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Abstract
Background  In clinical practice, the vast array of potential drug combinations necessitates swift and accurate assessments 
of pharmacokinetic drug–drug interactions (DDIs), along with recommendations for adjustments. Current methodologies for 
clinical DDI evaluations primarily rely on basic extrapolations from clinical trial data. However, these methods are limited 
in accuracy owing to their lack of a comprehensive consideration of various critical factors, including the inhibitory potency, 
dosage, and type of the inhibitor, as well as the metabolic fraction and intestinal availability of the substrate.
Objective  This study aims to propose an efficient and accurate clinical pharmacokinetic-mediated DDI assessment tool, 
which comprehensivelyconsiders the effects of inhibitory potency and dosage of inhibitors, intestinal availability and frac-
tion metabolized of substrates on DDIoutcomes.
Methods  This study focuses on DDIs caused by cytochrome P450 3A4 enzyme inhibition, utilizing extensive clinical trial 
data to establish a methodology to calculate the metabolic fraction and intestinal availability for substrates, as well as the 
concentration and inhibitory potency for inhibitors ( K

i
 or k

inact
∕K

I
 ). These parameters were then used to predict the outcomes 

of DDIs involving 33 substrates and 20 inhibitors. We also defined the risk index for substrates and the potency index for 
inhibitors to establish a clinical DDI risk scale. The training set for parameter calculation consisted of 73 clinical trials. The 
validation set comprised 89 clinical DDI trials involving 53 drugs. which was used to evaluate the reliability of in vivo values 
of K

i
 and k

inact
∕K

I
 , the accuracy of DDI predictions, and the false-negative rate of risk scale.

Results  First, the reliability of the in vivo K
i
 and k

inact
∕K

I
 values calculated in this study was assessed using a basic static 

model. Compared with values obtained from other methods, this study values showed a lower geometric mean fold error and 
root mean square error. Additionally, incorporating these values into the physiologically based pharmacokinetic-DDI model 
facilitated a good fitting of the C–t curves when the substrate’s metabolic enzymes are inhibited. Second, area under the curve 
ratio predictions of studied drugs were within a 1.5 × margin of error in 81% of cases compared with clinical observations 
in the validation set. Last, the clinical DDI risk scale developed in this study predicted the actual risks in the validation set 
with only a 5.6% incidence of serious false negatives.
Conclusions  This study offers a rapid and accurate approach for assessing the risk of pharmacokinetic-mediated DDIs in 
clinical practice, providing a foundation for rational combination drug use and dosage adjustments.

Extended author information available on the last page of the article

Key Points 

By fully utilizing the results from clinical drug trials, 
a newPK-mediated clinical drug–drug interaction risk 
assessment scale was established, which can accurately 
predict DDI outcomes.

A series of parameters, including the in vivo 
metabolic fraction, intestinal availability, and the 
inhibition constants of inhibitors were calculated. 
These parameters, compared to results from in vitro 
experiments, can be more reliably applied in contexts 
such as PBPK models.

1  Introduction

In clinical practice, over half the patients require the simul-
taneous use of two or more medications. Drug–drug interac-
tions (DDIs) have always been an issue of special concern 
in clinical use because they can affect the exposure of the 
affected (victim) drug in the body, potentially leading to 
serious or even fatal adverse reactions [1, 2]. Reducing the 
toxic side effects caused by fluctuations in drug concentra-
tions without delaying the treatment cycle is hindered by 
the lack of a highly efficient, feasible, accurate, and reliable 
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method, aside from therapeutic drug monitoring tailored to 
specific medications. Although clinical DDI trials yield the 
most accurate risk results, the myriad of possible interaction 
combinations during the actual use of drugs make it imprac-
tical to assess all potential drug interactions in clinical trials.

Leveraging the results from existing clinical drug 
interaction studies to extrapolate DDIs has been recently 
proposed [3, 4] and has proven to be highly effective in 
clinical practice for predicting potential interactions 
[5]. This method utilizes midazolam as a standard drug 
and calculates the apparent inhibition ratio (IR) of the 
perpetrator drug based on clinical DDI trial results 
associated with midazolam. Subsequently, the contribution 
ratio (CR) of the affected drug has been determined in 
clinical DDI trials involving potent perpetrator drugs.

Using these two parameters, it is possible to extrapolate 
the exposure changes caused by other drug combinations 
using equation 1∕(1 − IR × CR) , allowing clinical trial data 
to rapidly and accurately guide the optimization of clinical 
prescriptions. However, this method still has shortcom-
ings in the application of clinical DDI risk assessment 
because of three important issues. The first issue is the 
influence of intestinal metabolic sites on DDIs. This issue 
has been neglected. However, it is particularly pertinent 
for cytochrome P450 (CYP) 3A4, where the contribution 
of intestinal enzyme-mediated metabolism is significant 
and should not be overlooked [6]. Such an oversight could 
potentially compromise the precision of pharmacokinetic 
(PK) extrapolations. For substrates such as tacrolimus 
and sirolimus, the intestinal extraction exceeds 75% [7, 
8]. Loue and Tod [5] utilized the methodology developed 
by Ohno et al. [3] and predicted DDIs when the afore-
mentioned substrates were co-administered with CYP3A4 
inhibitors. This prediction revealed significant discrepan-
cies in both underestimation and overestimation. Clini-
cal trials have demonstrated that an oral dose of 800 mg 
of posaconazole can lead to an 8.9-fold increase in the 
area under the curve (AUC) of sirolimus [9], whereas the 
method predicted only a 3.6-fold increase.

The second issue is that the IR of the perpetrator drug 
is calculated at a specific dosage, even though the effects 
of varying the perpetrator drug dosage on the substrate can 
differ significantly. For instance, a daily dose of 100 mg 
of fluconazole can cause a 2.1-fold increase in the AUC 
of triazolam, whereas a daily dose of 200 mg can elevate 
this value 4.4-fold [10]. In the context of complex clinical 
dosage adjustments, relying solely on the IR value does 
not fulfill the requirements for risk assessment.

The third issue is that the IR of the perpetrator drug and 
the CR of the victim drug lack concrete physiological sig-
nificance and are not differentiated according to the type of 
inhibition exerted by the inhibitor. This limitation constrains 

the application scenarios for the parameter values. Hisaka 
et al. [4] examined the correlation between these parameters 
and the mechanistically meaningful parameters derived from 
in vitro experiments. This method could potentially replace 
in vitro experiments to obtain drug interaction parameters 
for use in physiologically based PK (PBPK) models to pre-
dict DDIs in special populations.

To address these issues, this study exploited the extensive 
available clinical trial data of drugs. Based on a mechanis-
tic static model, the study fits parameters related to DDIs, 
including the metabolic fraction, intestinal permeability, 
inhibition constant of competitive inhibitors, inactivation 
efficiency of time-dependent inhibitors, and unbound con-
centration of the perpetrator drug at the enzyme-binding 
site. A framework was established to assess the clinical risks 
posed by drug combinations, enabling rapid and reliable 
quantitative assessment of DDIs during clinical use. Rec-
ommendations for their use are made based on these results.

