r2 = 0.6969). 
AUC: area under the plasma concentration-time curve. 
r2: coefficient of determination. (For interpretation of the references to colour in 
this figure legend, the reader is referred to the web version of this article.) 

Table 3 
Final estimates of CYP2B6 contribution ratios (CRCYP2B6) of CYP2B6 substrates.  

Substrate CRCYP2B6 95% CI 

Bupropion 0.41 0.18–0.69 
Efavirenz 0.56 0.29–0.81 
Ketamine 0.62 0.35–0.85 
R-Methadone 0.58 0.32–0.83 
S-Methadone 0.63 0.36–0.86  

Table 4 
Final estimates of CYP2B6 inhibition ratios (IRCYP2B6) of CYP2B6 inhibitors.  

Inhibitor IRCYP2B6 95% CI 

Baicalin (500 mg TID x 14 days) 0.81 0.60–0.94 
Cimetidine (800 mg QD) 0.68 0.43–0.88 
Clopidrogrel (75 mg QD x 4 days) 0.57 0.30–0.82 
Disulfiram (250 mg QD x 4 days) 0.63 0.37–0.86 
Hormone replacement therapy 

(2 mg estradiol valerate and 250 μg levonorgestrel QD x 
10 days) 

0.51 0.25–0.78 

MDMA (125 mg SD) 0.43 0.19–0.71 
Nelfinavir (1250 mg BID) 0.51 0.25–0.78 
Prasugrel (10 mg QD) 0.45 0.21–0.73 
Rolapitant (180 mg SD) 0.75 0.52–0.92 
Ticlopidine (250 mg BID x 4 days) 0.70 0.45–0.89 
Voriconazole (400/200 mg BID x 9 days) 0.85 0.66–0.95 

CI: confidence interval; BID: twice daily; QD: once daily; SD: single dose; TID: 
three times daily. 

Table 5 
Final estimates of increases in drug clearance (ICCYP2B6) of CYP2B6 inducers.  

Inducer ICCYP2B6 95% CIa 

Carbamazepine (400 mg × 21 days) 1.70 1.39–2.05 
Cenobamate (200 mg QD x 98 days) 2.05 1.68–2.47 
Efavirenz (600 mg × 30 days) 3.12 2.55–3.76 
Ezetimibe (10 mg × 11 days) 0.55 0.45–0.66 
Ferulic acid (50 mg TID x 14 days) 1.31 1.07–1.58 
Indinavir (1200 mg × 7 days) 0.95 0.78–1.14 
Isavuconazole (200 mg TID x 11 days) 2.05 1.68–2.47 
Itraconazole (200 mg × 6 days) 1.29 1.05–1.55 
Ledipasvir/sofosbuvir (90 mg/400 mg QD x 14 days) 0.71 0.58–0.86 
Lopinavir/Ritonavir (400 mg/100 mg BID x 14 days) 3.33 2.73–4.01 
Metamizole (500 mg TID x 4 days) 1.47 1.21–1.77 
Nelfinavir (1250 mg BID x 14 days) 0.67 0.54–0.80 
Nevirapine (200–400 mg × 4 weeks) 1.71 1.40–2.06 
Rifampin (450 mg × 7 days) 1.70 1.39–2.05 
Rifampin (600 mg × 7–11 days) 4.39 3.59–5.28 
Ritonavir (100 mg × 23 days) 1.29 1.05–1.55 
Ritonavir (300 mg BID x 3 days) 0.59 0.49–0.72 
Ritonavir (400 mg BID x 18 days) 1.66 1.36–2.00 
Ritonavir (600 mg BID x 23 days) 4.18 3.43–5.04 
Saquinavir (1600 mg) 0.55 0.45–0.66 
St. John’s wort (300–325 mg TID x 14 days) 2.23 1.83–2.69 
Teriflunomide (14–70 mg × 14 days) 0.45 0.37–0.54 
Tipranavir/Ritonavir (200 mg BID) 3.31 2.71–3.98 

CI: confidence interval; BID: twice daily; QD: once daily; SD: single dose; TID: 
three times daily. 

