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Background: Model-informed individualized dosing of imipenem is required for critically ill patients due to high infection mortality 
and large pharmacokinetic (PK) variability. This study aims to externally evaluate the predictive performance of available imipenem 
pharmacokinetic (popPK) models to facilitate clinical application.
Methods: A multicenter dataset of 152 ICU patients (201 concentrations) was used for the external validation of 9 popPK models. 
Model performance was investigated for prediction- and simulation-based diagnostics and Bayesian forecasting. The median relative 
prediction error (rPEmedian), median absolute relative prediction error (rAPEmedian), and NPDE were calculated to quantify accuracy 
and precision.
Results: Model predictive performance exhibited heterogeneity. Priori prediction showed wide rPEmedian ranges, and only 3 models 
were within ± 15%. Moreover, the priori predictions of all models failed to demonstrate satisfactory performance in terms of both F20 
and F50. Notably, Bayesian forecasting incorporating TDM data significantly improved accuracy, with four models demonstrating 
superior performance in terms of rPEmedian and F50. Predictive performance was poorer in patients with renal function impairments. 
Simulation diagnostics revealed systematic bias across all models. In general, the Truong et al (2025) model performed better than the 
other models.
Conclusion: Available imipenem popPK models for adult critically ill patients were unsatisfactory in predictive performance, and the 
Truong et al (2025) model performed best among all models. The integration of Bayesian forecasting with therapeutic drug monitoring 
(TDM) data significantly improved predictive accuracy, suggesting that the synergistic use of the popPK model and TDM may 
optimize clinical dosing decisions and potentially improve clinical outcomes.
Keywords: population pharmacokinetics, imipenem, external validation, Bayesian forecasting, therapeutic drug monitoring

Introduction
Severe infections in critically ill patients pose a formidable clinical challenge in the intensive care unit (ICU).1,2 

According to an epidemiological survey, 54% of ICU patients had suspected or confirmed infection, of whom 22% 
had ICU-acquired infections; moreover, approximately 70% received at least one antibiotic.3 It was associated with high 
mortality, and the dosing of antibiotics would be challenging due to the highly heterogeneous pharmacokinetics (PK) and 
pathophysiologically unstable nature of the patient population themselves.4 Nevertheless, antibiotic therapy in clinical 
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practice remains largely empirical and standard dosing, and this approach may be inadequate for the management of 
complex cases. Therefore, precision dosing strategies guided by pharmacokinetic/pharmacodynamic (PK/PD) principles 
and integrated with therapeutic drug monitoring (TDM) have emerged as a cornerstone for optimizing antibiotic efficacy 
while mitigating toxicity.5

Imipenem, the first marketed carbapenem antibiotic, is utilized clinically for the treatment of severe infections caused 
by a broad spectrum of pathogens, including aerobic and anaerobic bacteria, as well as for early empirical therapy when 
the causative pathogen is unidentified.6 The PK/PD target of imipenem is primarily characterized by fT>MIC (the time 
fraction of the free drug concentration exceeding the bacterial minimum inhibitory concentration during the dosing 
interval). The conventional efficacy threshold is generally defined as at least 40% fT>MIC, whereas a more intensive target 
of 100% fT>1-4×MIC is required in critically ill patients.7 Marked interindividual variability in the drug’s PK, specifically 
in its distribution volume and total clearance, is driven by the dynamic pathophysiological changes commonly seen in 
this population, such as aggressive fluid resuscitation and rapidly fluctuating renal function.8,9 Consequently, empirical 
dosing regimens risk either subtherapeutic or supratherapeutic exposures. Subtherapeutic exposure is directly linked to 
therapeutic failure and poor outcomes, while excessive exposure increases the risk of adverse effects, such as central 
nervous system toxicity.10,11

Although progress has been made in population pharmacokinetic (popPK) studies of imipenem, with several models 
developed to guide individualized dosing, significant limitations persist in the existing models. Many are derived from 
single-center studies with small sample sizes, where parameter estimates may be influenced by specific population 
characteristics, limiting their generalizability.12–14 Moreover, the vast majority of these models have only undergone 
internal validation for performance evaluation, lacking rigorous external validation using independent cohorts.15 The 
absence of external validation casts doubts on the models’ predictive performance and robustness when applied to 
patients from different medical centers or with distinct pathophysiological features, thereby hindering their translation 
into clinical decision-support tools.