2 � Methods

2.1 � Experimental Drugs

This study considered the CYP3A4 enzyme, which is 
frequently involved in DDIs, as a paradigm that included 
CYP3A4 substrates and inhibitors. By referencing the 
indicator drugs recommended on the US Food and 
Drug Administration (FDA) website [11] and reviewing 
previously published data [12–15], common CYP3A4 
substrates and inhibitors were collected. Information 
was gathered regarding the main elimination pathways, 
metabolic profiles, types of CYP3A4 enzyme inhibition, and 
CYP3A4 selectivity of these drugs. The drugs were selected 
according to the following criteria. Substrates needed to be 
administered orally; with data available from clinical DDI 
trials involving two or more CYP3A4 inhibitors, resulting in 
an AUC ratio (AUCR) ≥1.15; primarily cleared by hepatic 
metabolism with assumed negligible renal clearance; 
with linear PK characteristics. Inhibitors needed to be 
administered orally; with clinical DDI trials performed 
with midazolam and other CYP3A4 substrates, yielding 
an AUCR ≥ 1.15; and with data of the type of CYP3A4 
inhibition.

2.2 � Development of the Mechanistic Static Model 
Method

Clinical DDI trials facilitate the acquisition of exposure 
change multiples, specifically the AUCR. The size of 
the AUCR is contingent on the binding affinity, potency, 
concentration, and extent of metabolic clearance of the 
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substrate via CYP3A4 [16]. When the concentration of the 
substrate is below the Michaelis–Menten constant (Km), 
it is presumed that metabolic clearance by CYP3A4 is 
concentration independent. Furthermore, considering the 
presence of the CYP3A4 enzyme within the intestinal tract, 
the fraction of intestinal permeability affected by DDIs is 
considered into account [17].

If the inhibition type of the perpetrator drug is competi-
tive inhibition, the change in the AUCR of the victim drug 
exposure can be calculated as:

If the inhibition type of the perpetrator drug is time 
dependent, the change in AUCR of the victim drug exposure 
can be expressed as:

In Eqs. (1) and (2), AUC′ represents the AUC of 
the victim drug after being affected by the perpetrator 
drug, Fg represents intestinal availability, namely fa × fg
, fm represents the fraction of victim drug metabolized 
by enzymes (default refers to CYP3A4 enzyme), ki,u 
represents the inhibition constant for an unbound 
competitive inhibitor, kinact represents the maximal 
inactivation rate of time-dependent inhibitors, KI,u 
represents the unbound inactivator concentration at half 

(1)

AUCR =
AUC�

AUC
=

1
1−Fg(

1+
[I]g,u

ki,u

) + Fg

×
1

fm(

1+
[I]H,u

ki,u

) +
(
1 − fm

)

(2)

AUCR =
AUC�

AUC
=

1
1−Fg(

1+
[I]g,u

kdeg,g
×

kinact

KI,u

) + Fg

×
1

fm

1+

(
[I]H,u

kdeg,H
×

kinact

KI,u

) +
(
1 − fm

) .

kinact , [I]g,u, [I]H,u represent the unbound concentrations 
of the inhibitor in the liver and intestine, and kdeg,g, kdeg,H 
represent the intestinal ( CYP3Ah , 0.000321 min−1) and 
hepatic ( CYP3Ag , 0.000481 min−1) degradation rates of 
CYP3A enzymes [18–20]. For a detailed derivation, please 
refer to the Electronic Supplementary Material (ESM).

It is evident from Eqs. (1) and (2) that the AUCR 
obtained from clinical DDI trials can be considered the 
result of the combined effects of four unknown param-
eters: intrinsic clearance (Fg), fraction metabolized (fm) of 
the substrate, the unbound concentration of the inhibitor 
([I]u), and inhibition constant (Ki) or the ratio of inacti-
vation rate constant to inhibition constant (kinact/KI). It is 
necessary to use a standard drug to establish the values 
of these parameters, as detailed in the process outlined 
in Fig. 1.

2.3 � Standard Drug

This study requires the selection of a standard drug and set-
ting initial values for the Fg and fm of this drug. In clini-
cal trials, the sponsors typically use a single oral dose of 
midazolam to assess its inhibitory or inductive effects on 
CYP3A4. In vivo studies have confirmed that midazolam 
is a highly specific CYP3A4 substrate, undergoing clear-
ance solely through CYP3A4 metabolism [21, 22]. The 
search terms “midazolam” and “CYP3A4” and “metabo-
lite”, “midazolam” and “fraction gut” or “intestinal avail-
ability” were utilized in the PubMed search engine to query 
the published fm,CYP3A4 and Fg values for midazolam. The 
search results are provided in Tables 1 and 2. The fm,CYP3A4 
and Fg values of the standard drug midazolam in this study 

Fig. 1   Workflow of the 
approach. AUCR​ area under the 
curve ratio, CYP cytochrome 
P450, DDI drug–drug interac-
tion
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were 0.92 and 0.55, respectively (the average values from 
the literature cited in Tables 1, 2).

2.4 � Human Data Sources

The results of the clinical drug interaction trials in this 
study were derived from clinical trials registered on the 
ClinicalTrials.gov website (https://​clini​caltr​ials.​gov/). 
Data were obtained by searching for clinical pharmacology 
review reports on the FDA website and Cortellis Drug 
Discovery Intelligence database or through the published 
literature that reported trial outcomes. Data on the drug 
concentration–time curve incorporated in the study were 
digitized following recommended practices [23] using 
GetData Graph Digitizer version 2.26.0.20 (https://​getda​
ta-​graph-​digit​izer.​softw​are.​infor​mer.​com/​downl​oad/). The 
extracted PK curves data from clinical trials at clinical doses 
were imported into Certara Phoenix WinNonlin 8.1 for 
compartmental modeling and non-compartmental analysis 
to calculate the values of PK parameters including AUC, 
ka, and apparent clearance. The oral bioavailability of the 
drugs was cited from the publicly available Human Oral 
Bioavailability Database (http://​modem.​ucsd.​edu/​adme/​
datab​ases/​datab​ases_​bioav​ailab​ility.​htm) [24, 25].

2.5 � Determination of Unbound Inhibition 
Concentration for the Inhibitors

Because CYP3A4 is present in both the liver and small intes-
tine, it is necessary to determine the unbound inhibitor con-
centration in these organs. As shown in Fig. 2, after absorp-
tion in the gastrointestinal tract, inhibitors are metabolized 
or transported through the small intestinal mucosa and enter 
the liver via the portal vein and hepatic artery.

