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Abstract 17 

Automated pharmacokinetic model building requires predefined criteria for model evaluation to rank candidate 18 

models and guide model selection. Evaluation criteria that rely on a single metric or are excessively stringent may 19 

bias the model toward overfitting or toward an oversimplified structure. Therefore, an appropriate fitness function 20 

is needed to enable comprehensive evaluation across multiple dimensions while balancing potential trade-offs 21 

among these criteria. This study aimed to systematically assess the model evaluation metrics commonly used in 22 

population pharmacokinetic (PopPK) modeling and to identify a fitness function for algorithm-driven model 23 

development. Binary and step penalty designs were compared for model selection performance. To this end, 48 24 

datasets were simulated based on optimal design, and an exhaustive search approach was used to test all candidate 25 

models in the predefined model space. This allowed the original model structure captured in the simulated datasets 26 

to serve as the reference, and enabled assessment of the function's ability to recover that structure within a 27 

complete search space. The results indicate that the relative standard error (RSE) of parameter estimates, eta-28 

shrinkage, and the omega values of inter-individual variability are key evaluation metrics for accurately 29 

identifying the true model and the step penalty was more robust than the binary penalty in selecting model 30 

structure. Based on these findings, this study proposes a fitness function combining BIC with threshold-based step 31 

penalties. The fitness function could play a central role in automated PopPK model building and provide insights 32 

for conventional model selection.  33 

 34 

 35 

 36 



Introduction 37 

Nonlinear mixed-effect (NLME) models have become a predominant approach for population pharmacokinetic 38 

(PopPK) analysis to characterize typical drug behavior and quantify inter-individual variability [1, 2]. 39 

Conventional model development often requires extensive manual intervention and expert adjustment, resulting 40 

in a time-consuming process. Consequently, automated NLME modelling has received increasing attention and is 41 

gradually being adopted in practice [3–10]. In general, these algorithms formulate model development as a search 42 

process over a predefined model space. Candidate models are constructed from predefined model features, 43 

assessed for their quality, and then iteratively updated according to a search strategy to identify the model that 44 

best describes the observed data.  45 

A central issue in this search process is how model quality is evaluated to choose the “best” model. In manual 46 

modelling, model evaluation entails a comprehensive assessment including goodness-of-fit diagnostics, 47 

simulation-based diagnostics, assessment of parameter estimate precision and consideration of physiological 48 

plausibility [1, 2, 11]. Empirical thresholds are often used to assess parameter precision, with the relative standard 49 

errors (RSEs) for typical parameters generally expected to be below 20-30% [12, 13] and inter-individual 50 

variability (IIV) shrinkage below 20-30% [14]. In practice, modelers may accept relatively high RSE values under 51 

certain circumstances. For example, an RSE of up to 60% was ever accepted [15] in light of the overall model 52 

performance. However, automated modelling cannot rely on experience and flexible judgement without a human-53 

in-the-loop. Algorithm-driven processes need a clear and rigid core optimization objective, namely a fitness 54 

function. The fitness function assesses the quality of each candidate solution or model by mapping it to a 55 

comparable numerical value, which enables comparison and ranking, and guides selection and updates [16].  56 

For fitness function design, one common approach is to base model selection solely on information criteria such 57 

as the Akaike information criterion (AIC) [5] or the Bayesian information criterion (BIC) [9]. Although these 58 

criteria explicitly trade off goodness of fit against model complexity, they do not account for parameter precision 59 

or plausibility of parameter estimates themselves. Alternatively, the fitness value can be derived from the objective 60 

function with additional penalty terms to incorporate constraint violations [17]. Penalty terms such as convergence 61 

failure, unsuccessful covariance step, IIV correlations exceeding 0.95, and shrinkage exceeding 70% have been 62 

incorporated into previous fitness functions [3, 6]. Penalties were imposed in a binary fashion, determined solely 63 

by whether a given threshold was crossed. Strict binary penalties tend to bias model selection toward conservative 64 

outcomes [6]. Moreover, it has been argued that clear guidance on selecting an appropriate fitness function to 65 

balance model accuracy and complexity is lacking [18]. 66 

To address this, a penalty function with step-like characteristics was proposed [4]. Instead of using binary 67 

thresholds, it applied increasing penalties in discrete ranges. However, the thresholds and penalty magnitudes 68 

were first guided by domain expertise and then optimized using four clinical datasets. No research to date has 69 

systematically assessed the design of the fitness function itself and its performance in model selection or employed 70 

simulated optimal-design datasets, to provide ground truth benchmarks. Without exhaustive searches of the model 71 

space, one cannot guarantee that the model selected by a given fitness function is truly optimal, since unvisited 72 

regions of the space may contain better-fitting models that were never considered.  73 



The aim of this study was to develop a robust and interpretable fitness function framework to support automated 74 

PopPK model development. This framework has been incorporated into nlmixr2auto [19], a new open-source R 75 

package for automated PopPK model building and selection, where it serves as a model-evaluation component. 76 