Table 6 
Final estimates of CYP2C8 contribution ratios (CRCYP2C8) of CYP2C8 substrates.  

Substrate CRCYP2C8 95% CI 

Amodiaquine 0.88 0.72–0.96 
Cerivastatin (acid) 0.88 0.73–0.96 
Cerivastatin (lactone) 0.88 0.73–0.96 
Dabrafenib 0.65 0.39–0.87 
Daprodustat 0.97 0.92–0.99 
Dasabuvir 0.94 0.85–0.98 
Enzalutamide 0.80 0.58–0.94 
Ezetimibe 0.51 0.25–0.78 
Loperamide 0.77 0.54–0.92 
Montelukast 0.70 0.45–0.89 
Paritaprevir 0.51 0.25–0.78 
Pioglitazone 0.66 0.40–0.87 
Repaglinide 0.88 0.74–0.97 
R-Ibuprofen 0.57 0.30–0.82 
Rosiglitazone 0.58 0.32–0.83 
Simvastatin (acid) 0.74 0.50–0.91 
Simvastatin (lactone) 0.51 0.25–0.78 
Sitagliptin 0.51 0.25–0.78 
Treprostinil 0.72 0.47–0.90 

CI: confidence interval. 
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algorithms and, at the same time, its application in different platforms 
increases its flexibility (Tabassum & Digital, 2014). The power of GAs is 
to process populations of data, while a traditional method works with a 
single point. It is known that selecting appropriate initial estimates is 
important in nonlinear regression to avoid local minima (Alhijawi & 
Arafat, 2023). During the step 1 of this model development, several 
rounds of the GA were conducted to avoid local optima solutions. To this 
end, for the initial estimation of the parameters (i.e., CRCYP2C8, 
CRCYP2B6, IRCYP2C8 IRCYP2B6 and ICCYP2B6 values) constraints were used 

to guide the GA in the search for the fittest solutions (Figs. 1 and 2). It is 
well known that whilst a GA cannot guarantee optimality of the ob-
tained solution, usually the results are close to the global optimum (Sale 
& Sherer, 2015). 

Our approach represents an advancement of the framework pro-
posed by Ohno et al. (Ohno et al., 2007; Ohno et al., 2008) as, due to the 
use of a GA, it does not require the assumption of any a priori value on 
any parameter. This aspect is advantageous since, assuming an initial 
value of CR or IR for a particular DDI may subsequently lead to biased 
parameters, which, unavoidably, will in turn affect the estimated AUCR 
predicted values. In addition, the GA approach avoids the perfect pre-
diction phenomenon (i.e., predicted AUCR falling exactly on the identity 
line with observed AUCR), which is often observed in the standard 
application of the Ohno et al.’s approach (Di Paolo et al., 2021; Di Paolo 
et al., 2022), when considering cases in which a drug substrate or a 
perpetrator was uniquely considered in an individual study. 

Overall, the AUC ratios of 5 substrates, 11 inhibitors and 19 inducers 
of CYP2B6, and the AUC ratios of 19 substrates and 23 inhibitors of 
CYP2C8 were successfully predicted by this method. It is important to 
underline that the administration of a substrate drug characterized by a 
high CR together with an enzyme inhibitor endowed with a high IR, or 
an enzyme inducer with a high IC represents the situation characterized 
by the highest risk of significant DDI in the clinical settings. In this re-
gard, the most sensitive substrate of CYP2B6 is S-methadone, with a CR 
of 0.63 (Table 3); this CR value indicates that other, non-negligible 
metabolic pathways are also active for this substrate. On the other 
hand, daprodustat appears to be the most sensitive substrate for 
CYP2C8. In this case, the CR value of 0.97 (Table 5) indicates that this 
drug is metabolized almost exclusively by CYP2C8 and may therefore 
serve as an index substrate for DDIs involving the inhibition of this 
specific CYP. Furthermore, voriconazole (IR = 0.85) and gemfibrozil (IR 
= 0.95) are the most potent perpetrators of inhibitory DDIs involving 
CYP2B6 and CYP2C8, respectively, being able to suppress almost 
completely the metabolic activity of these enzymes (85 and 95% inhi-
bition, respectively; Tables 4 and 7). Based on Eq. (1), the combination 

Table 7 
Final estimates of CYP2C8 inhibition ratios (IRCYP2C8) of CYP2C8 inhibitors.  