Although the free concentrations of inhibitors in the intes-
tinal mucosa and around hepatic enzymes cannot be directly 
obtained from in vivo measurements, research by Ito et al. [26, 
27] suggests that the free concentration of inhibitors in the 
intestinal mucosa and liver can be represented as the sum of 

the gastrointestinal absorbed fraction and systemic circulation 
concentration. Studies have compared the accuracy of drug 
interaction predictions based on static concentrations at the 
aforementioned sites, calculated using either Cmax (maximum 
systemic circulation concentration) or Cave (average systemic 
circulation concentration) derived from in vitro experiments 
[28–30]. Using the average concentration as the effective con-
centration of the inhibitor appears to provide a more conserva-
tive conclusion for risk assessment. This study based on the 
in vivo result, employed the free concentration at the portal 
vein inlet, denoted as [I]g,u , to represent the free concentration 

Table 1   Summary of published 
results on the proportion of 
midazolam metabolized by 
CYP3A4

%CV coefficient of variation, CYP cytochrome P450, DDI drug–drug interaction, fm fraction metabolized, 
HLM human liver microsomes, NA Not Available

Measurement method In vitro/in vivo fm,CYP3A4 %CV References

Incubation with fluconazole using human liver cells In vitro 0.94 NA [60]
Incubating with ketoconazole using human liver cells In vitro 0.79 17% [61]
Incubation to measure metabolite production using HLM In vitro 0.99 NA [62]
Clinical trial with ketoconazole In vivo 0.93 33% [63]
Pharmacokinetic study of midazolam In vivo 0.94 NA [64]
Midazolam-ketoconazole model In vivo 0.89 58% [65]
Simvastatin DDI extrapolation In vivo 0.92 NA [66]
Average fm CYP3A4 0.9143

Table 2   Summary of published results on the bioavailability of mida-
zolam for intestinal use

ADAM Advanced Dissolution, Absorption, and Metabolism, %CV 
coefficient of variation, CLint Intrinsic clearance rate, DDI drug–
drug interaction, Fg intrinsic clearance, GFJ Grapefruit juice, PBPK 
physiologically based pharmacokinetic, PK pharmacokinetic
a Set midazolam fa = 1, Fg = fg
b Estimating Fg uses hepatic availability (fh) and observed oral 
bioavailability (F)
c Grapefruit juice–drug interaction studies
d Extract Fg from in vivo PK profiles using PBPK simulations
e Extract Fg from in vivo PK-derived CLint using ADAM model
f Estimation of human Fg using in vitro human liver microsomes CLint 
in the competing rates models

Measurement method In vitro/in vivo Fg
a %CV References

Indirect methodb In vivo 0.51 NA [67]
GFJ–DDIc In vivo 0.57 NA [34]
PBPKd In vivo 0.52 NA [68]
Intestinal S9 fractions In vitro 0.44 NA [68]
Recombinant P450s In vitro 0.29 NA [68]
Human intestinal 

microsome
In vitro 0.54 NA [69]

ADAMe In vivo 0.67 NA [35]
Competing rates modelsf In vitro 0.77 NA [35]
Average Fg 0.549

https://clinicaltrials.gov/
https://getdata-graph-digitizer.software.informer.com/download/
https://getdata-graph-digitizer.software.informer.com/download/
http://modem.ucsd.edu/adme/databases/databases_bioavailability.htm
http://modem.ucsd.edu/adme/databases/databases_bioavailability.htm
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of inhibitors in small intestinal mucosa, as determined in Equa-
tion (3). Similarly, the free concentration at the hepatic inlet 
was used to denote the free hepatic inhibitor concentration 
[I]H,u , as shown in Eq. (4):

In the above equations, Qh represents the liver blood flow 
(96.6 L/h) [31, 32], Qpv represents the portal vein blood 
flow (73 L/h), which is approximately 75% of the hepatic 
blood flow, fup represents the free fraction of the test drug 
in plasma, fub represents the free fraction of the test drug in 
the blood, ka represents the oral absorption rate of the test 
drug (h−1), BpR is the blood-to-plasma ratio, and τ is the 
dosing interval.

(3)[I]g,u,ave = fup × Cave + fub ×
(

ka×fa×D

Qpv

)
,

(4)[I]H,u,ave = fup × Cave + fub ×
(

ka×fa×D

Qh

)
,

(5)fub =
fup

BpR
,

(6)Cave =
AUC

�

.

2.6 � Calculation of In Vivo Fg Value for the Substrates

Intestinal availability refers to the fraction of drugs that 
pass through the epithelial cells of the small intestinal 
mucosa and enter the portal vein. Currently, there are four 
methods to estimate the in vivo value of Fg . The first method 
is the comparison of the results of DDI studies following 
intravenous administration with the results obtained after 
oral administration [33]. The second method relies on 
grapefruit juice as a complete inhibitor of intestinal CYP3A4 
enzymes. The DDI results of test drugs with grapefruit juice 
can effectively estimate the in vivo Fg value [34]. The third 
method uses mathematical modeling approaches to derive 
the in vivo Fg value from the body’s drug-time curves [35]. 
The fourth method infers the intestinal availability indirectly 
by obtaining information, such as bioavailability (F) and 
total clearance rate from the drug-time curves following both 
intravenous and oral administration of a drug [36].

In this study, the drugs included in the calculations were 
primarily metabolized and cleared by the liver, with negli-
gible renal clearance. The total oral clearance rate, denoted 
as CLtot , can be approximated as equivalent to the hepatic 
clearance rate, CLh . Hence, intestinal availability, Fg , can be 
expressed as follows:

(7)Fg = fa × fg =
F

fh
=

F

1−
CLtot

Qh

,

Fig. 2   Process of digestion and absorption of orally administered 
drugs. Drug bioavailability is collectively determined by the absorp-
tion fraction in the gastrointestinal tract, intestinal mucosal metabo-
lism permeability fraction, and hepatic metabolism permeability 
fraction. The drug is initially absorbed from the intestinal lumen 
into epithelial cells. The amount of the absorbed drug is represented 
as fa × ka × D f[27]. The drug then enters the hepatic portal vein 

through the intestinal mucosal layer. A portion of the drug may be 
transported back to the gut by transporters. Hepatic inlet drugs are 
supplied by both the portal vein and hepatic artery; the sum of these 
two parts is considered as the drug concentration within the liver. 
CYP cytochrome P450, D represents the oral dose, fa absorption frac-
tion, fh represents the fraction of non-metabolic elimination in the 
liver, ka absorption rate constant
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where F represents the oral bioavailability of the test drug, 
which can be obtained from the drug concentration–time 
curve of intravenous/oral administration and CLtot∕F 
is obtained through a compartmental analysis of drug 
concentration–time curves in vivo. The in vivo Fg values of 
the affected drugs can be calculated using Eq. (7).

2.7 � Determination of Specific Parameters for In Vivo 
DDIs

Upon obtaining the results of the clinical drug interaction 
trials between the study inhibitors and midazolam, and the 
concentrations of the inhibitors, the in vivo Ki and kinact∕KI 
values were calculated using Eqs. (1) and (2). Following the 
workflow depicted in Fig. 1, after determining the in vivo Ki 
and kinact∕KI values of the inhibitors, data from a series of 
clinical drug interaction studies performed with inhibitors 
that are highly selective for CYP3A4 were used to estimate 
the in vivo fm,CYP3A4 values for a range of substrates used in 
combination with these inhibitors.