The core objectives were to explore how each penalty term independently contributes to model selection, how 77 

different penalty magnitudes influence selection outcomes, and how binary versus step-penalty designs compare 78 

in their ability to identify the data-generating models, as well as to derive a practically implementable fitness 79 

function for model selection. 80 

Method 81 

Study workflow 82 

The overall framework for the design and evaluation of fitness functions is illustrated in Fig. 1. Simulated datasets 83 

were generated from 48 distinct nonlinear mixed-effect models using optimal sampling design. For each dataset, 84 

parameter estimation was performed exhaustively for all candidate models within the predefined search space, 85 

including 711 models for intravenous (IV) administration or 1422 models for oral routes. For fitness function 86 

design, candidate fitness functions were initially constructed under a binary penalty strategy by varying three 87 

information criteria (AIC, BIC, and objective function value (OFV)), eight penalty-term sets, eight penalty 88 

magnitudes. The step penalty designs were subsequently evaluated, and threshold sensitivity analyses were 89 

conducted to refine the choice of cutoff values. The model with the lowest fitness value under a given fitness 90 

function was identified as the best-fitted model. The best-fitted model was then compared to the original model, 91 

and then the retrieval rate of each model component was calculated across all 48 datasets.  92 

 93 

Fig. 1 Framework for the design and evaluation of fitness functions in automated PopPK model selection. RSE, 94 

relative standard error of theta (fixed-effect) parameters; omega, inter-individual variability (IIV) expressed as 95 

coefficient of variation (%CV); shrinkage, shrinkage of IIV estimates; sigma, residual unexplained variability; 96 

correlation, coefficient between IIV parameters 97 

Simulated datasets 98 

The 48 PK models comprised 24 intravenous and 24 oral models. Within each administration route, eight models 99 

were specified for each of the additive, proportional, and combined residual error models. Each set of eight models 100 



consisted of two one-compartment models, three two-compartment models, and three three-compartment models, 101 

which differed in their IIV configurations. For the intravenous one-compartment models, IIV was assigned either 102 

to clearance (CL) alone or jointly to CL and central volume of distribution (Vc). For the intravenous two- and 103 

three-compartment models, the three IIV configurations included IIV on CL and Vc, on CL and peripheral volume 104 

of distribution (Vp), or jointly on CL, Vc, Vp, and Q. The oral models followed the same overall design, except 105 

that the CL and Vc IIV configuration in one of the one-compartment models was extended to include absorption 106 

rate constant (Ka). 107 

All models share a set of parameter values. The CL and steady-state volume of distribution (Vss) were derived 108 

from the median values reported across more than 1,000 drug compounds in a reference study [20], with CL set 109 

to 18.9 L/h and Vss set to 63 L. Vss was used as the total volume of distribution to determine the individual 110 

compartment volumes, with Vss partitioned into Vc and Vp for the two-compartment model and into Vc, Vp1 and 111 

Vp2 for the three-compartment model. For the two-compartment model, the ratio Vc:Vp was 1:2, whereas for the 112 

three-compartment model, the ratio Vc:Vp1:Vp2 was 1:1:3. IIV variance was set at 30% on the CV scale for all 113 

parameters. The Q was set at 10 L/h. Additive error was set as 2ng/ml and proportional error was set at 20%. A 114 

single dose of 100 mg was administered across all models. 115 

An optimal design was applied to generate the sampling schemes. Sampling time points were determined with 116 

PopED [21] based on the D-optimality criterion, maximizing the determinant of the Fisher information matrix. 117 

The adequacy of the design was verified through re-estimation for parameters, requiring relative standard errors 118 

(RSE) below 20% for key parameters and shrinkage below 30%. The number of sampling points was increased 119 

stepwise from the minimum corresponding to the number of typical parameters, while the sample size started 120 

from 100 individuals. Expansion of sampling points or sample size was terminated once no further improvement 121 

in precision or shrinkage was observed. The characteristics of the simulated optimal design datasets are 122 

summarized in Supplemental Material 1 and the simulated datasets are provided in Supplemental Material 2. 123 

Exhaustive search 124 

To evaluate the selection performance of the fitness functions, an exhaustive search was performed over the model 125 

space for each dataset. The model space was defined by the following factors: 126 

• Number of compartments (no. compartment): one-, two- or three-compartment models; 127 

• IIV specifications: configurations of IIV on Vc, Vp, Vp2, Q, and Q2; 128 

• IIV covariance structure: independent (diagonal IIV covariance matrix), assuming independence across 129 

IIV terms or unstructured, allowing correlation among all IIV terms; 130 

• Elimination type: first-order elimination or Michaelis–Menten kinetics; 131 

• Residual error models: additive, proportional, or combined. 132 

All candidate models included IIV on CL or maximum elimination rate (Vmax) by default to ensure at least one 133 

