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A B S T R A C T

Suraxavir marboxil (GP681) is a promising novel prodrug influenza polymerase acidic (PA) inhibitor whose 
active metabolite, suraxavir (GP1707D07), is primarily metabolized by cytochrome P450 3A4 (CYP3A4), raising 
concerns about drug-drug interactions (DDI) with CYP3A4 inhibitors. Traditional DDI assessment methods are 
limited for evaluating all potential combinations. This study aimed to develop a physiologically based phar-
macokinetic (PBPK) model to predict the DDI risk between GP681 and CYP3A4 inhibitors of varying potency. 
The model was developed based on physicochemical and in vitro parameters, as well as clinical data, including a 
phase I single ascending dose study of GP681 tablets and a single-center phase I study evaluating the DDI be-
tween GP681 and strong CYP3A4 inhibitor itraconazole. The model was successfully verified against clinical 
data, with predicted-to-observed ratios for GP1707D07 exposure under itraconazole co-administration of AUC 
and C max of 1.042 and 1.357, respectively. Simulations using the validated model predicted a substantial increase 
in GP1707D07 exposure when co-administered with moderate inhibitors fluconazole (AUC ratio 2.820; C max 
ratio 1.509) and verapamil (AUC ratio 2.347; C max ratio 1.645), comparable to the effect of itraconazole. Weak 
inhibitors showed negligible effects. Consequently, clinical monitoring and potential dose adjustment of GP681 
are recommended when co-administered with strong inhibitors and the moderate inhibitors. The study dem-
onstrates the utility of PBPK modeling for efficient and predictive DDI assessment of complex prodrug systems, 
guiding the safe clinical use of GP681.

1. Introduction

Influenza viruses are responsible for both seasonal outbreaks and 
global pandemics, representing a significant risk to public health [1,2].

Recent increases in influenza-like illness following the COVID-19 
pandemic have reinforced the need for effective antiviral strategies 
and preparedness. Resistance to older classes of influenza antivirals (e. 
g., M2 ion channel inhibitors) is now widespread, and emerging
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resistance to neuraminidase inhibitors such as oseltamivir further limits 
therapeutic options. Consequently, novel agents that target different 
viral functions are an important component of current antiviral devel-
opment [3–5].

Antiviral agents targeting RNA polymerase subunits, such as the 
polymerase acidic protein (PA) and polymerase basic protein 1 and 2 
(PB2), have emerged as promising therapeutic candidates [6,7]. Balox-
avir marboxil, a selective PA inhibitor, has shown clinical benefit in 
reducing symptom duration but rapid resistance development has 
highlighted challenges for long-term utility, particularly in pediatric 
populations [8]. Suraxavir marboxil (GP681) is an orally available 
PA-targeting prodrug whose active metabolite GP1707D07 inhibits the 
viral cap-dependent endonuclease and has demonstrated potent anti-
viral activity in preclinical studies, including against strains resistant to 
currently used agents. These properties, together with a projected pro-
longed half-life, make GP681 a promising candidate for influenza ther-
apy [9,10].

A critical aspect of GP681 s clinical development is its biotransfor-
mation and elimination. GP681 is converted to the active metabolite 
GP1707D07 via prodrug hydrolysis, and subsequent clearance of 
GP1707D07 involves CYP3A4-mediated metabolism. Because CYP3A4 
is a major drug-metabolizing enzyme and the widespread clinical use of 
CYP3A4 inhibitors (e.g., macrolide antibiotics, azole antifungals, and 
calcium channel blockers), potential DDIs between GP681 and these 
agents may significantly compromise its therapeutic efficacy and safety 
[11]. For instance, preliminary clinical investigations (ClinicalTrials.gov 
identifier: NCT05789342) demonstrated that coadministration with the 
strong CYP3A4 inhibitor itraconazole resulted in approximately 2.5-fold 
and 1.4-fold increases in the AUC and peak plasma concentration C max of 
GP1707D07, respectively, compared to monotherapy [12]. Given the 
observed effect with a strong inhibitor, moderate or weak CYP3A4 in-
hibitors also produce varying degrees of influence on GP1707D07 
exposure, thereby impacting its therapeutic window. Consequently, 
Systematic evaluation of GP681–CYP3A4 DDIs is essential for rational 
dosing.