2.8 � Validation of Specific Parameters for In Vivo 
DDIs

To verify the accuracy and reliability of a series of in vivo 
DDI specificity parameters derived using the methodology 
outlined in this article for the assessment of interaction 
risks, cross-validation was performed using a validation 
set composed of clinical trials that did not incorporate the 
calculated parameters. Employing the basic static method 
described in the FDA DDI guidelines [37], we validated the 
discrepancies between the calculated specificity parameters 
for substrates and inhibitors for risk assessment and their 
observed values, intending to examine their reliability. 
Furthermore, this study incorporated the in  vivo DDI 
specificity parameters calculated herein into Eqs. (1) and 
(2) to forecast the outcomes of clinical drug interactions, 
and compared these predictions with the actual measured 
values to assess predictive accuracy. The magnitude of the 
discrepancies was quantified using the geometric mean fold 
error (GMFE) and root mean square error (RMSE).

2.9 � Establishment of the PBPK model

The feasibility of using the drug interaction specificity 
parameters obtained from this study instead of in vitro 

(8)
GMFE = 10

∑�
��
�
log

predicted DDI
actual DDI

�
��
�

number of predictions

(9)RMSE =

�
∑

(predicted DDI−actual DDI)2

number of predictions

Table 3   CYP3A4 substrates included in this study

AUC​ area under the curve, AUCR​ area under the curve ratio, CL 
clearance, CYP cytochrome P450, fm fraction metabolized, HLM 
human liver microsomes, Km The substrate concentration at which 
the reaction rate is half of the maximum velocity Vmax, Vmax  The 
highest rate of the reaction when the enzyme is saturated with sub-
strate
a The fraction of the drug metabolized by CYP3A4 as reported in the 
published literature
1 Substrate depletion in human liver microsomes with or without 
specific CYP450 selective inhibitors, comparing the metabolism rate, 
Vmax/Km, of the substrate without any inhibitor
2 Determined as the change in the AUC or CL in the absence and 
presence of a co-administered selective inhibitor according to an 
in vivo approach fm = 1 − 1/AUCR​
3 Substrate depletion experiment with individual hepatic recombinant 
human enzymes isoforms, fm was estimated from the percentage 
contribution of each CYP450 enzyme toward the total HLM CLint
4 The contribution of each CYP450 to the fraction of metabolites was 
determined by the rates of metabolite formation after normalization 
to the relative liver content of each CYP450:fm = rates of metabolite 
formation/relative liver content of CYP450, using liver microsomes, 

Substrates Metabolic enzymes fm,CYP3A4pub 
a References

Midazolam CYP3A4 92% –
Cisapride CYP3A4 80%1 [70]
Tadalafil CYP3A4 75%2 [71]
Sildenafil CYP3A4 79%3 [72]
Tacrolimus CYP3A4 80%4 [73]
Sirolimus CYP3A4 85%3 [74]
Lovastatin CYP3A4 90%1 [75]
Simvastatin CYP3A4 99%2 [76]
Felodipine CYP3A4 81%2 [64]
Nifedipine CYP3A4 71%2 [64]
Atorvastatin CYP3A4 77% [77]
Triazolam CYP3A4 92%2 [64]
Zolpidem CYP3A4\CYP1A2\CYP2C9 60%2 [77]
Loratadine CYP2D6\CYP3A4 60%2 [78]
Naldemedine CYP3A4 72% [79]
Selpercatinib CYP3A4 74%5 [80]
Capmatinib CYP3A4 53%5 [81]
Avapritinib CYP3A4\CYP2C9 80%2 [82]
Midostaurin CYP3A4 66%5 [83]
Tofacitinib CYP3A4\CYP2C19 55%4 [82]
Gefitinib CYP3A4\CYP2D6 40%4 [84]
Entrectinib CYP3A4\UGT1A4 78%4 [85]
Zanubrutinib CYP3A4 82%4 [86]
Ivosidenib CYP3A4 98%4 [87]
Encorafenib CYP3A4\CYP2C19\CYP2D6 83%5 [88]
Gilteritinib CYP3A4 55%2 [89]
Duvelisib CYP3A4\CYP1A2\CYP2B6 75%4 [90]
Apalutamide CYP3A4\CYP2C8 37%5 [91]
Acalabrutinib CYP3A4 82%3 [92]
Ixazomib CYP3A4\CYP1A2\CYP2B6 42%3 [93]
Cobimetinib CYP3A4\UGT2B7 78%2 [94]
Olaparib CYP3A4 80%3 [95]
Bosutinib CYP3A4 90%2 [96]
Alprazolam CYP3A4 75%2 [97]
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experimental results for predicting DDIs using PBPK 
models was investigated. Physiologically based PK mod-
els were constructed for both the substrates and inhibitors 
using PK-Sim and MoBi (Open Systems Pharmacology 
Suite 10, available at www.​open-​syste​ms-​pharm​acolo​gy.​
org), referencing model information from the OSP-PBPK-
Model-Library (https://​github.​com/​Open-​Syste​ms-​Pharm​
acolo​gy/​OSP-​PBPK-​Model-​Libra​ry). The validated PBPK 
models were then used to simulate the PK profile changes 
of the substrate when combined with an inhibitor, which 
was subsequently compared with the observed clinical PK 
curves. The details of the model development are in the 
ESM.

2.10 � Clinical DDI Risk Scale Evaluation

Currently, the risk of drug-induced interactions is catego-
rized as strong, moderate, and weak, based on AUCR when 
co-administered with a probe drug. Such a basic qualitative 
classification is insufficient for risk assessment in complex 
clinical scenarios. In this study, by computing in vivo DDI 
specificity parameters, we introduced two novel metrics for 
evaluating the risk associated with CYP3A4 enzyme inter-
actions: the risk index (RI) for substrates and the potency 
index (PI) for inhibitors, which serve as scales for risk meas-
urement. The RI is defined as the maximal fold increase 
in the AUC of the substrate co-administered with a potent 
enzyme inhibitor (see Eq. 10). The PI is defined as the maxi-
mal theoretical fold increase in the AUC of the most sensi-
tive enzyme substrate to the inhibitor at a given dose (see 
Eqs. 11 and 12).

For competitive inhibitors:

For time-dependent inhibitors:

(10)RI =
1

1−Fg

10
+Fg

×
1

fm

10
+(1−fm)

(11)PI =
(
1 +

[I]H,u

ki

)
×
(
1 +

[I]G,u

ki

)
.

(12)PI =
(
1 +

[I]H,u

kdeg,h
×

kinact

KI

)
×
(
1 +

[I]G,u

kdeg,g
×

kinact

KI

)
.

3 � Results

3.1 � Inclusion of Experimental Drugs and Human 
Data

We included 33 marketed drugs that are primarily metabo-
lized by CYP3A4 (Table 3) along with 20 commonly marketed 
drugs that inhibit CYP3A4 (Table 4). Clinical drug interaction 
studies for these drugs were identified by searching the FDA’s 
Drug Approvals and Databases (https://​www.​fda.​gov/​drugs) 
and querying the PubMed database with the keywords “[drug 
name]” and “drug interaction study” and “healthy volunteers”. 
A total of 53 in vivo drug interaction outcomes were included 
as a training set for the method to calculate DDI-specific 
parameters (Tables S1 and S2 of the ESM). Furthermore, 89 
in vivo drug interaction outcomes were included as a valida-
tion set to verify the reliability of the predicted parameters, 
which can be found in Table S3 of the ESM.