IIV component per model. Under this specification, the search space comprised 711 intravenous and 1422 oral 134 

candidate models. 135 

Fitness function design 136 



The fitness functions used in this study follow a penalty-based formulation [17], combining a baseline objective 137 

criterion with penalty terms that reflect violations of predefined diagnostic criteria. Each penalty term is 138 

constructed as the product of a penalty weight and a function indicating whether, or to what extent, a diagnostic 139 

threshold is violated. The overall fitness value is obtained by summing the baseline criterion and all associated 140 

penalties. 141 𝐹𝑖𝑡𝑛݁(ܯ)ݏݏ = (ܯ)݁ݏܽܤ + ∑ ௠ெߣ
௠=1  142 .(ܯ)௠݌

Here, M denotes a candidate PopPK model evaluated. Base(M) denotes the model evaluation criterion (OFV, 143 

AIC, or BIC). λm is the penalty weight for the mth diagnostic criterion. pm(M) is the corresponding non-negative 144 

penalty function, which maps diagnostic violations to a penalty magnitude. 145 

Threshold-based constraints are imposed on three aspects:  146 

• Parameter boundaries: including fixed-effect parameters (THETA, population-level effects), inter-147 

individual variability parameters (OMEGA, variances of random effects expressed as coefficient of 148 

variation (CV%)), residual error parameters (SIGMA, including the standard deviation of the additive 149 

error σadd and the proportional error σprop) as well as correlations between IIV parameters. 150 

• Parameter quality diagnostic metrics: RSE % of fixed-effect parameters and shrinkage of IIV estimates. 151 

• Model run diagnostics: the successful completion of the covariance step. 152 

This study designed two schemes (Fig. 2) for the penalty term, a binary scheme that maps diagnostic violations 153 

to penalty magnitudes and a step-penalty scheme that assigns increasing penalty levels according to severity of 154 

the violation, as described below. 155 

156 

Fig. 2 Comparison of binary and step-penalty frameworks for diagnostic metrics. The binary penalty (A) applies 157 

a fixed penalty when diagnostic thresholds are crossed, based on a binary (0/1) indicator. The step penalty (B) 158 

introduces graded cutoffs, distinguishing between no penalty, mild violation, and severe violation, thereby 159 

reflecting different degrees of deviation in diagnostic metrics 160 

Binary penalty 161 



A single threshold is specified for each diagnostic criterion, and a fixed penalty is imposed once the threshold is 162 

crossed. The formulation is given as follows: 163 

𝐹𝑖𝑡𝑛݁ݏݏ = ݁ݏܽܤ + ∑ ோௌா௡ഇߣ
௜=1 ⋅ 1{ோௌா೔>20%} + ∑ ௌℎ௥௜௡௞௔௚௘௡ഘߣ

௝=1 ⋅ 1{ௌℎ௥௜௡௞௔௚௘ೕ>30%}
+ ∑ ఏ௡ഇߣ

௜=1 ⋅ 1{ఏ೔>ఏ೔್ ೚ೠ೙೏} + ∑ ஻ௌ௏ೕߣ
௡ഘ
௝=1 ⋅ 1{஻ௌ௏ೕ<10%}+ߣఙೌ೏೏ ⋅ 1{ఙೌ೏೏<0.001⋅஼೘೔೙} + ఙ೛ೝ೚೛ߣ ⋅ 1{ఙ೛ೝ೚೛<0.001}+ ∑ ఘ௡೎೚ೝೝߣ

௞=1 ⋅ 1{ఘೖ<0.1∨ఘೖ>0.8} + ௖௢௩ௌ௧௘௣ߣ ⋅ 1{covariance step failed}
 164 

Here, Base denotes the unpenalized objective function that represents model goodness-of-fit (OFV, AIC, or BIC). 165 

1{⋅} refers to the indicator function that takes the value of 1 when a diagnostic condition is satisfied and 0 otherwise. 166 

Each λ represents the corresponding penalty score. θi denotes the ith fixed-effect parameter, and nθ is the number 167 

of θi. RSEi is the relative standard error of the ith θ estimate. nω denotes the number of IIV parameters. Shrinkagej 168 

is the eta-shrinkage for the jth IIV parameter. BSVj denotes the between-subject variability (BSV) on the CV% 169 

scale, computed as ܵܤ ௝ܸ = 100√݁ఠೕ − 1. θi
bound denotes the predefined bound for the θi. Cmin refers to the average 170 

minimum observed concentration across subjects in the dataset. ncorr  is the number of unique correlation pairs 171 

between IIV parameters, and ρk denotes the kth correlation estimate between two IIV parameters. Covariance step 172 

failed indicates that standard errors could not be computed because the variance-covariance matrix of the 173 

parameter estimates was not successfully obtained. 174 

Diagnostic thresholds were defined with reference to the following considerations. The RSE of a typical 175 

parameter is considered insufficiently precise when it exceeds 25% [12]. A shrinkage of 30% or higher indicates 176 