To ensure reliable generalizability and enable the selection of the popPK model for precision dosing in clinical 
practice, this study conducts a multicenter systematic external validation of published imipenem popPK models using 
multicenter data. We will quantitatively assess the predictive accuracy of each model in an independent multicenter 
cohort of critically ill patients to determine its applicability in a new population, laying a solid foundation for ultimately 
developing precise dosing strategies applicable to a broader ICU patient population.

Methods
Evaluation Dataset
Patients were retrospectively included from across four tertiary hospitals if they met the following eligibility criteria: (a) 
patients admitted to the ICU; (b) received imipenem treatment due to confirmed or suspected infections; and (c) patients 
had at least one TDM data point of imipenem. The exclusion criteria were as follows: (a) aged under 18 years; (b) urinary 
tract infections; (c) treated with continuous renal replacement therapy (CRRT); and (d) essential clinical data were 
incomplete.

The following variables were extracted from hospital information systems: age, sex, body weight (BW), body mass 
index (BMI), albumin (ALB), serum creatinine (SCR), creatinine clearance estimated by the Cockcroft-Gault equation 
(CLcrCG), estimated glomerular filtration rate (eGFR), extracorporeal membrane oxygenation (ECMO) support, daily 
imipenem dosage, plasma drug concentrations, and precise timing of drug administration and blood sampling. Sampling 
points comprised peak, trough, and opportunistic plasma concentrations. Plasma concentrations were determined by the 
laboratories of each hospital using liquid chromatography-tandem mass spectrometry (LC-MS), with a lower limit of 
quantification of 0.5 μg/mL. The study protocol was approved by the ethics committee of Sir Run Run Shaw Hospital, 
School of Medicine, Zhejiang University (reference number 2025–1193). Informed consent was waived as part of the 
approval.
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Evaluation of Population Pharmacokinetic Models for Imipenem
We have previously completed a systematic review of imipenem popPK models.15 During the model screening process 
for external validation, several published models were excluded based on predefined criteria. The primary reasons for 
exclusion were as follows: (1) enrollment of pediatric or adolescent populations (younger than 18 years); (2) the 
covariates incorporated in the model did not align with our dataset; and (3) the structural model equations were either 
inapplicable or the key modeling information was missing.

External validation was performed using the NONMEM software (version 7.4), and the results were analyzed using 
R software (version 4.4.0). For each model, the structural model, parameterization, inter-individual variability model, 
residual error model, and covariate equations were extracted from the original publication and implemented accordingly 
(Table S1). No additional inter-occasion variability or dosing variability was incorporated during the external validation, 
and no data splitting was performed. Each popPK model was assessed under three methods of external validation:

(1) Priori prediction: all imipenem concentrations were predicted using solely dosing records and baseline patient 
covariates;

(2) Bayesian prediction: Bayesian prediction was performed by incorporating the first TDM concentration from each 
subject as prior individual information. Bayesian forecasting was implemented in NONMEM with MAXEVAL = 0, such 
that the published population parameters and variability structure were fixed and not re-estimated.

For both a priori and Bayesian prediction, a numerical comparison between predicted and observed imipenem plasma 
concentrations (Cpred and Cobs) was conducted to quantify the model-specific relative prediction error (rPE) across the 
overall evaluation dataset and within each study. The rPEmedian within ± 15% represents the good predictive accuracy of 
the model. The median relative prediction error (rPEmedian) and median absolute relative prediction error (rAPEmedian) 
were calculated to assess accuracy and precision using the following equations.