3.2 � Unbound Concentration for the Inhibitors 
and In Vivo Fg Values for the Substrates

According to Eqs. (3)–(6), the inhibitor concentration is 
related to the drug dosage, absorption constant, fraction 
absorbed, AUC, and free fraction, among other factors. Data 
on the drug concentration–time curve incorporated in the 
study were extracted using GetData Graph Digitizer version 
2.26.0.20, and Certara Phoenix WinNonlin version 8.1 was 
utilized for non-compartmental analysis and compartment 
model fitting to obtain the AUC and ka values for specific 
inhibitor doses (Table S4 of the ESM). The unbound frac-
tion was obtained by querying the Cortellis Drug Discovery 
Intelligence database. Based on Eqs. (3)–(6), the average 
concentration of the free inhibitor in the small intestinal 
mucosa and hepatic inlet at specific doses were calculated 
and are compiled in Table S5 of the ESM.

According to Eq. (7), the calculation of the Fg for the sub-
strates included in the study requires knowledge of the bio-
availability and clearance rate of the substrate. We used the 
PK curves derived from the control group in clinical DDI tri-
als where substrates are administered individually to perform 
compartmental model fitting, which yielded the CLtot∕F of the 
substrate, approximating the hepatic clearance CLh∕F . The bio-
availability was determined using the Human Oral Bioavailabil-
ity Database summarized by Hou et al. [24, 25]. The calculated 
Fg values for the substrates are listed in Table S6 of the ESM.

3.3 � Calculation of In Vivo Apparent Ki and k
�����

∕KI 
Values

To assess the potency of enzyme inhibitors, the current 
practice predominantly involves the use of in vitro systems, 
such as liver microsomes or human hepatocyte incubations. 

or cytosol using a radiolabeled substrate
5 Recovery of CYP-mediated metabolites in the excreta data from the 
human absorption, distribution, metabolism, and excretion study

Table 3   (continued)

http://www.open-systems-pharmacology.org
http://www.open-systems-pharmacology.org
https://github.com/Open-Systems-Pharmacology/OSP-PBPK-Model-Library
https://github.com/Open-Systems-Pharmacology/OSP-PBPK-Model-Library
https://www.fda.gov/drugs
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These systems test various concentration levels and standard 
substrates incubated with the enzyme, allowing the calcula-
tion of inhibition constants Ki (for time-dependent inhibitors, 
the inactivation constant kinact∕KI is determined) [38, 39]. 
The results vary significantly depending on the incubation 
conditions. This study calculated the Ki and kinact∕KI values 
based on human data obtained from the concomitant use of 
the inhibitor with midazolam, utilizing the model parameters 
in Table 5. The results are provided in Table S7 of the ESM.

According to the FDA DDI guidance, when a drug is deter-
mined to be an enzyme inhibitor in vitro, the severity of the 
consequences of the drug inhibiting the enzyme is assessed 
using a basic model [40] by calculating the R-value of the 
inhibitor. To compare whether the inhibitor parameters from 
different sources could reliably estimate the risk of the inhibi-
tor in clinical use, the R values were calculated (Eqs. 13–16) 
using the Ki and kinact∕KI calculated in this study, the aver-
age of in vitro experiments obtained from the literature [18, 
41–43] (see Table S8 of the ESM) and the IR value calculated 
as described by Ohno et al. [3] with the same dataset (see 
Table S1 of the ESM). Finally, these three sets of R values 
were compared with the clinical DDI results of the corre-
sponding inhibitors in the validation set [44]. The results are 
shown in Fig. 3A, B. The data clearly show that the R val-
ues calculated using the Ki and kinact∕KI values obtained in 
this study had smaller errors with the clinical AUCR in the 

validation set. The findings indicate that it better reflects the 
clinical DDI risk caused by the inhibitors. Moreover, Fig. 3C, 
D show that the Ki and kinact∕KI values calculated in this study 
were consistently closer to the overall mean of the inhibitory 
potency parameters of the corresponding inhibitors obtained 
in the literature than those derived from the IR values.

For competitive inhibition:

For time-dependent inhibition:

The relationship between the IR and the boundary R 
values obtained by Ohno et al. [3] is as follows:

3.4 � Calculation of In Vivo fm,���3�4 Values

Accurately calculating the fraction of metabolized fm of 
a target drug is critical for assessing the infinite risk 
of drug interactions in clinical settings [5, 45]. Com-
mon methods for determining the contribution of a drug 

(13)R1 = 1 + [I]∕K
i
.

(14)R2 = 1 + kobs∕kdeg,

(15)kobs = kinact × [I]∕KI.

(16)R = 1∕(1 − IR).

Table 4   CYP3A4 inhibitors 
included in this study

bid twice daily, CYP cytochrome P450, tid three times daily

Inhibitors Inhibition type Inhibition 
of CYP3A4 
selectivity

Ritonavir 400 mg bid Mechanism-based time-dependent Moderate
Ketoconazole 400 mg/day Competitive High
Itraconazole 200 mg/day Competitive High
Clarithromycin 500 mg bid Mechanism-based time- dependent High
Saquinavir 1200 mg tid Mechanism-based time-dependent High
Posaconazole 400 mg bid Competitive High
Erythromycin 500 mg tid Mechanism-based time-dependent High
Fluconazole 200 mg/day Competitive Moderate
Cimetidine 400 mg bid Competitive Moderate
Ranitidine 150 mg bid Competitive High
Roxithromycin 300 mg/day Mechanism-based time-dependent High
Aprepitant 80 mg/day Competitive High
Diltiazem 60 mg tid Mechanism-based time-dependent High
Verapamil 80 mg tid Mechanism-based time-dependent High
Azithromycin 500 mg/day Mechanism-based time-dependent High
Voriconazole 200 mg bid Mechanism-based time-dependent Poor
Fluvoxamine 200 mg/day Competitive Moderate
Nefazodone 400 mg/day Competitive High
Telaprevir 750 mg tid Mechanism-based time-dependent High
Casopitant 120 mg/day Mechanism-based time-dependent Moderate
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through a specific metabolic pathway include in vitro 
system incubation, back-calculation from human results, 
and human radiolabeled absorption, distribution, metabo-
lism, and excretion studies.

This study employed inhibitors with strong CYP3A4 
selectivity in conjunction with the clinical DDI trial 
results for the included substrates. The in vivo values 
of the target CYP3A4 substrates fm,CYP3A4 were calcu-
lated using the Ki and kinact∕KI values derived from the 
model parameters in Table  5, and the corresponding 
in vivo Fg values calculated above. The results are pro-
vided in Table S9 of the ESM. We separately examined 
the risks of clinical DDI effects on substrates assessed 
using fm values alone, and using both Fg and fm values. 
These results were compared to the corresponding sub-
strate AUCR results for the validation set. As shown in 
Fig. 4, considering both Fg and fm values of the substrate 
provides a better representation of the potential risk of 
clinical DDI and reduce the likelihood of false negatives.