substantial uncertainty in model estimation [14, 22]. An IIV of 10% CV is generally regarded as indicative of low 177 

variability [23], and has even been considered abnormally low variability [24]. The threshold for residual error 178 

parameters is set at σadd<0.001 times Cmin or σprop<0.001, given that the linear dynamic range of LC-MS/MS is 179 

typically about three orders of magnitude [25]. At this level, the residual error is close to the lower limit of 180 

quantification (LLOQ), where an additive error component at the LLOQ scale is not reliably supported by the 181 

data [26]. In addition, correlations between IIV parameters with coefficients less than 0.1 can generally be 182 

considered negligible or weak, following statistical interpretations [27]. In contrast, correlations exceeding 0.8 183 

suggest strong associations among random effects, indicating that they cannot be independently and reliably 184 

estimated in PopPK models [28]. For θ parameters, all estimates were required to remain finite. In addition, only 185 

Km (the Michaelis-Menten constant, representing the substrate concentration at which the metabolic rate reaches 186 

half of its maximum) was subject to a lower-bound constraint, as in practice [29, 30] estimates exceeding the 187 

observed concentration range suggest that saturation is not supported by the data . 188 

Under the binary penalty framework, fitness functions were constructed either by applying all penalty terms 189 

simultaneously (full penalty) or by activating a single penalty term in isolation (e.g., RSE only, shrinkage only) 190 

while holding all other terms at zero. These single-term configurations were designed to assess the individual 191 

contribution of each penalty term to model retrieval with penalty scores ranging from 10 to 400,000. 192 



Step penalty 193 

Building upon the binary penalty scheme, this study introduced a step penalty framework to distinguish different 194 

degrees of deviation in diagnostic criteria. Each diagnostic metric is divided into three regions: no penalty, mild 195 

violation, and severe violation, with the initial cutoff thresholds summarized in Table 1. Taking RSE as an example, 196 

the mild cutoff was set at 20% and the severe cutoff at 40%. The two cutoffs specified that RSE values at or below 197 

20% incurred no penalty, values above 20% but not exceeding 40% were treated as mild violations, and values 198 

above 40% were treated as severe violations. The mild violation default thresholds were adopted from the binary 199 

penalty scheme. Severe violation thresholds were optimized through local sensitivity analysis, where each 200 

candidate cutoff was adjusted individually while all others were kept fixed at their default value. The severe cutoffs 201 

for RSE and shrinkage were varied from 40 to 100% and from 50 to 100%, respectively, both in 10% increments. 202 

For omega values, the severe cutoff was explored across the range of 0-10%. In the residual error model, severe 203 

cutoffs were varied between 0 and 0.001 for σprop, and between 0 and 0.001 times Cmin for σadd. For IIV correlations, 204 

severe cutoffs were evaluated across the lower bound ranging from 0.01-0.05 and the upper bound ranging from 205 

0.8-1.0.  The strength of the mild penalty was also assessed, with values tested from 10 to 100 in increments of 206 

10. In addition, failure of the covariance step was directly assigned a severe penalty.  207 

Table 1  Initial cutoff thresholds for mild and severe violations 208 

Metric Mild cutoff Severe cutoff 

THETA -- RSE, % 20% 40% 

OMEGA -- value (CV%) 10% 0 

OMEGA -- η-shrinkage, % 30% 50% 

SIGMA -- σadd (rel. Cmin) 0.001 0 

SIGMA -- σprop 0.001 0 

Correlation -- lower (ρ) 0.1 0.05 

Correlation -- upper (ρ) 0.8 0.95 

Notes: RSE: relative standard error of THETA (fixed-effect) parameters; OMEGA value: inter-individual variability (IIV 209 

expressed as coefficient of variation (CV%); η-shrinkage: eta-shrinkage of IIV estimates; σadd: additive residual error (scaled 210 

relative to Cmin); σprop: proportional residual error; ρ: correlation coefficient between IIV parameters. 211 

Fitness function evaluation 212 

The performance of each fitness function was evaluated based on its ability to recover the original models across 213 

48 simulated datasets. Five evaluation metrics were defined, including structural model, IIV, residual error model, 214 

correlation model, and overall concordance across all dimensions. The IIV retrieval rate was calculated based only 215 

on datasets for which the structural model was correctly identified. For each fitness function, the selected models 216 

from 48 datasets were compared with the corresponding original models and retrieval rates defined as the number 217 

of correct identifications divided by the total were then calculated for each evaluation criterion. Stratified analyses 218 

were further performed to evaluate the retrieval rates across specific model components, including number of 219 

compartments (one-, two- or three-compartment), the presence or absence of M-M elimination, residual error 220 

model type (additive, proportional, or combined), and IIV groups (CL only; CL and Vc; CL, Vc and Ka; CL and 221 