F20 and F50 represent the percentage of all individual rPE values in the range of ± 20% and ± 50%, respectively. 
Predefined criteria for good predictive performance were as follows: rPEmedian within ± 15%, F20 > 35%, and F50 > 
50%.16

(3) Simulation-based diagnostics using normalized prediction distribution errors (NPDE) were performed, which 
involved Monte Carlo simulations (n = 1000) for each model. Under the null hypothesis, NPDE should follow a standard 
normal distribution, N (0,1). Model adequacy was assessed using the Wilcoxon signed-rank test for mean deviation, 
Fisher’s variance test for variance deviation, Shapiro–Wilk test for normality, and a global test with Bonferroni 
correction. Graphical evaluation included the histogram, quantile-quantile plot, NPDE versus time after dose, and 
NPDE versus PRED.

Results
Patient Baseline Characteristics and popPK Models
A total of 152 ICU patients with 201 imipenem plasma concentration-time measurements were finally included and the 
demographic details are shown in Table 1. The cohort had a median age of 68.0 years, a median body weight (BW) of 
63.3 kg, and a median CLcrCG of 77.2 mL/min. Notably, two individuals in the study underwent extracorporeal 
membrane oxygenation (ECMO) therapy. Imipenem was administered at loading daily doses ranging from 0.5 g to 3 
g, with a median observed plasma concentration of 1.8 μg/mL.

Nine popPK models were identified for external validation, comprising one one-compartment model and eight two- 
compartment models (Tables S1 and S2).13,17–24 The typical population estimates for clearance (CL) ranged from 4.79 to 
15.31 L/h, while the central volume of distribution (V1) varied between 11.1 and 41.23 L. Among these models, only 
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a single study incorporated estimated glomerular filtration rate calculated by the CKD-EPI equation (eGFRCKD-EPI) as 
a covariate in the final model; the remaining models utilized CLcr in their final covariate selection.

External Validation
Priori prediction and Bayesian prediction were performed to assess the model performance, and a schematic diagram of 
the process is shown in Figure 1. The detailed results are shown in Figure 2, and a summary is shown in Table 2 and 
Figure S1. Priori predictions exhibited substantial bias (rPEmedian: −157.57% to 45.08%), and only the Nguyen et al 
(2021),19 Wang et al (2024),23 and Truong et al (2025)24 models had rPEmedian values within ± 15%. The Truong et al 
(2025)24 model had the largest F50, but no a priori predictions achieved F20 > 35% or F50 > 50%. Bayesian forecasting 
markedly improved predictive performance compared to priori approaches. It achieved ± 15% rPEmedian in the 
Jaruratanasirikul et al (2021),20 Dinh et al (2022),21 Bai et al (2024),22 and Truong et al (2025)24 models, with Bai 
et al (2024)22 model showing the smallest absolute error (−2.88%). Jaruratanasirikul et al (2021),20 Dinh et al (2022),21 

Bai et al (2024),22 and Truong et al (2025)24 models all achieved F50 > 50% (51.11%, 53.33%, 53.33%, and 53.33%, 
respectively), although F20 values remained below 35% across all models (range: 15.56–28.89%). Overall, priori 

Table 1 Summary of the Baseline Population Characteristics in the External Evaluation Dataset

Characteristics All Center A Center B Center C Center D

Patient, n 152 71 15 40 26

Plasma sample, n 201 88 28 41 44

Age, median (Q1, Q3) 68.0 (58.3, 74.8) 68.7 (58.5, 72.7) 70.0 (61.0, 79.3) 70.0 (61.0, 78.0) 60.4 (46.8, 72.1)

Sex, n (female/male) 50/102 27/44 3/12 11/29 9/17

BW (kg), median (Q1, Q3) 63.3 (55.0, 70.0) 65.0 (59.5, 75) 62.0 (60.0, 64.3) 59.0 (50.0, 70.0) 63.3 (53.6, 63.3)

BMI (kg/m2), median (Q1, Q3) 22.9 (20.3, 24.7) 23.4 (21.4, 26.1) 22.9 (19.6, 23.9) 22.5 (18.4, 24.2) 22.0 (20.3, 24.7)

ALB (g/L), median (Q1, Q3) 31.2 (28.4, 35.1) 33.5 (30.7, 36.9) 30.1 (28.0, 33.4) 28.7 (27.0, 30.8) 31.1 (28.7, 36.5)