3.5 � Validation of Clinical Drug Interaction 
Simulation Results

Upon obtaining a reliable inhibitor Ki and kinact∕KI values, 
and substrate Fg and fm values, common methodologies for 
predicting clinical DDI risks include static and PBPK mod-
els [46]. Initially, we applied Eqs. (1) and (2) to the afore-
mentioned data to predict clinical DDI outcomes within the 
validation set. Concurrently, we utilized the method devel-
oped by Ohno et al. [3] to predict DDI outcomes in the vali-
dation set, comparing each with clinically observed values. 
As depicted in Fig. 5, the predictions made using our method 
showed that 81% of the results varied within 1.5-fold of the 
clinically observed values, which is superior to the outcomes 
achieved using the method of Ohno et al. [3] (Fig. 5A, a). 
In scenarios involving high-risk clinical DDIs with AUCR 
> 2.5 (Fig. 5B, b) and cases where Fg < 0.5 (Fig. 5C, c), our 

method demonstrated superior accuracy. Under all circum-
stances, the overall prediction error of our method was less 
than that of the method of Ohno et al. [3] (Fig. 5D, d).

To describe the impact of temporal variation in the in vivo 
concentrations of inhibitors and substrates on the PK profile of 
the substrate due to DDIs, PBPK models are commonly uti-
lized to simulate interaction combinations for which clinical 
trials have not been performed. Recent studies have analyzed 
new drug applications submitted to the FDA [47, 48]. These 
studies have revealed that 56–67% of these applications employ 
PBPK modeling to assess the risk of DDIs. These applications 
predominantly use Simcyp™ (https://​www.​certa​ra.​com/ soft-
ware/simcyp-pbpk/), GastroPlus® (https://​www.​simul​ations-​
plus.​com/​softw​are/​gastr​oplus/), and PK-SIM® (https://​www.​
open-​syste​ms-​pharm​acolo​gy.​org/) software for PBPK modeling. 
Although built-in models and parameters for common inhibitors 
are available in these software packages, the inhibitory potency 
parameters are still largely derived from in vitro experimental 
results.

In this study, we established PBPK models for the 
investigational drugs using PK-SIM and MoBi. After opti-
mization using human PK curves, we used the inhibitory 
potency parameters obtained from our research to simulate 
drug interactions in the validation set. Tables S10–S27 of 
the ESM list the clinical trial references used for training 
and test sets in the self-built models. Table S28 of the ESM 
lists the models from the OSP-PBPK-Model-Library cited 
in this study. Tables S29–S48 of the ESM list the param-
eter values and sources of all models, as well as parameters 
related to enzymes and transporters. See Figs. 3.10–3.35 
for the goodness of fit of the model and sensitivity analysis 
results. The results demonstrated that utilizing the inhibitory 
parameters Ki and kinact∕KI values derived from our study to 
fit the substrate concentration–time curves affected by the 
inhibitor yielded good agreement with the observed data, as 
illustrated in Fig. 6.

3.6 � Application of Clinical Drug Interaction Risk 
Scales

Currently, the clinical drug interaction risk quantification 
system established based on the method by Ohno et al. is 
widely used [49], sorting drugs according to their substrate 
CR and inhibitor IR value. However, the CR value does not 
differentiate between the contributions of intestinal and 
hepatic enzymes. At the same time, the IR value does not 
consider significant changes in the inhibitory potency caused 
by different doses of the inhibitor. The RI for substrates 
and PI for inhibitors established in this study address these 
issues. We placed the clinically measured values from the 
validation set into the AUCR risk intervals obtained after 
sorting drugs based on their RI and PI values (Fig. 7a) to 
investigate whether our risk scale can reliably reflect the 

Table 5   Model parameters used to calculate inhibitor K
i
 , k

inact
∕K

I
 , 

and substrate f
m,CYP3A4

 values

When the inhibitor is time dependent, the parameters kdeg,g and kdeg,H 
are required
CYP cytochrome P450, Fg intrinsic clearance, Fm fraction 
metabolized

Ki , kinact∕KI fm,CYP3A4

Substrate Midazolam Inhibitors Highly selective enzyme 
inhibitors

[I]H,u Equation (4) Fg Equation (7)
[I]g,u Equation (3)
kdeg,H 0.000481 min−1

kdeg,g 0.000321 min−1

https://www.certara.com/
https://www.simulations-plus.com/software/gastroplus/
https://www.simulations-plus.com/software/gastroplus/
https://www.open-systems-pharmacology.org/
https://www.open-systems-pharmacology.org/


1156	 T. Yuan et al.

clinical DDI risk levels and compared them with the AUCR 
risk intervals obtained using the method of Ohno et al. [3] 
(Fig. 7b). Using the RI and PI values as quantitative meas-
ures reduced the probability of false-negative assessments 
of clinical DDI risk from 15.73% to 5.6%. From the figure, 
it is evident that the IR-CR system led to an uneven distribu-
tion of risk intervals for AUCR. In the low-to medium-risk 

intervals, where the AUCR is < 3, alterations in IR and CR 
values by 0.5 have minimal impacts on the outcomes. How-
ever, in the higher risk intervals where AUCR is  3, a change 
of 0.5 in IR and CR values resulted in more than a twofold 
difference in outcomes, which is unsuitable for the prelimi-
nary assessment of DDI risk.

Fig. 3   A Comparison of basic model fitting results using Ki or 
k
inact

∕KI values (Eqs.  13–16) obtained from this study, the method 
of Ohno et  al., and in  vitro experimental results from the literature 
with the clinically observed area under the curve ratio (AUCR) val-
ues of the validation set (Table S3 of the ESM). B Geometric mean 
fold error (GMFE) and root mean square error (RMSE) for basic 
model fitting using Ki and k

inact
∕KI values from this study, the method 

of Ohno et  al., and in  vitro experimental results from the literature 
compared with clinically observed AUCR values of the validation 
set (Table S3 of the ESM). C Distribution of Ki values of competi-
tive inhibitors from this study, the method of Ohno et al., and in vitro 
experimental results from the literature, the diamonds represent a 
series of in vitro experimental Ki values from the literature listed in 

Table S8 of the ESM with the average of these in vitro experimental 
results shown in red lines and the standard error represented by black 
error bars; hexagons represent Ki values obtained using the method 
described by Ohno et al.; and pentagrams represent Ki values calcu-
lated in this study. D Distribution of k

inact
∕KI values of time-depend-

ent inhibitors from this study, the method of Ohno et al., and in vitro 
experimental results from the literature, the diamonds represent 
a series of in  vitro experimental k

inact
∕KI values from the literature 

listed in Table S8 of the ESM with the average of these in vitro exper-
imental results shown in red lines and the standard error represented 
by black error bars; hexagons represent k

inact
∕KI values obtained 

using the method described by Ohno et al.; and pentagrams represent 
k
inact

∕KI values calculated in this study



1157Clinical Trial Data-Driven Risk Assessment of Drug–Drug Interactions

Fig. 4   Relationship between substrate drug–drug interaction (DDI) 
sensitivity parameters and the clinical DDI area under the curve ratio 
(AUCR). A In vivo Fg values and fm values of substrate determined 
using the study methodology were employed to assess the sensitivity 
of the substrate to DDIs: AUCR ≈ 1∕(Fg × (1 − fm) . B In vivo fm val-

ues of substrates determined using the study methodology were used 
to assess substrate sensitivity to DDIs: AUCR ≈ 1∕(1 − fm) . The red 
color blocks represent false negatives, the gray color blocks represent 
false positives, and the green color blocks represent true positives/
negatives