Inhibitor IRCYP2C8 95% CI 

Abriraterone acetate (1000 mg SD) 0.68 0.41–0.88 
Amodiaquine (600 mgSD) 0.57 0.30–0.82 
Atazanavir (400 mg QD x 6 days) 0.63 0.36–0,85 
Capmatinib (400 mg BID x 10 days) 0.54 0.28–0.80 
Clopidrogrel (300 mg then 75 mg QD x 3 days) 0.94 0.86–0.99 
Cotrimoxazole (160/800 mg BID x 6 days)* 0.54 0.28–0.80 
Deferasirox (30 mg/kg QD X 3 days) 0.71 0.49–0.90 
Duvelisib (25 mg BID x 6 days) 0.60 0.33–0.84 
Efavirenz (400 mg daily x 12 days) 0.63 0.36–0.85 
Fedratinib (400 mg QD x 15 days) 0.39 0.17–0.67 
Fluvoxamine (50 mg BID x 3.5 days) 0.60 0.33–0.84 
Gemfibrozil (600 mg BID x 3 days) 0.95 0.88–0.99 
Irbesartan (300 mg QD x 5 days) 0.54 0.28–0.80 
Ketoconazole (400 mg QD x 6 days) 0.49 0.24–0.76 
Lesinurad (400 mg SD) 0.54 0.28–0.80 
Letermovir (480 mg QD x 10 days) 0.64 0.38–0.86 
Rolapitant (200 mg SD) 0.65 0.39–0.87 
Tazemetostat (800 mg BID at steady state) 0.72 0.47–0.90 
Tecovirimat (600 mg BID x 15 days) 0.54 0.28–0.80 
Telithromycin (800 mg QD x 3 days) 0.72 0.47–0.90 
Teriflunomide (14–70 mg QD x 12 days) 0.82 0.62–0.94 
Trimethoprim (160–960 mg BID x 6 days) 0.71 0.46–0.90 
Tucatinib (300 mg BID x 10 days) 0.61 0.35–0.85 

CI: confidence interval; BID: twice daily; QD: once daily; SD: single dose. 

Fig. 6. Predicted versus observed AUC ratios with final estimates of the 
CYP2C8 contribution ratio (CRsCYP2C8) and CYP2C8 inhibition ratio (IRsCYP2C8). 
The triangle symbols are predictions from the external validation step; the filled 
circles are the predictions from the final estimation step. The blue solid curves 
denote the limits as suggested by Guest et al. (Guest et al., 2011). The gray solid 
line is the line of identity (y = x). The upper and lower dashed lines represent y 
= 2 x and y = 0.5×, respectively. AUCR training: drug-drug interaction (DDI) 
data used for initial estimation of CRsCYP2C8 and IRsCYP2C8; AUCR validation: 
DDI data used for external validation. Linear regression analyses led to the 
following equation: y = 0.7019× + 1.1904 (r2 = 0.8429). 
AUC: area under the plasma concentration-time curve. 
AUCR: AUC ratio. 
r2: coefficient of determination. (For interpretation of the references to colour in 
this figure legend, the reader is referred to the web version of this article.) 