Vp; CL, Vc, Vp and Q). 222 



Software 223 

All analyses were performed in R [31], and model parameter estimation was carried out using the nlmixr2 package 224 

[32], with parameter initialization facilitated by the nlmixr2autoinit [33]. 225 

Results 226 

Penalty term contributions under binary penalty design 227 

Fig. 3 presents the retrieval performance of the BIC-based fitness function for the full-penalty design and seven 228 

single-term designs, stratified by data type. In the single-term analyses, RSE, shrinkage, and omega values were 229 

the primary contributors, and the effects were component-specific. RSE improved structural identification in oral 230 

datasets, increasing overall retrieval from 88% at baseline to a peak of 92%, but then declining to 83% at higher 231 

penalties. For intravenous datasets, structural model retrieval remained consistently high, reaching 96%. 232 

Shrinkage enhanced both IIV and residual error model identification. The IIV retrieval rate increased from 59% 233 

in the absence of a penalty to 78% at the highest penalty, with a larger increase observed in intravenous datasets 234 

than in oral datasets, from 74% to 95% and 43% to 56%, respectively. Residual error model identification was 235 

also improved, with the overall retrieval rate increasing from 75% to 83%. Meanwhile, structural model 236 

identification decreased from 92% to 83%. Omega values also contributed to IIV identification, raising the overall 237 

retrieval rate to 80%, with rates of 86% and 72% for the intravenous and oral datasets. Correlation penalties 238 

provided only a slight improvement in correlation model identification, increasing retrieval from 96% to 98%. 239 

Little impact on other model components was observed when the remaining metrics were used alone.  240 

The full-penalty design demonstrated the best overall performance. For IIV component identification, retrieval 241 

performance further improved to 82%, reaching 91% in intravenous datasets and 71% in oral datasets. In terms 242 

of the residual error model, 79% of datasets were correctly identified. For correlation model identification, 243 

performance remained stable at 95% overall, with intravenous data at 100% and oral data at 90%. However, the 244 

decline in structural identification associated with RSE, shrinkage, and omega value penalties was also retained. 245 

Accordingly, structural model retrieval decreased from 92% without penalty to 89% at a score of 10 and further 246 

to 81% as the penalty increased. This is largely driven by oral datasets, in which the retrieval rate declined from 247 

88% to 78%. For penalty strength, the percentage of correctly identified models remains stable at penalty scores 248 

of 10000 or higher. 249 

The corresponding results for AIC-based and OFV-based fitness functions are provided in Supplemental 250 

Material 3, Figures 1 and 2. Both followed trends similar to those observed with BIC-based fitness functions, 251 

but the corresponding retrieval rates were lower. At a penalty of 10000 with the full-penalty design, the rates 252 

across all data were 86%, 76%, 75%, and 82% for the structural model, IIV model, residual error model, and 253 

correlation model, whereas the OFV-based fitness function achieved 81%, 79%, 79% and 85%. In addition to 254 

RSE, shrinkage, and omega value penalties, correlation and theta penalties also contributed to model identification. 255 

The benefit of the RSE penalty for structural model identification was more evident with OFV-based fitness 256 

functions, increasing retrieval from 60% without penalty to 75% with penalty. Correlation penalties mainly 257 

improved correlation model identification, increasing from 23% to 65% for the OFV-based fitness function and 258 

73% to 85%. With the introduction of the theta-value penalty, the structural model identification rate was 7 % 259 



higher under both AIC and OFV. Consistent with BIC-based results, shrinkage and omega mainly enhanced IIV 260 

and residual error identification, whereas structure identification declined by about 8%. 261 

 262 



Fig. 3 Retrieval performance under different binary penalty configurations with BIC. Rows show penalty settings, 263 

columns show model components (structural model, IIV, residual error, IIV correlations). Configurations include 264 

single-term penalties (THETA, OMEGA, SIGMA, correlations, shrinkage, RSE, covariance step), the full penalty, 265 

and no penalty. The full penalty configuration considered all penalty terms jointly, while the no penalty 266 

configuration applied none. IIV, inter-individual variability; RSE, relative standard error; THETA, fixed-effect 267 

parameters; OMEGA, inter-individual variability expressed as coefficient of variation; SIGMA, residual error, 268 

including additive (σadd) and proportional (σprop) components. 269 

Step penalty and cutoff analysis 270 

Sensitivity analysis results for the cutoff settings of RSE, shrinkage, and omega values are presented in Fig. 4, 271 

with those for sigma components and correlation values in Supplemental Material 3, Figure 3. Regarding RSE, 272 

the retrieval rate for structural model increased from 88 to 90% when a severe penalty was applied to RSE values 273 

exceeding 40% and remained stable thereafter. For shrinkage, retrieval for the structural model and IIV model 274 

peaked at 50%, leading to the selection of 50% as the severe cutoff. In terms of omega values, when the cutoff 275 

was set at 8% or higher, the retrieval rate for structural model increased to 90% and remained stable, while 276 

correlation performance also improved to about 94%. By contrast, the cutoffs for additive and proportional errors 277 

showed little sensitivity, with retrieval remaining essentially unchanged across settings, and both were therefore 278 

set to 0. The cutoffs for correlation were only weakly sensitive. When the lower cutoff was adjusted from 0.01 to 279 