Fig. 5   Comparison of in  vivo drug–drug interaction simulation out-
comes with values observed in clinical trials. This figure illustrates 
data of a comparative analysis between the results of in vivo drug–
drug interaction simulations and actual measured values from clinical 
trials. The simulations were conducted using both Ki,kinact∕KI , and fm 
values obtained from this study, and inhibition ratio (IR) and contri-
bution ratio (CR) values derived from the method of Ohna et al. The 
comparison involves 89 clinical drug–drug interaction measured val-
ues from a validation set. The vertical axis represents the simulated 
area under the curve (AUCR) values and the horizontal axis displays 
the AUCR values observed in clinical trials. A Results of simulations 
using the method of Ohna et al. compared with clinical observed val-
ues. a Results of simulations using the method from this study com-
pared with clinical observed values. B Subset of the validation set 

with AUCR > 2.5, comparing simulations based on the method of 
Ohna et al. with clinically observed values. b Subset of the validation 
set with AUCR > 2.5, comparing simulations from this study against 
clinical observed values. C Subset of the validation set with intrin-
sic clearance (Fg) < 0.5, comparing simulations based on the method 
of Ohna et al with clinically observed values. c Subset of the valida-
tion set with Fg < 0.5, comparing simulations from this study with 
clinical observed values. D Comparison between the geometric mean 
fold error (GMFE) of the results simulated in this study and those by 
Ohna et al. relative to clinical observed values. d Comparison of the 
root mean square error (RMSE) between the simulation results of this 
study and those by Ohna et al. relative to clinical observed values
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In summary, this study included predicted AUCR values 
for 660 pairs of clinical drug interactions at specific inhibitor 
dosages, as illustrated in Fig. 8. In clinical use, these drugs 
allow for a clear pre-determination of safe co-administra-
tion with certain drugs based on RI or PI values, identifying 
combinations that may lead to high-risk DDIs. Moreover, 
for two potentially co-administered drugs, the fold increase 
in the AUC of one drug due to co-administration can be 

rapidly calculated, enabling precise dose adjustment rec-
ommendations. Similarly, assuming the inhibitor has linear 
PK characteristics, the free concentration of the inhibitor 
at the corresponding dose calculated in this study can be 
converted to concentrations at other doses. The fold increase 
in substrate AUC caused by adjusted doses of the inhibitor 
could be rapidly calculated. To facilitate the application of 
this method in clinical practice, we developed a simplified 



1159Clinical Trial Data-Driven Risk Assessment of Drug–Drug Interactions

program based on Microsoft Excel 2021, as detailed in the 
mini-program in the ESM.

4 � Discussion and Conclusions

Pharmacokinetic-mediated DDIs are among the primary 
causes of clinically relevant adverse drug reactions [50]. 
Studies indicate that DDIs in the USA result in an annual 
range of emergency department visits from 2600 to 220,000, 
impacting between 1.9 and 5 million hospitalized patients 
[51, 52]. These events, preventable and avoidable [53], often 
occur because of a lack of accessible tools and assessment 
databases for clinical pharmacists to promptly mitigate and 
provide adjustment recommendations [54]. The concomitant 
use and overlay of post-marketing drugs are complex and 
variable, making it impossible to fully assess and investi-
gate DDIs in preclinical evaluations and clinical trials. The 
results of clinical drug interaction trials should be more fully 
utilized to serve as vital reference material for clinical phar-
macists to assess the myriad of DDIs in clinical practice. 
This study took advantage of abundant clinical drug interac-
tion trial data to calculate critical DDI-specific parameters, 

such as Ki,kinact∕KI, fm , and Fg , for effective and accurate 
extrapolation of interaction results, and to establish a quan-
titative clinical DDI risk assessment framework. Compared 
with previously published studies, this study achieved an 
accurate prediction of the DDI outcome of the inhibitors 
with the substrates at any dose.

Based on the reliable calculation of the in vivo DDI 
specific parameters, we have developed a Clinical Drug 
Interaction Risk Scale and the mini-program for clini-
cal applications. If the RI value is < 2, the probability of 
adverse reactions due to PK DDIs in patients with special 
conditions, such as non-hepatic or renal dysfunction, is low. 
In such cases, intensive monitoring may not be necessary, 
and the primary focus should be on ensuring therapeutic 
effectiveness when co-medication. Conversely, if the RI 
value exceeds 2, it indicates that the drug is a more sensi-
tive substrate for an enzyme. When co-administered with a 
high dose of enzyme inhibitor, the drug’s exposure in vivo 
increases significantly. Therefore, prescriptions should be 
carefully selected and managed when co-administration is 
necessary. The PI is determined using the intended clini-
cal dose concentrations. If the inhibitor’s PI value is > 2, a 
quantitative assessment process must be initiated, in which 
the fold increase in the drug’s AUC when co-administered is 
calculated, and the reduction of the inhibitor concentration 
for an acceptable increase in substrate AUCR is determined. 
These actions specify the dose adjustment range for the 
inhibitor when co-administration with the drug. For exam-
ple, ibrutinib, an orally active inhibitor targeting Bruton’s 
tyrosine kinase, undergoes significant first-pass and meta-
bolic clearance, which are both mediated by CYP3A4 [55, 
56]. Based on clinical trial results, which showed a 23-fold 
increase in AUC when co-administered with a daily dose 
of 400 mg of ketoconazole, its RI value was calculated as 
22.7, classifying it as a high-risk victim drug. However, no 
clinical DDI trial data are currently available for this drug in 
combination with other CYP3A4 inhibitors. A clinical case 
reported in 2016 [57] described a 68-year-old patient with 
relapsed mantle cell lymphoma and hypertension who expe-
rienced severe diarrhea and dizziness, which led to uncon-
sciousness and hospitalization 1 week after taking 560 mg 
of ibrutinib along with verapamil plus trandolapril 180 mg/2 
mg. According to the risk assessment framework of this 
study, the PI value for a daily dose of verapamil of 180 mg 
was 4. Further quantitative predictions indicated that vera-
pamil increased the AUC of ibrutinib three-fold, resulting 
in an exposure that exceeded the safe therapeutic window of 
ibrutinib. Employing the methodology of this study, if the 
daily dose of verapamil was reduced to 120 mg, the AUC 
of ibrutinib was predicted to increase by 2.27-fold. There-
fore, for patients undergoing treatment with ibrutinib who 
require verapamil, the daily dose of verapamil should not 
exceed 120 mg. For drugs with wider therapeutic windows, 

