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Abstract 13 

PopPK FitCheckR is a web-based application that generates interactive, customizable diagnostic 14 

plots and facilitates the model diagnostic process of population pharmacokinetic (popPK) 15 

modeling. With the ability to read a variety of nonlinear mixed effects modeling (NONMEM) 16 

output files, the application automates four types of goodness-of-fit (GOF) plots in both static and 17 

interactive formats, including observed values versus population predictions, observed values 18 

versus individual predictions, conditional weighted residuals (CWRES) versus predictions, and 19 

conditional weighted residuals versus time. It also generates flexible correlation plots, including 20 

ETA plots that display the individual random effects estimated for each subject, with different plot 21 

types and regression methods available. The application supports interactive filtering, grouping, 22 

color stratification, log scale transformation, user-defined axes, and downloading results. 23 

Additionally, an interactive variable name mapping interface with optional variable type selection 24 

allows flexibility in input files, enabling the use of diverse naming conventions and data structures 25 

without modification of model code. By combining flexible input handling with interactive 26 

filtering, stratification, and configurable diagnostics, PopPK FitCheckR facilitates popPK model 27 

evaluation and supports more efficient and consistent diagnostic review. 28 

Keywords 29 

population pharmacokinetics, NONMEM, model evaluation, R Shiny, goodness-of-fit 30 

Introduction 31 

Population pharmacokinetic (popPK) modeling is an essential component of modern drug 32 

development, enabling characterization of drug exposure, interindividual variability, and the 33 

influence of covariates within target populations. These models are routinely applied to inform 34 

dose selection, optimize clinical study design, support special population assessments, and 35 

contribute to regulatory submissions. Given their central role in decision-making, robust model 36 

evaluation is critical to ensure that the final model adequately describes the observed data and 37 

provides a reliable basis for simulation and inference. The diagnostics considered standard for 38 

continuous-data pharmacometric models, including observed versus population and individual 39 

predictions, conditional weighted residuals versus predictions and time, and graphical assessment 40 

of random effects, have been formalized through community consensus [1]. In practice, however, 41 



diagnostic assessment of popPK models can be time-consuming and technically demanding. While 42 

standard GOF plots can be generated with existing tools, customizing them—such as filtering, 43 

stratifying, or otherwise subsetting the data—often requires additional coding effort. In addition, 44 

diagnostic workflows may vary across users and projects, resulting in inconsistent plot formatting 45 

and reduced efficiency. 46 

Established tools for diagnostic evaluation of popPK models in the NONMEM ecosystem are 47 

centered primarily around PsN and Xpose, with newer options such as ggPMX, and are often 48 

supplemented by custom R-based workflows. NONMEM remains the standard platform for 49 

nonlinear mixed effects (NLME) modeling in pharmacometrics and is widely used for 50 

development of popPK models [2]. While NONMEM includes a built-in $SCATTERPLOT option 51 

for generating basic diagnostic plots, graphical diagnostics in pharmacometric model development 52 

are commonly constructed using external tools that extend NONMEM's functionality. Building on 53 

NONMEM outputs, PsN (Perl-speaks-NONMEM) has become a well-established toolkit for 54 

model automation and simulation-based diagnostics, supporting tasks such as visual predictive 55 

checks (VPCs), bootstrapping, and covariate model building [3]. Xpose is similarly well 56 

recognized as a diagnostic and visualization framework, enabling generation of GOF plots, 57 

residual diagnostics, and other graphical summaries to facilitate model evaluation [4]. More 58 

recently, ggPMX has been developed as an open-source R package that standardizes diagnostic 59 

plotting for NLME models, providing a predefined set of publication-quality diagnostics aligned 60 

with community recommendations [5]. 61 

PsN is highly effective for automation and simulation workflows, but it does not itself render 62 

graphics. As a command-line toolkit, it produces the numerical output underlying diagnostics, and 63 

can auto-generate R scripts that rely on R and Xpose to draw the corresponding figures. Producing 64 

clear, standardized diagnostic plots therefore depends on complementary tools and familiarity with 65 