Traditional methods for DDI assessment, such as in vitro assays and 
clinical trials, are either physiologically incomplete or resource-
prohibitive for evaluating all possible interactions [13–15]. In recent 
years, PBPK modeling has gained prominence as a key tool endorsed by 
regulatory agencies for predicting DDIs, owing to its ability to integrate 
physiological parameters, in vitro data, and clinical observations into a 
unified framework [14,16]. PBPK models simulate the absorption, dis-
tribution, metabolism, and excretion processes of drugs across organs 
and tissues, allowing for quantitative prediction of both the inhibitory 
effects of inhibitors on metabolic enzyme activity and their consequent 
impact on substrate pharmacokinetics. This study aims to systematically 
predict the impact of CYP3A4 inhibitors of varying potency on the 
exposure of GP1707D07 by developing a dual PBPK model for GP681 
and its active metabolite GP1707D07, incorporating their physiologi-
cally based pharmacokinetic profiles. The developed model was applied 
to simulate various clinical scenarios, aiming to provide quantitative 
guidance for dose adjustment when GP681 is co-administered with 
CYP3A4 inhibitors, thereby supporting the safe and effective clinical use 
of this drug combination.

2. Methods

2.1. Software and statistical analysis

Building of the whole-body PBPK model, sensitivity analysis, and 
parameter optimization were performed using PK-Sim version 11.3 
(Bayer AG, Leverkusen, Germany) software. Visually presented plasma 
concentration-time profiles in previous publications were converted to 
numerical data using Graph Grabber version 2.0 (Quintessa, Quintessa. 
org).

After population simulations, pharmacokinetic metrics (for example,

AUC and C max ) is expressed as arithmetic means. DDI effects are re-
ported as arithmetic mean ratios of PK parameters, calculated as the 
arithmetic mean under co-administration divided by the arithmetic 
mean under substrate alone.

2.2. Clinical pharmacokinetic data

The study utilized data from two clinical trials of GP681 tablets to 
develop and verify the model. The modeling population for GP681 
monotherapy was established using demographic data from subjects 
across all dose groups in the single-dose tolerability clinical trial of 
GP681 tablets (ClinicalTrials.gov identifier: NCT04729764). Pharma-
cokinetic (PK) data from the 20 mg single-dose cohort were utilized to 
develop the GP681 monotherapy PBPK model, while the remaining 
single-dose cohorts (40 mg, 60 mg, 80 mg) were employed for model 
verification. A single-center Phase I clinical trial (ClinicalTrials.gov 
identifier: NCT05789342) evaluating the DDI between GP681 and the 
strong CYP3A4 inhibitor itraconazole in healthy volunteers was utilized 
to develop and validate PBPK models for GP681 monotherapy and its 
coadministration with itraconazole. Additionally, demographic infor-
mation and clinical pharmacokinetic data from published studies were 
incorporated to construct PBPK models for other CYP3A4 inhibitors of 
varying potency including itraconazole.

2.3. Model development

PBPK models of GP681 and its active metabolite GP1707D07 were 
built based on a “middle-out” approach. The overall schematic for the 
PBPK modeling workflow is presented in Fig. 1.

Preclinical studies have demonstrated that following oral adminis-
tration, GP681, the prodrug is scarcely detected in plasma but converted 
to an active form GP1707D07. The enzymatic hydrolysis of GP681 in 
human liver S9 was investigated using chemical inhibition studies. The 
results demonstrated that GP681 is metabolized to GP1707D07 pri-
marily through AADAC-mediated pathways, with CES1 and CES2 
contributing minimally to this metabolic process. Therefore, in the 
current modeling study, the hydrolysis metabolism of GP681 to 
GP1707D07 was simplified to be represented solely by AADAC-
mediated pathways. The intrinsic clearance (CL int ) value for the 
AADAC-mediated generation of active metabolites from GP681 was not 
experimentally determined. This parameter was subsequently optimized 
based on clinical observations from the 20 mg dose group (ClinicalT 
rials.gov identifier: NCT04729764). GP1707D07 demonstrates exten-
sive plasma protein binding and exhibits broad tissue distribution, 
without significant accumulation at excessive concentrations or persis-
tent retention in specific tissues. In the phenotypic study identifying 
cytochrome P450 enzymes responsible for GP1707D07 metabolism, 
GP1707D07 was predominantly metabolized by human recombinant 
CYP3A4, demonstrating an in vitro CL int of 0.213 μL/min/pmol. In 
contrast, no significant metabolism was observed in systems expressing 
CYP1A2, CYP2B6, or CYP2C8, with in vitro CL int values less than 0.01 
μL/min/pmol (unpublished data). The primary elimination pathway for 
GP681 and GP1707D07 is fecal excretion, with minimal excretion 
occurring through urine and bile. The mass balance investigation 
demonstrated that GP1707D07 constitutes the principal radioactive 
component, representing approximately 95.4% of serum radioactivity. 
Following oral administration of GP681, a cumulative radioactivity re-
covery of 90.1% was achieved within 336 h (84.1% via fecal elimination 
and 6.0% through urinary excretion) [12,17]. To characterize renal 
elimination in the model, the glomerular filtration rate (GFR) fractions 
for both GP681 and GP1707D07 were assigned a value of 1 as a mech-
anistic assumption. The physicochemical parameters of GP681 and 
GP1707D07, including LogP (partition coefficient), fraction unbound 
(f u ), and solubility, were primarily determined through experimental 
measurements. The solubility of GP1707D07 at pH 7 was assigned the 
same value as GP681, as this parameter was identified as non-sensitive
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in prior sensitivity analyses. The f u of GP681 and its formulation pa-
rameters (modeled using the Weibull function to characterize release 
kinetics) were subsequently optimized through population pharmaco-
kinetic analysis of clinical data from the 20 mg dose group (ClinicalT 
rials.gov identifier: NCT04729764). Tissue-to-plasma partition coeffi-
cient was estimated by Poulin and Theil [18,19] both in GP681 model 
and GP1707D07 model. Cellular permeabilities in the GP681and 
GP1707D07 models were estimated by PK-Sim® standard methods. The 
Monte Carlo algorithm was used to optimize model parameters in the 
parameter identification tool. The specific modeling parameters used to 
establish the parent-metabolite model for GP681 and GP1707D07 are 
shown in Table 1.