Fig. 6   Integration of inhibitor parameters calculated using the study 
methodology in a physiologically based pharmacokinetic model to 
predict drug interactions. a Fluconazole 100 mg twice daily (BID) 
for 2 days and zolpidem 5 mg at day 2, clinical results from [98]. b 
Ketoconazole 200 mg BID for 3 days and alprazolam 1 mg once daily 
(QD) at day 3, clinical results from [97]. c Fluvoxamine 100 mg QD 
for 6 days and zolpidem 5 mg at day 6, clinical results from [99]. d 
Itraconazole 200 mg BID for 4 days and tacrolimus 3 mg at day 4, 
clinical results from [100]. E Voriconazole 400 mg BID at day 2, 
200 mg BID for 3 days and tacrolimus 3 mg at day 5, clinical results 
from [101]. f Cimetidine 400 mg bid for 2 weeks and triazolam 0.5 
mg at day 14, clinical results from [102]. g Diltiazem 60 mg three 
time daily (TID) for 2 days and triazolam 0.25 mg at day 2, clinical 
results from [103]. h Ritonavir 200 mg bid for 7 days and tadalafil 20 
mg at day 3, clinical results from [104]. i Aprepitant 125 mg QD and 
bosutinib 500 mg, clinical results from [105], j Erythromycin 500 mg 
tid for 2 days and simvastatin 40 mg at day 2, clinical results from 
[106]. k Posaconazole 400 mg BID for 7 days and tacrolimus 0.05 
mg/kg at 7 days, clinical results from [107]. l Clarithromycin 500 mg 
BID for 2 days and triazolam 0.125 mg at day 2, clinical results from 
[108]. m Saquinavir 1200 mg TID for 8 days and sildenafil 100 mg 
at 8 days, clinical results from [109]. n Azithromycin 500 mg QD for 
3 days and sildenafil 100 mg at day 3, clinical results from [110]. o 
Roxithromycin 300 mg QD for 5 days and lovastatin 80 mg at day 5, 
clinical results from [111]. p Ranitidine 300 mg TID for 5 days and 
nifedipine 20mg at day 5, clinical results from [112]. q Nefazodone 
100 mg BID for 9 days and alprazolam 1 mg bid for 6 days, clinical 
results from [113]. r Verapamil 80 mg tid for 2 days and simvastatin 
40 mg at day 2, clinical results from [106]. The solid line represents 
the physiologically based pharmacokinetic fitted concentration–time 
curves of the victims affected by the perpetrators; the solid dots rep-
resent the measured values of victims concentration–time curves in 
clinical drug interaction trials; and the shading represents the arith-
metic standard deviation of physiologically based pharmacokinetic 
simulations for the population

◂
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an increase in exposure to inhibitors that does not exceed 
the therapeutic window is considered safe. The RI value 
for lovastatin is 17.68, and a daily verapamil dose of 240 
mg can increase its AUC 3.5-fold. However, because of its 
broad therapeutic window, the combination of verapamil and 
lovastatin is not associated with adverse reactions [58, 59].

The methodology of this study involved the retrograde 
calculation of specific parameters for victim and perpetrator 
drugs based on human trial results. This is predicated on 
six assumptions. First, midazolam, a standard substrate for 
CYP3A4, is metabolized solely through CYP3A4-mediated 
clearance, with an fm CYP3A4 of 0.92 and Fg of 0.55. Second, 
the renal clearance of the included substrates is considered 
negligible. Third, the in vivo concentration of substrates is 
much lower than Km, thus the dosing does not affect the 
fm CYP3A4 value. Fourth, only the impact of CYP3A4 on 
interactions is considered, with CYP3A4 distributed in 
both intestinal epithelial cells and hepatocytes. Fifth, the 
free concentration of the inhibitor at the enzyme-binding 
site in intestinal epithelial cells is represented by the 
average concentration at the hepatic portal vein, and at 
the hepatocyte-binding site by the average concentration 
at the liver inlet. Sixth, for time-dependent inhibition, it 

is assumed that the free concentration of the inhibitor is 
much less than its KI. With these assumptions, the inhibitory 
constant of the inhibitor against CYP3A4 is calculated based 
on the concomitant administration results with midazolam. 
Subsequently, the human trial results of the combination of 
selective CYP3A4 inhibitors with other substrates were used 
to calculate the fm CYP3A4 of these substrates.

It is noteworthy that the prediction of DDIs in special 
populations requires particular attention. More reliable 
results could be obtained through verification using PBPK 
models, with a thorough understanding of drug clearance 
pathways, interactions with endogenous substances, and the 
physiological parameters of special populations. However, 
this approach is time consuming and labor intensive in 
clinical practice. When assessing the risk of drug interactions 
on the exposure of victim drugs in the real world, the method 
should be simple and accessible and yield reliable results to 
provide sufficient confidence when adjusting drug dosages. 
The assessment system in this study offers a certain level of 
simplicity compared with simulations using PBPK models 
and a degree of accuracy over the currently popular static 
models, making it a useful reference for clinicians and 
patients in adjusting medication prescriptions. However, 

Fig. 7   Application of clinical drug–drug interaction risk scales. A 
Comparison of drug–drug interaction risk stratification using a risk 
index (RI) and a potency index (PI) from this study with clinically 
observed values. B: Comparison of drug risk stratification using inhi-
bition ratio (IR) and contribution ratio (CR) from Ohna et  al. with 
clinically observed values. The vertical axis denotes the magnitude of 
the inhibitor’s PI or IR values. The horizontal axis indicates the mag-
nitude of the substrate’s RI or CR values. Color mapping reflects the 
magnitude of area under the curve ratio (AUCR) values associated 
with the predicted RI and PI values. Dots symbolize the coordinate 
positions in the graph for 89 pairs of substrate and inhibitor combina-

tions from the validation set, with the color mapping of the dots rep-
resenting the clinical observed AUCR values. All axes are logarith-
mic; the RI is derived from Eq. 10; the PI is obtained from Eqs. 11 
and 12; IR is calculated as IR = (1/AUCR+1)/CR, as proposed by 
Ohno et  al., where CR is computed as CR = (1/AUCR+1)/IR per 
Ohno et al. and IR is calculated using equation IR = (1/AUCR + 1)/
CR based on the training set data of this study, derived from the 
method proposed by Ohno et al., CR is determined using equation CR 
= (1/AUCR + 1)/IR based on the training set data of this study, also 
from the method by Ohno et al.
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this study still has several unresolved issues: for enzyme 
inhibitors, there are no inhibitors that selectively target only 
one enzyme. The common CYP3A4 inhibitors included in 
this study, along with their metabolites, exhibited varying 
degrees of induction or inhibition of other enzymes, such 
as CYP2D6 and CYP2C9. Although these interactions 
can be accurately predicted, the role of CYP3A4 in these 
interactions may have been overestimated. For victim 
drugs, after the metabolic clearance pathways are inhibited, 
renal clearance of the parent drug may compensate for 
the decrease in clearance rate. This study overlooked this 
aspect of clearance, which could potentially lead to an 
overestimation of risks. Moreover, victim drugs may exert 
inhibitory or inductive effects on metabolic enzymes, 
resulting in bidirectional interactions that affect the fit of 
the outcomes.
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