R. Xpose provides substantial flexibility for visualization, but its use typically depends on 66 

familiarity with R and may require additional coding and customization to generate consistent, 67 

review-ready outputs across models and projects, and exploring a different data subset or 68 

stratification typically requires editing and re-running the underlying script. Similarly, ggPMX 69 

provides a standardized and reproducible plotting workflow, but it operates as an R package 70 

requiring users to write code to configure and generate diagnostics, and its outputs are static. More 71 



recently, Certara.ModelResults offers a Shiny-based graphical interface for generating GOF plots 72 

and diagnostic tables from NONMEM and NLME output [6]. However, its use requires users to 73 

first construct an Xpose database object within an R session before launching the interface, and it 74 

operates within the broader Certara commercial software ecosystem, which may limit accessibility 75 

in organizations that do not use Certara products. It is also worth noting that Monolix (Lixoft SAS, 76 

a Simulations Plus company) provides an alternative NLME modeling platform with diagnostic 77 

visualization tools integrated directly into its graphical interface, reducing reliance on external 78 

tooling within its own ecosystem [7]. However, Monolix operates independently from NONMEM 79 

and produces platform-specific outputs that are not interchangeable with NONMEM table files; 80 

its built-in diagnostics are therefore not accessible to users working within the NONMEM 81 

ecosystem. In addition, Monolix is proprietary software and generally requires a paid license. 82 

Consequently, many diagnostic workflows remain fragmented, involving multiple software 83 

components, manual intervention, and varying levels of programming expertise. 84 

PopPK FitCheckR was developed to address these practical gaps by offering a more direct and 85 

automated approach to routine model diagnostics. In contrast to more general-purpose tools, 86 

PopPK FitCheckR emphasizes standardized and accessible generation of GOF plots and 87 

correlation plots, reducing the need for extensive scripting or post-processing. Its main advantage 88 

is therefore in improving efficiency, interactivity, and consistency of model diagnostic review, 89 

particularly for users or teams seeking a streamlined workflow for NONMEM-based popPK model 90 

assessment. PopPK FitCheckR has been in routine use by pharmacometricians and clinical 91 

pharmacologists within our organization for approximately three years, supporting model 92 

evaluation across multiple development programs, and its current feature set reflects iterative 93 

refinement in response to user feedback gathered over that period. 94 

R Shiny is an R-based framework for building interactive web applications that enables analytical 95 

workflows and visualizations to be delivered through a browser-accessible graphical user interface 96 

(GUI) without requiring extensive web development [8]. It is particularly well suited for scientific 97 

applications because it allows R-based analyses to be translated into user-friendly interfaces that 98 

support a smooth end-to-end workflow from data input to analysis and results visualization. 99 

Importantly, its interactive nature lets users adjust and refine visualizations on the fly, offering 100 

greater flexibility than a static, standardized plotting script. Built using R Shiny, PopPK FitCheckR 101 



leverages these capabilities to automate routine diagnostic plotting while preserving flexibility, 102 

interactivity, and ease of use. 103 

The following features make PopPK FitCheckR a useful platform that benefits the day-to-day 104 

workflow of pharmacometricians and modelers: interactive data filtering that updates both static 105 

and interactive GOF plots in real time; customizable interactive GOF plots with stratification, color 106 

grouping, and flexible axis control; flexible data column mapping; user-defined correlation plot 107 

collections; and simple exporting options with informative file names. 108 

This article starts with the introduction of PopPK FitCheckR workflow, followed by the 109 

description of each tab in the application, and the use cases of leveraging this application to 110 

facilitate model diagnostics. 111 

Methods 112 

Application workflow 113 

The PopPK FitCheckR application provides a structured workflow for model diagnostics plots, 114 

shown in Fig. 1. Upon launching the app, users are directed to an Instructions tab detailing data 115 

requirements and available features (Fig. 2a). For GOF analysis, users first upload a NONMEM 116 

output table file (sdtab). Once the data are loaded, an optional filtering step becomes available to 117 

subset desired data slices for visualization. This interactive filtering can be applied at any time 118 

after the data are uploaded, allowing users to see the plots update in real time as the data are sliced. 119 

Column name standardization is then performed to map actual column names to the required 120 

identifiers (PRED, IPRED, DV, CWRES, TIME, ID) (Fig. 2b), with an optional variable type 121 

assignment step, in which each column is designated as continuous or categorical. Following 122 

standardization, two plot outputs are accessible: a static GOF plot panel displaying observed vs. 123 

predicted and CWRES diagnostic plots, and an interactive GOF plot supporting stratification, color 124 

grouping, log transformation, axis customization, and individual data point identification (Fig. 2c). 125 

Both types of plots can be downloaded as .png files. For correlation analysis, users upload a 126 

separate NONMEM table file (e.g., patab or cotab) and specify the X and Y axes of interest, after 127 

which scatter or box plots with optional regression overlays are rendered and available for 128 

download. 129 



 130 

Fig. 1 PopPK FitCheckR application workflow. The diagram illustrates the end-to-end diagnostic 131 

workflow, beginning with data upload, proceeding through column name standardization and 132 

optional variable type assignment, and ending with generation of static GOF plots, interactive GOF 133 

plots, and correlation plots, all of which are downloadable as .png files 134 

 135 



Fig. 2 Representative screenshots of the PopPK FitCheckR application interface. (a) The 136 