2.4. Sensitivity analysis

This study conducted a sensitivity analysis to assess the influence of 
critical drug parameters for GP681 tablets and its active metabolite 
GP1707D07 on model-predicted PK parameters, including the AUC, 
C max , and time to C max (T max ), to validate parameter reliability. The 
analysis was performed using PK-Sim® by systematically perturbing 
individual input parameters (e.g., ±10% variation) while maintaining

others constant, followed by recalculation of PK metrics. The sensitivity 
was calculated as follows (Equation (1)).

S =
ΔPK 
PK 0 

÷ 
ΔP
P 0

(1)

The sensitivity coefficient (S) is defined as the ratio of the relative 
change in a PK parameter (ΔPK/PK 0 ) to the relative variation in the 
input parameter (ΔP/P 0 ), where PK 0 and P 0 represent baseline values of 
the PK metric and examined parameter, respectively. A sensitivity value 
of +1.0 denotes complete proportionality, implying that a 10% eleva-
tion in the input parameter (ΔP/P 0 = 0.1) induces an equivalent 10% 

increase in the PK parameter outcome (ΔPK/PK 0 = 0.1). A coefficient 
magnitude of 1 indicates proportional sensitivity (e.g., +10% parameter 
change induces +10% PK metric alteration), with positive/negative 
values denoting direct/inverse relationships.

2.5. Model evaluation

The PBPK model underwent evaluation through complementary vi-
sual diagnostics (e.g., goodness-of-fit plots) and quantitative metrics (e. 
g., fold error), ensuring comprehensive characterization of its predictive 
performance. Compare the clinical observation values with the simu-
lated drug-time curves and plot them to observe whether the trends of 
the drug-time curves are consistent. The acceptability criteria for model 
performance were defined by a twofold variation tolerance in both AUC 
and C max . The fold-error metric was quantified using the following 
computational framework (Equation (2)).

Fold error = 
Predicted value
Observed value 

(2)

2.6. Drug-drug interactions

PBPK platform qualification requires verification against maximal 
observed DDIs (strong perpetrator) before extrapolation to moderate and 
weak perpetrators [14]. Therefore, the PBPK model for GP681 was first 
verified under monotherapy conditions, then extended to simulate DDI 
with itraconazole (a strong CYP3A4 inhibitor) using phase I clinical 
coadministration trial data (ClinicalTrials.gov identifier: NCT05789342) 
[20]. The itraconazole PBPK model was refined with minor modifications 
based on a previously published framework [20] and subsequently

Fig. 1. Overall workflow for the PBPK modelling.

Table 1
Drug-dependent parameters of the GP681 PBPK model.