Fig. 7. Predicted versus observed AUC ratios with final estimates of the 
CYP2B6 contribution ratio (CRsCYP2B6), CYP2B6 inhibition ratio (IRsCYP2B6) and 
CYP2B6 increases in drug clearance (ICsCYP2B6). The triangle symbols are pre-
dictions from the external validation step 2; the filled circles are the predictions 
from the final estimation step. The black solid curves denote the limits as 
suggested by Guest et al. (Guest et al., 2011). The gray solid line is the line of 
identity (y = x). The upper and lower dashed lines represent y = 2 x and y =
0.5×, respectively. AUCR training: drug-drug interaction (DDI) data used for 
initial estimation of CRsCYP2B6, IRsCYP2B6 and ICsCYP2B6; AUCR validation: DDI 
data used for external validation. Linear regression analyses led to the following 
equation: y = 0.9977× – 0.006 (r2 = 0.8463). 
AUC: area under the plasma concentration-time curve. 
AUCR: AUC ratio. 
r2: coefficient of determination. 
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of daprodustat and gemfibrozil is predicted to provide a large AUCR 
value of ~13, consistent with the experimental data (17.36, Table 1). In 
the case of CYP2B6, there is no experimental value for the AUCR related 
to the DDI of S-methadone with voriconazole; however, with Eq. (1) we 
can predict an AUCR value of 2.15, which is much lower than the value 
reported above for daprodustat and gemfibrozil. This is consequence of 
the fact that S-methadone is a less sensitive substrate of CYP2B6 as 
compared to daprodustat for CYP2C8. As far as induction of CYP2B6 is 
concerned, rifampin (600 mg × 7–11 days) was found to be the drug 
endowed with the highest IC among CYP2B6 inducers (Table 5), and 
thus has the highest potential to perpetrate significant DDIs with sen-
sitive CYP2B6 substrate drugs (e.g., S-methadone). Induction of CYP2C8 
was not considered in this exercise, as there was a limited number of in 
vivo studies assessing the impact of inducers on drug substrates of this 
enzyme; in particular, it was cumbersome to properly set the external 
validation step of the approach. However, an exploration based on the 
available DDI studies involving CYP2C8 inducers (13 studies involving 4 
substrates and 11 inducers; data not shown) was able to correctly 
identify rifampicin and carbamazepine as the most potent inducers of 
CYP2C8, without showing large differences in the CR parameters for 
CYP2C8 substrates compared to those obtained using the full approach 
from inhibition DDI studies. 

It is noteworthy that all the predictions obtained in this work have an 
accuracy comparable or superior to that previously achieved by our 
application of the model of Ohno et al. (Di Paolo et al., 2021; Di Paolo 
et al., 2022), and that the external validation AUC ratios were in the 
range of 50–200% of the observed value for both CYP2B6- and CYP2C8- 
based DDIs. Moreover, it is important to note that in many cases 
(namely, 38 out of 50 predictions of AUCCYP2C8 ratios) the proposed GA- 
based methodology was able to predict values with better accuracy than 
those previously anticipated (Di Paolo et al., 2021). For example, for the 
gemfibrozil-cerivastatin interaction the prediction of the AUC ratio ob-
tained by the GA-based approach was ~14% more accurate than that 
obtained using the model proposed by Ohno et al., being the predicted 
value equal to 108 and 122% of the observed value, respectively (Di 
Paolo et al., 2021). The performance of the GA-based method versus the 
Ohno et al.’s approach was superior for predictions related to CYP2C8 
(38 out of 50 more accurate AUC ratiosCYP2C8) than for predictions 
related to CYP2B6 (11 out of 48 more accurate AUC ratiosCYP2B6). This 
difference could be due to the smaller size of the dataset of substrates of 
CYP2B6 (n = 5) compared to that of CYP2C8 (n = 19). Conceivably, a 
larger number of available DDI data would improve GA’s ability to 
search for solutions through mutation, selection and crossover and thus 
prediction performance. 

In conclusion, the simple GA-based static semi-physiological 
approach proposed in this paper allows to accurately predict the 
extent of DDIs involving inhibition of CYP2C8 or CYP2B6, or induction 
of CYP2B6. The incorporation of a GA in the framework avoids the 
uncertainty attributed to the initial assumptions that characterize other 
methods for the prediction of metabolism-based DDIs, including that 
proposed by Ohno et al. (Ohno et al., 2007; Ohno et al., 2008), of which 
our approach represents a refinement. The real power of this method-
ology is that it relies only on the use of in vivo clinical data without the 
need of assumption of any a priori value on any parameter. 
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