0.1, only a minor effect was observed at 0.1, with no substantive changes otherwise and the original setting (lower 280 

cutoff of 0.05) was retained. Changes to the upper cutoff produced no discernible impact, and the original value 281 

(0.95) was therefore preserved. 282 

Comparison of binary and step penalty 283 

Fig. 5 presents the final comparison between the binary and step penalty designs across different severe penalty 284 

scores after all penalty terms were incorporated. The primary differences between two penalty designs were 285 

observed in the structural model retrieval. Overall, structural model retrieval under the step penalty remained 286 

stable at 90% when the penalty score reached 1,000 or higher, in contrast to the declining trend observed under 287 

the binary penalty. Intravenous results remained consistent at 96% using the AIC-, BIC-, and OFV-based fitness 288 

functions, while oral results showed no decline, remaining at 83% with AIC and BIC, and 92% with OFV.  289 

For IIV, residual error, and correlation model identification, binary and step penalty designs yielded essentially 290 

similar results when the penalty score reached 10,000. Using the BIC-based fitness functions, IIV and residual 291 

error retrieval differed by no more than 2-3 percentage points, with IIV retrieval of 82% and 81%, residual error 292 

retrieval of 79% and 77%, and correlation retrieval of 96% and 94%, respectively. Similar patterns were found 293 

under AIC and OFV, with differences remaining within 4-6%, respectively. Consistent with these findings, for full 294 

model retrieval, where correct identification of structural model, IIV, residual error, and correlation was required 295 

simultaneously, binary and step penalties also showed similar performance. The BIC-based fitness function under 296 

the step penalty achieved the highest full model retrieval rate (56%), outperforming the AIC- and OFV-based 297 

fitness functions (both 46%). This superiority was consistently observed in both the intravenous and oral datasets, 298 

with corresponding retrieval rates of 71% vs. 58% and 42% vs. 33%, respectively. 299 



 300 

Fig. 4 Sensitivity analysis of cutoff settings for penalty function. Heatmaps show retrieval rates (in %) of correct 301 

model identification across varying cutoff thresholds and mild penalty scores. Rows correspond to cutoff criteria 302 

applied to relative standard error (RSE%), shrinkage (%), omega value (CV%). Columns represent evaluation 303 

dimensions: structural model, IIV model, residual error model and correlation model 304 

Final fitness function and performance 305 

The final fitness function was determined as follows: 306 

𝐹𝑖𝑡𝑛݁ݏݏ = ܥܫܤ + ∑ ோௌா௡ഇߣ
௜=1 ⋅ 1{ோௌா೔>௖ೃೄಶ} + ∑ ௌℎ௥௜௡௞௔௚௘௡ഘߣ

௝=1 ⋅ 1{ௌℎ௥௜௡௞௔௚௘ೕ>௖ೄℎೝ೔೙ೖೌ೒೐}
+ ∑ ఏ௡ഇߣ

௜=1 ⋅ 1{ఏ೔>ఏ೔್ ೚ೠ೙೏} + ∑ ஻ௌ௏௡ഘߣ
௝=1 ⋅ 1{஻ௌ௏ೕ<௖ಳೄೇ}+ߣఙೌ೏೏ ⋅ 1{ఙೌ೏೏<௖഑ೌ೏೏} + ఙ೛ೝ೚೛ߣ ⋅ 1{ఙ೛ೝ೚೛<௖഑೛ೝ೚೛}+ ∑ ఘ௡೎೚ೝೝߣ

௞=1 ⋅ 1{ఘೖ<௖ഐ೗೚ೢ∨ఘೖ>௖ഐℎ೔೒ℎ} + ௖௢௩ௌ௧௘௣ߣ ⋅ 1{covariance step failed}
 307 



where c denotes the cutoff threshold for the corresponding metric, and λ denotes the penalty weight associated 308 

with the metric. The specific cutoff thresholds and penalty weights are summarized in the following Table 2. 309 

 310 

 311 

Fig. 5 Comparison of binary and step penalty methods under all penalties. Retrieval performance across five 312 

dimensions (structural model, inter-individual variability, residual error, correlation model, and complete model 313 



retrieval (“Full”)) under binary versus step penalty methods, using AIC, BIC, and OFV as objective functions. 314 

Panels show results for (A) all data, (B) intravenous data, and (C) oral data 315 