Parameter (Unit) Value/Description Source

GP681

Molecular Weight (g/mol) 597.59 Measurement
Lipophilicity 2.88 Measurement
Fraction unbound (%) 13 Fitting
Solubility (μg/mL) (PH: 7) 3 Measurement
Specific intestinal permeability (cm/s) 2.99E-6 Measurement
Partition Coefficients Poulin and Theil 
Cellular Permeability PK-Sim Standard 
CL int, AADAC (μL/min/pmol) 15 Fitting
GFR fraction 1 Assumed
Dissolution time (50% dissolved) (min) 750.00 Fitting
Lag time 0.00 Fitting
Dissolution shape 1.15 Fitting

GP1707D07

Molecular Weight (g/mol) 509.53 Measurement
Lipophilicity 2.61 Measurement
Fraction Unbound (%) 2.7 Measurement
Solubility (μg/mL) (PH: 7) 3 Assumed
Specific intestinal permeability (cm/s) 1.91E-7 Measurement
Partition Coefficients Poulin and Theil 
Cellular Permeability PK-Sim Standard 
CL int, CYP3A4 (μL/min/pmol) 0.213 Measurement
GFR fraction 1 Assumed
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validated against clinical pharmacokinetic data before being imple-
mented to construct the DDI model. The verified DDI model for the 
coadministration of GP681 and itraconazole was subsequently applied to 
DDI models of GP681 with moderate CYP3A4 inhibitors (fluconazole, 
verapamil) as well as weak CYP3A4 inhibitors (cimetidine, fluvoxamine) 
[21–23]. We adapted and applied the publicly available fluconazole, 
verapamil, and fluvoxamine models from the GitHub repository, imple-
menting minor optimizations on these established frameworks. Addi-
tionally, drug-specific modeling parameters for cimetidine were collected. 
All four single-agent inhibitor models were subsequently validated against 
published clinical data from the literature. The parameters for the mon-
otherapy models of CYP3A4 inhibitors of varying potencies are provided 
in the Supplementary Tables S1–5. Population DDI simulations were 
generated in PK-Sim using the default “East Asian” physiological popu-
lation templates (see Supplementary Table S6). The impact of the DDI was 
assessed by comparing the plasma concentration-time profiles of 
GP1707D07 following administration of GP681 alone versus its 
co-administration with CYP3A4 inhibitors, and by calculating the DDI 
ratios for AUC (Equation (3)) and C max (Equation (4)).

DDI AUC ratio =
AUC of the victim drug during coadministration

AUC of the victim drug
(3)

DDI C max ratio = 
C max of the victim drug during coadministration

C max of the victim drug
(4)

3. Results

3.1. Model building and evaluation

Aim to develop and evaluate a PBPK model for GP681 and its active 
metabolite, GP1707D07, following single-agent administration. Plasma 
concentrations of GP1707D07, the active metabolite of GP681, were 
primarily derived from the monotherapy cohort of the Phase I clinical 
study (ClinicalTrials.gov identifier NCT04729764) for pharmacokinetic 
model development. Detailed demographic and dosing information are 
provided in Table 2. The developed monotherapy model demonstrated 
good predictive performance, as evidenced by the close alignment be-
tween the predicted and observed plasma concentration-time profiles of 
GP1707D07 (Fig. 2A)-2D)). The majority of observed plasma concen-
trations fell within the model's 90% prediction interval. Goodness-of-fit 
plots for the (AUC) and Cmax of GP1707D07 are presented in Fig. 2E)- 
2F), with detailed results summarized in Table 3. The fold error ranges 
for both AUC (0.674–1.051) and C max (0.809–1.183) of GP1707D07 
were within the predefined two-fold acceptance criterion, confirming 
the model's accuracy. In summary, the PBPK model accurately charac-
terized the pharmacokinetics of GP1707D07, providing a robust foun-
dation for subsequent DDI predictions.

3.2. Sensitivity analysis

This analysis aimed to identify the key physicochemical and physi-
ological parameters with the greatest influence on the exposure of the 
active metabolite GP1707D07, thereby evaluating the robustness and 
reliability of the model. A sensitivity analysis was performed to assess 
the influence of key pharmacokinetic parameters of GP681 tablets and 
their active metabolite on the primary exposure metrics (AUC, C max ,

T max ) of the major active metabolite GP1707D07 following a single 20 
mg oral dose. As illustrated in Fig. 5, the lipophilicity of both GP681 and 
GP1707D07, the dissolution time and dissolution shape of GP681, and 
the intrinsic clearance of GP681 via AADAC metabolism and 
GP1707D07 via CYP3A4 metabolism were identified as significant de-
terminants of GP1707D07 C max (Fig. 3A)). For GP1707D07 AUC, critical 
parameters included the lipophilicity of GP681, intrinsic clearance of 
GP1707D07 via CYP3A4 metabolism, unbound fraction of GP1707D07, 
intestinal permeability of GP681, intrinsic clearance of GP681 via 
AADAC metabolism, and unbound fraction of GP681 (Fig. 3B)). The 
dissolution shape, dissolution time, and lipophilicity of GP681 were key 
factors influencing GP1707D07 Tmax (Fig. 3C)).