Instructions tab provides an overview of the application workflow and describes data input 137 

requirements, available analysis features, and key behavioral defaults including file format 138 

handling, automatic column-name matching, and variable type auto-detection. (b) The Column 139 

Name sub-tab within Data Standardization, illustrating automatic pre-population of column 140 

mappings for the six required standardized variable names (PRED, IPRED, DV, CWRES, TIME, 141 

ID) using Jaro-Winkler string similarity matching against the uploaded NONMEM output 142 

file. (c) The Interactive GOF Plot sub-tab demonstrating simultaneous use of categorical filters 143 

(MDV = 0; DVID = 1) and a continuous time-window filter (TIME: 0–168 hours), with faceting 144 

by DVID and color stratification by dose group, producing a subset Observed vs. Predicted plot 145 

Next, the function of each tab and sub-tab will be individually introduced. 146 

Instructions tab 147 

The Instructions tab serves as the landing page of the app, orienting users before any data is 148 

uploaded. It outlines the overall workflow, describes the purpose and usage of each sub-tab, and 149 

documents data input requirements and key behavioral defaults such as file format handling, 150 

automatic column mapping, and variable type detection. Users are encouraged to review this tab 151 

before proceeding to the analysis tabs. 152 

Goodness of Fit (GOF) Plots tab 153 

The Goodness of Fit (GOF) Plots tab is the primary analysis tab for evaluating NONMEM model 154 

fit diagnostics. Users begin by uploading a NONMEM output table file (e.g., sdtab) via the Browse 155 

button in the left panel. The tab contains four sub-tabs: Data Standardization — Column Name, 156 

Data Standardization — Variable Type, GOF Plots, Interactive GOF Plot. 157 

Data Standardization — Column Name sub-tab 158 

This tab maps columns from the uploaded file to the six standardized variable names required for 159 

plotting: DV (observed), PRED (population predicted),  IPRED (individual predicted), 160 

CWRES (conditional weighted residuals), TIME, and ID (subject identifier). Column mappings 161 

are automatically pre-populated using the Jaro-Winkler string similarity algorithm, a character-162 

matching metric that quantifies similarity between two strings based on the proportion of matching 163 



characters and their positional proximity, while giving additional weight to shared prefixes [9]. 164 

This makes it particularly well suited for short identifier names that share common prefixes or 165 

differ only by minor typographic variations. 166 

Matching is performed against a Jaro-Winkler similarity threshold of 0.8, a cutoff commonly 167 

applied in record linkage and fuzzy string matching of short identifiers to match candidate pairs 168 

where the names are nearly identical in spelling and character order [10]. At this threshold, minor 169 

variations that frequently occur in NONMEM output column naming (such as 170 

TIME versus TIME72) are correctly recognized as matches, while semantically distinct columns 171 

that share only a few characters (such as DV and MDV) are appropriately kept separate. When 172 

more than one column exceeds the similarity threshold for a given identifier, an exact name match 173 

takes precedence; otherwise the column with the highest similarity is selected as the default. 174 

Columns below the threshold are left unmatched and need to be assigned manually by selecting 175 

from a drop-down menu. All mappings in the Column Name tab should be reviewed before 176 

proceeding to the GOF Plots and the Interactive GOF Plot sub-tab. 177 

Data Standardization — Variable Type sub-tab 178 

This is an optional sub-tab that allows users to override the automatically assigned variable type 179 

(continuous or categorical) for any column in the uploaded dataset. This tab is populated by all 180 

columns in the dataset upon upload.  181 

The default assignment considers both column data type and how many distinct values the column 182 

contains relative to the dataset size. A column is classified as continuous only if it is numeric and 183 

its number of unique values exceeds 10% of the total number of rows, with a minimum of 10 184 

unique values required. Columns that do not meet both criteria are classified as categorical by 185 

default. For example, a numerically coded dose group column containing five distinct values 186 

across 500 rows would be classified as categorical, because its five unique values (1% of rows) 187 

fall well below the threshold. This behavior is intentional: such a variable represents a discrete 188 

group rather than a truly continuous measurement, and treating it as categorical ensures that the 189 

appropriate multi-value filter selector is displayed rather than a numeric range input. 190 

The variable type classification affects how filter controls are rendered in the left panel's Filter 191 