Table 2 Penalty scheme with mild and severe cutoffs for each metric 316 

Metric Symbol Mild value Severe value 

THETA parameters - RSE cRSE 20% 40% 

λRSE 10 10000 

OMEGA parameters - 
shrinkage 

cShrinkage 30% 50% 

λShrinkage 10 10000 

OMEGA parameters - value 

(BSV, CV%) 

cBSV 10% 10% 

λBSV 10 10000 

Residual error - additive 

(σadd, %Cmin) 

cσ_add 0.001 0 

λσ_add 10 10000 

Residual error - proportional 

(σprop) 

cσ_prop 0.001 0 

λσ_prop 10 10000 

Correlation - lower bound (ρ) cρ_low 0.1 0.05 

λρ 10 10000 

Correlation - upper bound (ρ) cρ_high 0.8 0.95 

λρ 10 10000 

Notes: cRSE, cShrinkage, cBSV, cσ_add, cσ_prop, cρ_low, cρ_high denote cutoff thresholds for each metric. λ terms 317 

denote the corresponding penalty weights. RSE: relative standard error of THETA parameters; BSV: between-318 

subject variability (expressed as coefficient of variation, CV%); σadd: additive residual error (expressed relative 319 

to C_min); σprop: proportional residual error; ρ: correlation coefficient between parameters. 320 

Table 3 presents the identification results and corresponding accuracy rates for each structural component using 321 

the proposed fitness function. Regarding the number of compartments, the one-compartment model was correctly 322 

identified in all 12 cases (12/12, 100%), and the two-compartment model was misclassified in only one case 323 

(17/18, 94%) as a three-compartment model. The three-compartment model was correctly identified in 14 out of 324 

18 cases (78%), with four cases misclassified as two-compartment models. In selecting elimination models, all 325 

cases were successfully identified as linear elimination. In the screening of IIV structures, models with fewer IIV 326 

terms were more accurately identified. The IIV settings of CL, CL with Vc, and CL with Vp were nearly perfectly 327 

identified, with only one case of CL with Vp failing to detect Vp. For the more complex settings, the model with 328 

IIV on CL, Vc, and Ka was correctly identified in 7 of 9 cases, with the remaining two cases fitted as having IIV 329 

on CL and Ka. The model with IIV on CL, Vc, Vp, and Q was correctly identified in 7 of 12 cases, with five cases 330 

fitted as alternative IIV structures. In identifying residual variability models, the correct rates were 94% for the 331 

proportional model and 100% for the combined model, whereas the additive model had a lower success rate of 332 

38%, with most misclassifications as the combined model. In identifying correlations, only three cases were 333 

misclassified as correlated. 334 

Table 3 Comparison of model component identification results using the final fitness function 335 



Number of compartments           

Fitted\original 1 2 3     

1 12 0 0     

2 0 17 4     

3 0 1 14     

Residual error           

Fitted\original Additive Combined Proportional     

Additive 6 0 0     

Combined 10 16 1     

Proportional 0 0 15     

Inter-individual Variability           

Fitted\original CL CL+Vc CL+Vc+Ka CL+Vc+Vp+Q CL+Vp 

CL 6 0 0 0 0 

CL+Vc 0 9 0 1 0 

CL+Vc+Ka 0 0 7 0 0 

CL+Vc+Vp+Q 0 0 0 7 0 

CL+Vp 1 0 0 0 11 

CL+Ka 0 0 2 0 0 

CL+Vc+Q 0 0 0 2 0 

CL+Vc+Vp+Q+Ka 0 0 0 1 0 

CL+Vp+Q+Ka 0 0 0 1 0 

Correlation model           

Fitted\original IIV correlated No correlation       

No correlation 3 45       

Elimination (M-M model)           

Fitted\original 
First-order elimina-

tion 
        

First-order elimination 48         

Note: Rows correspond to the original models, and columns correspond to the fitted models. Diagonal entries indicate correct 336 

identification, while off-diagonal entries correspond to misclassifications. 337 

Discussion 338 

This study constructed a systematic framework for the design and evaluation of fitness functions in automated 339 

NLME modeling and ultimately proposed a BIC-based fitness function incorporating step-penalty strategies, 340 

ensuring objectivity and interpretability without expert intervention. Evaluation results showed that this fitness 341 

function effectively identified model features, accurately recovering the true data-generating characteristics 342 

represented in the test datasets. 343 

The results from Fig. 3 indicated that among the various candidate penalty terms, RSE, shrinkage, and omega 344 

values are the three most influential factors. Under BIC, the effect of RSE penalty was mainly observed in oral 345 



datasets rather than the intravenous datasets. The latter already achieved a near-saturated structure retrieval rate 346 

before the RSE penalty was applied, with the true model structure correctly identified in 96% of cases and stable 347 

performance across the full penalty range. In contrast, the retrieval rate increased by 4% for the AIC-based fitness 348 

function and by 16% for the OFV-based fitness function after the RSE penalty was introduced. This was likely 349 

because the penalty term of BIC increases with sample size, leading it to favor more parsimonious models 350 

compared with AIC [34]. Thus, because RSE similarly penalizes unstable or poorly estimated models, it provided 351 