The sources for these parameters were rigorously established: The 
lipophilicity values for both GP681 and GP1707D07, the fraction un-
bound of GP1707D07, the intrinsic clearance of GP1707D07 via 
CYP3A4, and the intestinal permeability parameter of GP681 were 
derived from in vitro experiments, ensuring physiologically relevant 
foundations. Dissolution time and dissolution shape parameters were 
calibrated against clinical observations. The fraction unbound of GP681 
and its intrinsic clearance via AADAC metabolism were estimated 
through parameter optimization. Subsequent verification across multi-
ple clinical dose groups of GP681 tablets demonstrated strong concor-
dance between simulated profiles and observed clinical data, confirming 
the robustness of the optimization approach and the reliability of the 
model parameterization. In summary, the sensitivity analysis confirmed 
that the model outputs are most dependent on well-defined parameters 
sourced from in vitro experiments or carefully optimized against clinical 
data. This provides high confidence in the model's mechanistic structure 
and its foundation in physiological reality.

3.3. Drug-drug interactions

DDI analysis was to evaluate and predict the effect of CYP3A4 in-
hibitors of varying potency on the pharmacokinetics of GP1707D07 
using the verified PBPK platform. The analysis was conducted in two 
parts: first, the model was validated against a clinical DDI study with the 
strong inhibitor itraconazole; second, the validated model was applied 
to simulate untested interactions with moderate and weak inhibitors.

3.3.1. Exposure changes of GP1707D07 with and without the CYP3A4 
strong inhibitor (itraconazole)

A modified itraconazole model was developed and verified 
(Fig. S1A)-D), Table S8). The parameters for the itraconazole mono-
therapy model are summarized in Table S1, with demographic infor-
mation and dosage regimens listed in Table S7. The optimized 
itraconazole model was then used to simulate the impact of itraconazole 
on the PK of GP1707D07, with the DDI dosage regimen for GP681 and 
itraconazole provided in Table S8.

We assessed the ability of the model to describe concentration pro-
files of 20-mg GP681 co-administered with itraconazole in the clinical 
DDI study (Fig. 4). The ratios of predicted to observed values for the AUC 
and C max of GP1707D07 following administration of GP681 alone were 
1.481 and 1.593, respectively. When co-administered with itraconazole, 
the corresponding ratios for GP1707D07 AUC and C max were 1.543 and 
2.161. Except for the GP1707D07 C max ratio under co-administration 
(2.161), which represented a slight overprediction, all other PK ratios

Table 2
Demographic information of the monotherapy dose-escalation clinical trial for GP681 model development and verification.

Dosing regimens Age (year) Weight (kg) Height (cm) Dataset

20 mg SD po 28.83 (22–38) 63.17 (54.7–73.9) 169.25 (165.5–173.5) Training
40 mg SD po 30.38 (26–33) 58.04 (46.1–70.6) 165.69 (154.5–170.0) Test
60 mg SD po 30.50 (18–43) 62.46 (53.6–78.5) 167.81 (153.5–181.0) Test
80 mg SD po 26.50 (22–32) 66.14 (54.1–83.9) 169.69 (157.0–180.0) Test

SD, single dose; po, orally.
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Fig. 2. Predicted and observed concentration-time profiles following oral administration of GP681 at A) 20 mg, B) 40 mg, C) 60 mg, and D) 80 mg doses.
The solid line represents the arithmetic mean of the predicted plasma concentration of GP1707D07. The pink shaded area denotes the 5th–95th percentile prediction 
interval for GP1707D07, while the purple shaded area indicates the 5th–95th percentile prediction interval for the prodrug GP681. Circle dots and error bars 
represent the observed mean plasma concentration of GP1707D07 and standard deviation, respectively. Goodness-of-fit plots comparing the predicted and observed 
values for E) C max and F) AUC of GP1707D07. Circle dots of different colors correspond to the PK parameters of GP1707D07 at various dose levels of GP681. The solid 
line represents the line of identity, and the dashed lines indicate the twofold range.
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fell within the acceptable range of 0.5–2.0. Furthermore, the model 
demonstrated close agreement with clinical observations for the ratios 
(coadministration/monotherapy) of AUC and C max . The model-
predicted C max and AUC ratios were 1.671- and 2.101-fold respec-
tively, which were consistent with observed values in the clinical DDI 
study [19]. The corresponding results are also presented in Table 4. 
These results collectively indicate that the model can reasonably predict 
the drug-drug interaction between GP1707D07 and itraconazole, a 
strong CYP3A4 inhibitor.