SCR (μmol/L), median (Q1, Q3) 69.0 (51.0, 84.0) 73.1 (60.0, 86.0) 92.0 (80.5, 108.5) 62.0 (47.0, 80.0) 51.5 (42.0, 64.0)

CLcrCG (mL/min), median (Q1, Q3) 77.2 (56.9, 105.4) 72.8 (60.7, 95.7) 56.9 (40.8, 63.4) 70.7 (50.2, 112.9) 119.7 (87.7, 145.5)

eGFR (mL/min*1.73m2) 95.6 (76.5, 109.2) 93.6 (75.5, 101.9) 68.9 (62.7, 89.8) 96.3 (80.83, 112.2) 112.9 (100.9, 121.42)

ECMO, n (%) 2 (1.3%) 1 (1.4%) 0 0 1 (3.8%)

Daily dosing (g), median (range) 2 (0.5–3) 2 (0.5–3) 1.5 (1–2) 1.75 (0.5–3) 1.5 (1.5–3)

Plasma imipenem conc. (μg/mL), median (Q1, Q3) 1.8 (0.86, 4.08) 1.72 (0.91, 4.62) 3.9 (1.9, 7.4) 1.11 (0.5, 2.8) 1.83 (0.95, 3.25)

Abbreviations: BW, Body weight; BMI, Body mass index; ALB, Albumin; SCR, serum creatinine; CLcrCG, clearance creatinine estimated by Cockcroft and Gault equation; 
eGFR, estimated glomerular; ECMO, extracorporeal membrane oxygenation; Plasma imipenem conc., Plasma imipenem concentration.

Figure 1 Schematic diagram of the external validation.
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Figure 2 Bland-Altman plot of the external validation of the popPK model. (A) stands for Priori prediction and (B) for Bayesian forecasting. Red dashed lines are the F20 
and F50. The rPE in the figure is the median value. 
Abbreviations: Pred, predicted; Obs, observed.
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predictive performance was suboptimal but improved substantially with Bayesian prediction, with the Truong et al 
(2025)24 model having both a priori and Bayesian predictive performance.

Renal function (usually expressed as creatinine clearance) was a covariate of all models, and the model predictive 
performances stratified by renal function are shown in Tables 3, S3 and 4. For those with CLcr > 50 mL/min, the 
performance of a priori prediction was not improved compared to the whole population. Bayesian forecasting also led to 
improved predictive accuracy compared with a priori prediction, with the model by Truong et al (2025)24 demonstrating 
the highest F50 of 59.46%. For patients with impaired renal function (50 mL/min > CLcr > 30 mL/min or CLcr < 
30 mL/min), all models had poor predictive performance, and most models had a large rPEmedian in these patients. In 
terms of Bayesian prediction performance, there were insufficient data to draw a conclusion.

We performed simulation-based validation for these models, and the detailed NPDE results are shown in Table S5, 
Figures 3 and S2. Mean NPDE values were close to zero and lacked significant bias in Nguyen et al (2021),19 

Jaruratanasirikul et al (2021),20 Truong et al (2025),24 and Wang et al (2024)23 studies. None of the models achieved 
variance equal to one, and all failed the global goodness-of-fit assessment (P  <  0.01). Q-Q plot analysis revealed that 
only the Jaruratanasirikul et al (2021),20 Bai et al (2024),22 and Truong et al (2025)24 models closely matched the 
expected theoretical distribution, while the others exhibited pronounced deviations and systematic patterns (Figures 3 and 
S2). In summary, although no model met the criteria for satisfactory simulation-based diagnostic performance, the 
models from Truong et al (2025)24 demonstrated relatively superior distributional alignment.