Data section. Continuous variables produce numeric range inputs, while categorical variables 192 



produce a multi-value selector. Users can override any auto-assignment in this sub-tab if the default 193 

classification does not match the intended use of a variable. 194 

Interactive data filtering 195 

An interactive Filter Data function is provided in the left panel, available at any point after 196 

uploading data. Users can select one or more columns to subset the data before or during plotting. 197 

Filter controls adapt to the variable type: continuous columns show start and end value inputs and 198 

are pre-populated with the min/max value observed in the data, and categorical columns show a 199 

multi-select dropdown pre-populated with all unique values. Filters are applied reactively and 200 

affect all plots in both GOF Plots and Interactive GOF Plot tabs. 201 

GOF Plots sub-tab 202 

The purpose of this tab is to get an initial quick read on the data. This tab displays four static GOF 203 

plots arranged in a 2×2 grid: Observed vs. Predicted, Observed vs. Individual Predicted, CWRES 204 

vs. Predicted, and CWRES vs. Time. Each plot includes a locally estimated scatterplot smoothing 205 

(LOESS) [11] smoothing line in red and a reference line in black (identity line for observed vs. 206 

predicted plots; horizontal reference line at y = 0 for CWRES plots). Aspect ratio is fixed at 1 for 207 

observed vs. predicted plots, while for CWRES plots the axes ratio can be automatically adjusted 208 

to the browser size. The full four-panel figure can be downloaded as a .png file. The date and time 209 

are automatically attached to the downloaded file name, which allows for clear arrangements and 210 

traceability for multiple downloads. 211 

Interactive GOF Plot sub-tab 212 

This tab provides a single interactive plot view implemented using the Plotly package [12], 213 

enabling dynamic exploration of diagnostic results. The plot type can be selected using the 214 

dropdown menu provided. Faceting by any user-selected column(s) is supported, where the plot is 215 

split into separate panels grouped by the values of the selected variable(s), with panel labels 216 

displaying both the variable name and value. Multiple columns may be selected simultaneously, 217 

producing a multi-way stratification. When a continuous variable is selected for faceting, it is 218 

automatically binned into up to five equal-width intervals to avoid an unmanageable number of 219 

panels; categorical variables are faceted directly by their observed levels. Whether a variable is 220 



treated as continuous or categorical is determined by the user's selection in the Variable Type sub-221 

tab if one has been made; otherwise, the default unique values rule mentioned above applies. 222 

Color stratification is available as an optional overlay, allowing data points to be colored by any 223 

column in the dataset. The same variable type logic governs the color scale: variables classified as 224 

categorical are treated as discrete factors and mapped to a categorical color palette, while variables 225 

classified as continuous are mapped to a continuous color gradient. When no color variable is 226 

selected, all points are rendered in a uniform blue.  227 

The plot is rendered as an interactive Plotly visualization. Hovering over any data point displays a 228 

tooltip showing the subject ID, time, and the X and Y axis values for that observation. Axis scale 229 

can be toggled between linear and logarithmic: both axes jointly for the observed-versus-predicted 230 

plots, and the x-axis only for the CWRES plots, whose signed residuals retain a linear y-axis. When 231 

log scale is selected, observations with zero, negative, or missing values on the affected axes are 232 

automatically excluded. The number and percentage excluded are reported both in a persistent on-233 

screen warning and beneath the plot title, so that the exclusion remains visible in downloaded 234 

figures. When stratification is applied, panels may be given independent axis ranges: both axes for 235 

the observed-versus-predicted plots, and the x-axis only for the CWRES plots, so that residual 236 

magnitudes remain comparable across panels. Custom numeric start and end values can be 237 

specified for both the X and Y axes to override the default data-driven range; these inputs are 238 

automatically hidden when free scaling is enabled. The X-axis title, Y-axis title, and plot title can 239 

each be overridden with user-specified text; if left blank, they default to the variable name or GOF 240 

plot type label. The finalized plot can be downloaded as a .png file. 241 

Correlation Plots tab 242 

The Correlation Plots tab enables exploratory analysis of relationships between any two variables 243 

in the uploaded dataset, for example, relationships between model parameters and covariates. 244 

Users upload a separate NONMEM output table file containing the variables of interest 245 

(e.g., patab for empirical Bayes estimates of random effects, cotab for covariates) and select one 246 

or more variables for the X axes and Y axes using multi-select dropdown inputs. All pairwise 247 

combinations of the selected X and Y variables are generated and plotted simultaneously in a grid 248 

layout with two columns. For datasets containing multiple records per subject (e.g., standard 249 