3.3.2. Exposure changes of GP1707D07 with and without the CYP3A4 
moderate inhibitors (fluconazole, verapamil) and weak inhibitors 
(cimetidine, fluvoxamine)

PBPK models for moderate and weak CYP3A4 inhibitors were suc-
cessfully established and validated (Fig. S1E)-T), Table S8), with key 
model parameters documented in Tables S2–S5 and demographic in-
formation of virtual population and dosage regimens presented in 
Table S7. These verified models were subsequently applied to simulate 
clinically untested DDI scenarios for GP681 during co-administration 
with moderate and weak CYP3A4 inhibitors. The dosing regimens 
implemented in these DDI simulations are detailed in Tables S10–S13. 
The resulting pharmacokinetic parameters for GP1707D07 and the 
corresponding exposure ratios (with vs. without inhibitor co-
administration) are comprehensively presented in Table 5. The 
concentration-time profile of GP1707D07 when co-administered with 
moderate and weak CYP3A4 inhibitors is presented in Fig. 5.

The results demonstrated significant exposure increases of 
GP1707D07 when co-administered with moderate CYP3A4 inhibitors. 
Fluconazole co-administration elevated GP1707D07 C max and AUC to 
1.509-fold and 2.820-fold of monotherapy values, respectively, while 
verapamil co-administration resulted in increases to 1.645-fold (C max ) and 
2.347-fold (AUC). These exposure enhancements were comparable to 
those observed with the strong inhibitor itraconazole. In contrast, weak 
CYP3A4 inhibitors exhibited minimal pharmacokinetic impact: cimeti-
dine co-administration increased GP1707D07 C max and AUC to 1.031-fold 
and 1.041-fold, respectively, and fluvoxamine co-administration pro-
duced increases to 1.075-fold (C max ) and 1.050-fold (AUC).

In summary, the PBPK model demonstrated strong predictive per-
formance for CYP3A4-mediated drug interactions, successfully vali-
dating against clinical DDI data and providing reliable predictions for 
untested scenarios. The results underscore the need for clinical moni-
toring and potential dose adjustments when GP681 is used concomi-
tantly with CYP3A4 inhibitors, particularly those of strong and 
moderate potency.

4. Discussion

This study successfully developed and validated a comprehensive 
parent-metabolite PBPK model for the novel influenza PA inhibitor 
prodrug GP681 and its active metabolite GP1707D07. Leveraging this 
model, we systematically predicted the DDI potential between GP681

and a spectrum of CYP3A4 inhibitors, ranging from strong to weak. The 
findings provide crucial quantitative insights into the exposure risks 
associated with concomitant use, directly addressing a critical gap in the 
clinical development pathway of GP681 and offering a scientifically 
robust framework for guiding its safe and effective clinical deployment. 
For the first time, this research integrates multi-dimensional parameters, 
including prodrug conversion kinetics, metabolic enzyme inhibition 
effects, and virtual population variability. This approach not only ad-
dresses the existing gap in clinical DDI data for GP681 but also estab-
lishes a methodological framework for studying drug interactions 
involving complex metabolic pathways. By validating the concordance 
between model predictions and clinical observations, this work un-
derscores the utility of PBPK modeling in guiding antiviral combination 
therapies and lays the foundation for future personalized dose optimi-
zation and risk stratification strategies.

The primary strength of this research lies in the establishment of a 
robust dual PBPK model capable of simultaneously capturing the phar-
macokinetics of the prodrug GP681 and its active metabolite 
GP1707D07, along with their intricate metabolic interplay. In addition 
to the parameters determined experimentally, other data were opti-
mized using the built-in Parameter Identification Tool within PK-Sim. 
The AADAC CL int was optimized to 15 μL/min/pmol to characterize 
the rapid in vivo conversion of the prodrug GP681 to its active metab-
olite GP1707D07, resulting in prodrug concentrations consistently 
below the lower limit of quantification (LLOQ). Furthermore, the GFR 
fractions for both GP681 and GP1707D07 were set to 1 to characterize 
their renal excretion as a physiological process. Concurrently, the opti-
mized f u value for GP681 was determined to be 13%, while the experi-
mentally measured f u value for GP1707D07 was 2.7%. These values 
indicate a high degree of plasma protein binding for both the parent 
drug and its active metabolite. Notably, GP1707D07, the primary spe-
cies undergoing CYP3A4-mediated metabolism and consequently the 
entity central to the DDI process, exhibits particularly high protein 
binding, thereby increasing the potential for DDIs when co-administered 
with potent inhibitors.