Table 2 Summary of the Predictive Performance of Different Models

Model Author and Year Priori Bayesian

rPEmedian (%) rAPEmedian (%) F20 (%) F50 (%) rPEmedian (%) rAPEmedian (%) F20 (%) F50 (%)

1 Couffignal et al (2014)17 −74.82 105.96 10.45 29.35 −38.29 60.24 17.78 48.89

2 Chen et al (2020)18 −157.57 157.67 4.98 8.96 −15.74 60.00 20 46.67

3 Nguyen et al (2021)19 0.77 93.09 14.43 27.86 −51.73 95.60 22.22 33.33

4 Jaruratanasirikul et al (2021)20 −19.4 73.89 12.44 33.83 −6.19 48.19 26.67 51.11

5 Por et al (2021)13 45.08 81.50 12.44 30.85 44.24 55.87 22.22 48.89

6 Dinh et al (2022)21 24.22 76.85 14.43 35.82 −13.65 47.54 15.56 53.33

7 Bai et al (2024)22 22.53 72.97 17.41 35.82 −2.88 37.93 28.89 53.33

8 Wang et al (2024)23 −0.69 77.18 13.93 33.83 34.04 50.19 22.22 48.89

9 Truong et al (2025)24 −8.8 67.01 12.94 36.82 −12.43 48.89 24.44 53.33

Abbreviations: MPE, median prediction error; MAPE, median absolute prediction error; F20, F50, the percentage of PE% within 20% and 50%.

Table 3 Prediction Performance of Published popPK Models for Patients with CLcr > 50 mL/min

Model Author and Year Priori Bayesian

rPEmedian (%) rAPEmedian (%) F20 (%) F50 (%) rPEmedian (%) rAPEmedian (%) F20 (%) F50 (%)

1 Couffignal et al (2014)17 −52.4 93.60 11.18 32.3 −33.24 45.75 18.92 51.35

2 Chen et al (2020)18 −155.23 155.23 5.59 10.56 −12.14 50.83 18.92 48.65

3 Nguyen et al (2021)19 0.64 97.56 11.8 24.22 −51.73 95.60 24.32 35.14

4 Jaruratanasirikul et al (2021)20 −18.38 76.98 11.8 32.92 −7.72 48.19 21.62 51.35

5 Por et al (2021)13 56.89 81.50 12.42 29.19 48.05 55.87 21.62 48.65

6 Dinh et al (2022)21 31.28 84.72 13.66 34.16 −13.65 44.68 13.51 56.76

7 Bai et al (2024)22 26.03 74.51 16.15 34.78 −2.88 37.60 29.73 56.76

8 Wang et al (2024)23 15.5 74.45 14.29 32.92 38.15 47.35 24.32 51.35

9 Truong et al (2025)24 0.98 66.94 14.91 36.65 −12.43 38.54 24.32 59.46

Notes: Npriori_plasma_sample = 161, Nbayesian_plasma_sample = 37. 
Abbreviations: MPE, median prediction error; MAPE, median absolute prediction error; F20, F50, the percentage of PE% within 20% and 50%.
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Figure 3 NPDE graphics of the three popPK models. Distribution of NPDE values (histogram and quantile-quantile plot) and model diagnostic scatter plots of NPDE vs time 
and NPDE vs predicted concentration (predicted DV). Prediction intervals are shown as colored areas: blue bands represent the 5th and 95th prediction intervals, and the 
pink band indicates the median prediction. 
Abbreviation: NPDE, normalized prediction distribution errors.
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Discussion
To our knowledge, this represents the first comprehensive external evaluation of previously published popPK models for 
imipenem in critically ill patients which employs prediction- and simulation-based diagnostics to assess the accuracy and 
precision of the selected models.15 Unfortunately, all validated models had unsatisfactory predictive performance, although 
Bayesian prediction could elevate the prediction accuracy. The Truong et al (2025)24 model performed best among all models. 
It should be emphasized that this work is not intended to challenge previously published popPK models, but rather to validate 
their external generalizability and practical applicability. Taken together, our findings support the need for an imipenem 
popPK model combined with TDM to enable precision dosing in critically ill patients.