limited additional improvement. For oral data, however, the larger candidate model space (1422 vs 711), greater 352 

structural complexity, and lower baseline retrieval rate (88%) allowed the RSE penalty to exert a greater influence 353 

on model selection. 354 

Regarding shrinkage, both binary and step penalty designs improved IIV retrieval, suggesting that shrinkage-355 

based penalization is useful for reducing unreliable IIV selection. Further results from Fig. 4 show that when the 356 

severe cutoff in the step penalty was relaxed above 60%, the retrieval rates of structure, IIV, and residual error all 357 

declined by about 2%. Although thresholds as high as 70% have been reported under the first-order conditional 358 

estimation with interaction (FOCEI) algorithm [6], shrinkage exceeding approximately 30 % or 50% renders 359 

individual empirical Bayes estimates (EBEs) unreliable [14, 22]. The present evidence therefore suggests that 360 

shrinkage should not be fixed at a high cutoff but rather determined systematically through cutoff analysis to 361 

ensure reliable IIV detection without compromising structural accuracy. In contrast, omega values below 10% 362 

required stronger penalization to avoid retaining implausibly small IIV terms. This was particularly evident in the 363 

binary penalty design, where applying a strong penalty to omega values below 10% increased IIV retrieval from 364 

74% to 95% in intravenous datasets and from 43% to 56% in oral datasets. However, under the step penalty design, 365 

lowering the severe cutoff to 1-7% did not lead to a comparable improvement, suggesting that the penalty strength 366 

was insufficient to eliminate very small, but unsupported IIV estimates. This finding is consistent with recent 367 

automated modeling approaches that also penalize omega values below 10% to avoid spurious IIV retention [4]. 368 

This study found that overly stringent shrinkage penalties led to lower structural identification rates under binary 369 

designs as shown in Fig. 5. One reason lies in the nature of the data. Although the data were generated from an 370 

optimal design, such design tools mainly optimize the precision of parameter estimates via the Fisher information 371 

matrix and do not explicitly target shrinkage [21]. As a result, some complex models may still exhibit shrinkage 372 

above 30%. Consequently, the graded design of the step penalty imposes only mild restrictions when shrinkage 373 

slightly exceeds 30%, reducing the risk of discarding multi-compartment models due to modest shrinkage 374 

elevations, while applying stronger penalties only above the severe cutoff of 50%. This approach preserved 375 

structural identification stability while simultaneously enhancing IIV retrieval, especially when the IIV value was 376 

not set high in this study, as a previous study reported it may increase shrinkage [35].  377 

Component-wise evaluation showed good retrieval performance for the structural model, IIV structure, and 378 

correlation model. Residual error model retrieval was limited, mainly because additive error models were 379 

frequently misclassified as combined models: only 6 of 16 additive cases were correctly identified, with most of 380 

the rest misclassified as combined. Combined residual models were almost always correctly identified. This 381 

pattern may be related to the observation in this study that adding a very small proportional residual error 382 

component to an otherwise additive error model can sometimes improve estimation stability compared with using 383 

a purely additive residual error model under SAEM estimation. There was a previous suggestion that combined 384 



proportional and additive residual error models may describe PK data better than single proportional or additive 385 

residual error models [36].  Notably, these additive-to-combined misclassifications therefore contributed to the 386 

lower complete-model retrieval rate, where all model components were evaluated simultaneously. 387 

Nonetheless, this study has certain limitations. Future research should evaluate a broader and more diverse range 388 

of parameter settings to further verify the robustness and applicability of the proposed method. Although simulated 389 

data allow controlled evaluation of penalty functions, real clinical data are typically more complex, with issues 390 

such as missing observations, measurement errors, and heterogeneous patient characteristics. Therefore, further 391 

validation on diverse clinical datasets is necessary to establish the generalizability and robustness of the penalty-392 

based selection framework. In addition, the model search space was relatively limited, with the tested PK scenarios 393 

focusing primarily on simple linear absorption processes and not considering more complex structures such as lag 394 

time, transit absorption, or flip-flop absorption. Future work should extend validation to more complex 395 

pharmacokinetic contexts to further assess the applicability of the proposed approach. Although nonlinear 396 

elimination and IIV correlations were included in the candidate search space, their evaluation in the present study 397 

mainly assessed whether the fitness function could avoid selecting unsupported nonlinear or correlated structures, 398 

rather than its ability to recover true nonlinear elimination or true IIV correlation structures. 399 

Through systematic evaluation of multiple candidate penalty terms, this study ultimately proposed a BIC-based 400 

fitness function combined with a step penalty. The method demonstrated high robustness and accuracy in 401 

simulated datasets, effectively recovering the original underlying models. These results highlight its potential 402 

utility in automated PopPK modeling. It provides a reference for a more systematic consideration of parameter 403 

estimation quality in model selection and offers a promising tool to support automated model selection in the 404 

nlmixr2 platform. 405 
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