Sensitivity analysis further reinforced model reliability by identi-
fying key parameters driving exposure metrics (e.g., GP681 lipophilicity 
and dissolution, AADAC CL int for conversion, CYP3A4 CL int and fu for 
GP1707D07 clearance), the sources of which were grounded in experi-
mental data or rigorous optimization against clinical observations. The 
successful prediction of the clinically observed DDI with the strong 
CYP3A4 inhibitor itraconazole, particularly the close agreement in the 
increase of GP1707D07 exposure (AUC ratio ~2.1-fold predicted vs 2.5-
fold observed, C max ratio ~1.67-fold predicted vs 1.22-fold observed), 
serves as the cornerstone for model qualification according to regulatory 
guidance [14]. While the absolute C max under co-administration was 
slightly overpredicted (fold error 2.161), the accurate prediction of the 
relative change (DDI ratio) is paramount for DDI risk assessment and 
supports the model's utility for extrapolation to co-administration with 
moderate and weak inhibitors.

The model confirmed the DDI results observed in clinical trials when 
GP681 was co-administrated with CYP3A4 strong inhibitor itraconazole. 
When the DDI model was applied to evaluate concomitant administra-
tion of GP681 with inhibitors of varying potency, comparable effects to 
those observed with the strong inhibitor itraconazole were observed for 
coadministration with the moderate inhibitor fluconazole and verap-
amil. In contrast, coadministration with the weak inhibitors cimetidine 
and fluvoxamine revealed no significant DDI impact. The magnitude of 
DDI effects is primarily governed by three key determinants [24–26]: (1) 
the inhibitor's inhibition constant (K i ), where lower K i values correlate 
with greater inhibitory potency; (2) the systemic concentration of the 
inhibitor, with elevated concentrations driving deeper metabolic inhi-
bition; and (3) the underlying inhibition mechanism, wherein 
time-dependent inhibition, recognized as mechanism-based inactiva-
tion, typically exerts substantially stronger effects than reversible 
competitive or non-competitive inhibition due to its irreversible nature.

Table 3
Comparison between the predicted and observed AUC and Cmax of GP1707D07 
after oral administration of GP681.

Dosing
regimens

C max (ng/mL) AUC (ng⋅h/mL)

Predicted Observed Ratio Predicted Observed Ratio

20 mg SD 
po

27.96 23.63 1.183 1587.37 1509.63 1.051

40 mg SD 
po

55.71 68.87 0.809 2421.97 3595.47 0.674

60 mg SD 
po

79.24 84.52 0.938 3131.70 4384.83 0.714

80 mg SD 
po

103.76 109.99 0.943 3925.91 5067.38 0.775

SD, single dose; po, orally.
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Fig. 3. Results of sensitivity analysis for GP1707D07, measured as the change of the predicted Cmax, AUC, and Tmax following a single 20 mg dose of GP681 tablet.
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Consequently, although the moderate inhibitor fluconazole exhibits a 
significantly higher K i value than the strong inhibitor itraconazole, its 
steady-state plasma concentrations in vivo substantially exceed those of 
itraconazole (Fig. 4B–. 5A). This elevated concentration compensates for 
its lower intrinsic potency, enabling its DDI effect to reach a level 
comparable to itraconazole. In contrast, the moderate inhibitor verap-
amil, compared to itraconazole, acts as a time-dependent inhibitor of 
CYP3A4. This mechanism-based inactivation contributes to its ability to 
achieve a DDI impact magnitude similar to that of the strong inhibitor. 
Similar outcomes have been observed in the study by Ref. [22]. The 
model was calibrated to 20 mg data and CYP3A4 clearance was 
described using CL int (linear first-order clearance). Because CYP3A4 is a 
finite-capacity enzyme, higher hepatic substrate concentrations at 
40–80 mg may approach Km and induce partial saturation, causing 
clearance to fall below the linear prediction. This mechanism would 
explain the observed tendency of the model to underpredict AUC at 
higher doses. Additionally, the apparent systematic overestimation of 
the predicted GP1707D07 concentration-time profile in Fig. 4A is pri-
marily stems from inter-trial variability. The single-agent model was 
built using clinical data reporting a C max of 23.63 ng/mL, while the 
observed control data from the DDI trial showed a lower C max of 19.28 
ng/mL. This difference in baseline exposure likely reflects inherent 
variations between the two distinct study populations. Consequently, 
the apparent overprediction is largely attributable to this difference in 
baseline values rather than a structural flaw in the model, which accu-
rately captures the relative extent of the drug-drug interaction.