In this study, data were collected from four tertiary hospitals located in different regions of China, representing a diverse ICU 
patient population. The multicenter design enhances the generalizability of our findings and helps mitigate potential center- 
specific biases.25,26 By comparing priori prediction and Bayesian forecasting, the model by Truong et al (2025)24 was identified 
as the most robust. This model was developed using data from 151 patients and 322 blood samples, including both critically ill 
and non-critically ill individuals. Such a design allows the model to account for PK differences between these populations, 
thereby improving its predictive accuracy in critically ill patients. The favorable external validation performance of Truong et al 
(2025)24 may be partly attributable to the similarity between the external validation cohort of critically ill patients and the model- 
building dataset. The ample sample size further supports robust modeling of dynamic PK changes in this group. Importantly, the 
model was externally validated in two independent datasets, a critical step to assess generalizability and clinical utility, minimize 
overfitting, and ensure reliable performance across different centers and patient populations.27,28

Notably, most models included only CLcr as the primary covariate, with a few additionally incorporating body weight 
and ALB, but failed to systematically account for other variables reflecting the complex pathophysiology of critically ill 
patients, such as inflammation, organ function, disease severity, and large-volume fluid resuscitation. This limited covariate 
structure restricts the model’s ability to explain PK variability, particularly in the highly heterogeneous critically ill 
population. Regarding structural model selection, Nguyen et al (2021)19 employed a one-compartment model. However, 
for critically ill patients with complex drug distribution and elimination processes, a one-compartment model may 
inadequately characterize in vivo dynamics, thereby compromising model fit and predictive performance. Furthermore, 
most models lacked external validation, which weakens generalizability to new patient populations or clinical settings.

Since imipenem is primarily eliminated via the kidneys, this study further evaluated the predictive performance of various 
models across different renal function strata. The results indicated no significant improvement in predictive performance for 
any model in the population with CLcr > 50 mL/min. This suggests that in patients with normal renal function, other important 
covariates may not have been adequately considered, thereby limiting the improvement in predictive accuracy within this 
subgroup. In patients with impaired renal function, the predictive accuracy of all models declined markedly. Under conditions 
of renal insufficiency, compensatory changes in non-renal clearance pathways may occur, and key parameters such as protein 
binding and volume of distribution can be altered by hypoalbuminemia or the accumulation of endogenous solutes.29,30 This 
uncertainty is compounded by the frequent presence of multiple organ dysfunction and concomitant medications in these 
patients.31 Furthermore, renal function in critically ill patients is often dynamic in clinical practice, and CLcr estimated from 
serum creatinine may not accurately reflect the true glomerular filtration rate, posing additional challenges for the clinical 
application of these models.32 Therefore, future model development should consider incorporating more comprehensive 
covariates reflecting the overall patient condition and strengthening data collection and model validation in special populations 
to enhance the generalizability and clinical utility of popPK models.

The NPDE results revealed significant bias in all models during simulation-based diagnostics. This finding aligns with 
previous external evaluations of popPK models for antibiotics in critically ill populations, which have consistently shown that 
published models exhibit considerable variability in predictive performance and often fail to generalize to broader patient 
cohorts.16,33 Of note, Bayesian forecasting can leverage available drug concentrations to adjust subsequent dosing regimens, 
thereby improving individual-level predictive performance to a certain extent.34 This finding suggests that incorporating 
individual concentration feedback may facilitate the optimization of individualized dosing strategies in clinical practice. 
Moreover, it underscores the need for future model development to prioritize external validation, thereby enhancing model 
applicability in real-world clinical settings.
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This study has several limitations. First, due to the unavailability of certain clinical characteristics or key covariate 
data for some models, these models were not included in the present analysis. Therefore, it cannot be ruled out that some 
of these excluded models may demonstrate superior performance. Second, the currently available TDM data for Bayesian 
forecasting are relatively limited. Given prior evidence that two TDM samples outperform a single sample under 
continuous infusion, the use of only one sample may have limited evaluation of individualized predictive 
performance.35 Future popPK studies should optimize TDM sampling strategies and fully integrate TDM data to enhance 
the practical value of models in precision dosing.

Conclusion
In conclusion, this study conducted an external evaluation of nine published imipenem popPK models using multicenter 
data. These models exhibited considerable variability in predictive performance among critically ill patients, and the 
Truong et al (2025) model performed best among all models. Meanwhile, integration of TDM data may further improve the 
robustness and individualized predictive performance of models, thereby better supporting precision dosing and the balance 
between efficacy and safety in critically ill patients. Future studies should focus on developing more robust popPK models 
with richer covariate characterization to provide a more reliable basis for precision dosing in clinical practice.
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