The FDA guidance [14] recommends a default no-effect boundary of 
80%–125%, a change in systemic exposure measure within which is 
considered not clinically significant. However, such a no-effect bound-
ary is generally considered very conservative for drugs that have wide 
safety margins. Based on the findings from the coadministration of 
GP681 with itraconazole, a modest increase in C max of the active 
metabolite GP1707D07 was observed. This outcome indicates that 
CYP3A4 inhibition primarily attenuates the elimination of GP1707D07 
rather than causing sharp concentration spikes. Furthermore, GP681 
demonstrates a wide therapeutic window and a favorable safety profile. 
Critically, the referenced clinical study revealed no additional safety 
concerns attributable to concomitant administration with itraconazole 
[12]. Therefore, clinical monitoring for adverse reactions is warranted 
when GP681 tablets are co-administered with strong CYP3A4 inhibitors 
(such as itraconazole) and certain moderate CYP3A4 inhibitors (such as 
fluconazole and verapamil). Dose reduction should be considered if

necessary.
The established PBPK model offers a robust and extensible platform 

for predicting a wider range of clinically relevant scenarios. Beyond 
assessing CYP3A4 inhibition, this framework can be directly applied to 
simulate interactions with CYP3A4 inducers (e.g., rifampin), forecast the 
pharmacokinetic outcomes of combination therapy with other antivirals, 
and predict exposure changes in special populations—such as pediatric 
patients, the elderly, or individuals with hepatic impairment—by incor-
porating specific physiological parameters. These potential applications, 
now discussed in the manuscript, underscore the model's significant 
translational value in guiding future clinical use and rational dose opti-
mization of GP681 across diverse therapeutic contexts.

5. Limitation

While the model demonstrated strong predictive capability, several 
limitations should be acknowledged. Firstly, the simplification of GP681 
hydrolysis to an AADAC-mediated process may limit extrapolation in 
populations or scenarios where CES2 or CES1 contributions are more 
pronounced; this assumption should be revisited in future model re-
finements. Secondly, the intrinsic clearance for CL int, AADAC was opti-
mized rather than directly measured; although validated across doses, 
absolute confidence in this parameter relies on the accuracy of the un-
derlying clinical data. Thirdly, hepatic/renal impairment, genetic 
polymorphisms in CYP3A4 or AADAC were not explicitly explored in 
this DDI context but represent important areas for future investigation 
using the established model framework.

6. Conclusion

This study underscores the power of mechanistic PBPK modeling as a 
critical tool in modern drug development. It efficiently addressed a 
significant clinical development gap for GP681 by providing quantita-
tive DDI risk assessment across inhibitor classes, circumventing the need 
for numerous resource-intensive clinical trials. The established dual 
PBPK model framework offers a valuable methodology for evaluating 
complex drug interactions involving prodrugs and active metabolites, 
ultimately contributing to the safer and more effective clinical deploy-
ment of GP681 and similar therapeutics. Future work should focus on 
exploring the impact of patient factors (e.g., organ impairment, phar-
macogenetics) and applying the model for personalized dose optimiza-
tion strategies.

Fig. 4. Predicted and observed plasma concentration-time profiles of GP1707D07 following administration of A) GP681 tablets (20 mg single dose) alone; B) co-
administrated with itraconazole (200 mg once daily); and C) plasma concentration-time profiles of itraconazole and GP1707D07 following co-administration. 
The black solid line represents the arithmetic mean of the predicted plasma concentration of GP1707D07. The pink shaded area denotes the 5th–95th percentile 
prediction interval for GP1707D07, while the purple shaded area indicates the 5th–95th percentile prediction interval for the prodrug GP681. The orange solid line 
represents the arithmetic mean of the predicted plasma concentration of itraconazole. The yellow shaded area denoted the 5th–95th percentile prediction interval for 
itraconazole. Circle dots and error bars represent the observed mean plasma concentration of GP1707D07 and standard deviation, respectively.
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Fig. 5. Model-predicted plasma concentrations of GP1707D07 and the inhibitors, along with comparative concentration-time profiles of GP1707D07 following 
GP681 monotherapy versus coadministration with the corresponding inhibitors, for the moderate CYP3A4 inhibitors A) fluconazole and C) verapamil, and the weak 
inhibitors E) cimetidine and G) fluvoxamine, are presented in panels B, D, F, and H, respectively.
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