NONMEM output tables that include one row per observation rather than one row per individual), 250 



a “Deduplicate by ID” option is available to retain only the first record per subject prior to plotting; 251 

this is recommended when the variables of interest are time-invariant subject-level parameters 252 

such as empirical Bayes estimates or baseline covariates. 253 

Two plot types are available. The default line plot renders a scatter plot with a regression line 254 

overlay, where the regression method can be chosen between ordinary linear regression (lm) and 255 

locally estimated scatterplot smoothing (LOESS) [11]. When the linear model method is selected, 256 

the fitted equation and coefficient of determination (R²) are annotated directly on each panel using 257 

the ggpmisc package [13]. A 95% confidence band around the regression line can be optionally 258 

toggled on or off. The alternative box plot selection displays the Y-axis variable as a continuous 259 

distribution grouped by the factor levels of the X-axis variable, with individual observations 260 

overlaid as jittered points. This is particularly useful for examining the relationship between 261 

categorical covariates (e.g., sex, race) and continuous model parameters (e.g., ETAs, clearance). 262 

The complete set of pairwise plots can be downloaded as a single .png file. As with the GOF tab, 263 

the download filename is automatically appended with a date-time stamp to support traceability 264 

across multiple analysis iterations. 265 

Results 266 

Case study 1: GOF diagnostics for an investigational monoclonal antibody PK model 267 

To demonstrate the utility of PopPK FitCheckR, the app was applied to NONMEM output from a 268 

population pharmacokinetic (PK) model for drug A, an investigational monoclonal antibody 269 

developed as an anticoagulant therapy. The analysis dataset comprised 97 subjects enrolled across 270 

two study parts in a Phase I single ascending dose and multiple ascending dose clinical trial, with 271 

dose levels of 8, 20, 25, 40, 50, 75, and 120 mg. The PK model consisted of a two-compartment 272 

pharmacokinetic model with first-order absorption (parameterized as clearance [CL], central 273 

volume [V2], peripheral volume [V3], inter-compartmental clearance [Q], absorption rate constant 274 

[KA], and relative bioavailability [F1]). In total, 1,257 pharmacokinetic observations were 275 

available for model evaluation. 276 

GOF diagnostics  277 



The NONMEM standard diagnostic table (Supplementary File 1) was uploaded to the GOF Plots 278 

tab. Fig. 3 shows the four-panel GOF output generated by the app for the PK component of the 279 

model. The Observed vs. Predicted plot shows that population-level predictions generally track 280 

the observed concentrations, while the Observed vs. Individual Predicted plot shows tighter 281 

agreement following individual post-hoc estimation. The CWRES vs. Predicted and CWRES vs. 282 

Time plots show residuals distributed symmetrically about zero with no obvious systematic trends. 283 

 284 

Fig. 3 Four-panel goodness-of-fit (GOF) diagnostic plots generated by PopPK FitCheckR for the 285 

PK component of drug A popPK model. Top left: Observed vs. Predicted (population predictions); 286 

top right: Observed vs. Individual Predicted (individual post-hoc predictions); bottom left: 287 

Conditional Weighted Residuals (CWRES) vs. Predicted; bottom right: CWRES vs. Time. Each 288 

panel includes a LOESS smoothing line (red) and a reference line (black; identity line for observed 289 

vs. predicted plots, y = 0 for CWRES plots) 290 

Stratified exploration 291 

Using the Interactive GOF Plot tab, the Observed vs. Predicted plot was stratified by dose group 292 

via the Stratification dropdown. Fig. 4 displays the resulting faceted plot with seven dose-group 293 

panels (placebo subjects excluded from PK observations). The faceting shows comparable 294 



agreement across dose levels, with the LOESS smoothing line closely tracking the line of identity 295 

within each panel. This visual inspection suggests that there are no apparent dose-dependent trends 296 

in the predicted–observed relationship. 297 

 298 

Fig. 4 Faceted Observed vs. Predicted plot stratified by dose group (placebo excluded), generated 299 

using the Interactive GOF Plot tab. Seven panels correspond to the 8, 20, 25, 40, 50, 75, and 120 300 

mg dose levels. Each panel displays the scatter of observed concentrations against predicted values 301 

with a LOESS smoothing line (red) and the line of identity (black) 302 

ETA–ETA correlation analysis 303 

To assess independence between individual random effects for distribution and absorption 304 

parameters, pairwise ETA–ETA correlation plots were generated for the healthy volunteer (HV) 305 

subpopulation using a NONMEM parameter output table file restricted to subjects without end-306 

stage renal disease (ESRD) (Supplementary File 2), retaining one record per subject via the 307 

"Deduplicate by ID" option. Four PK ETAs estimated in this subpopulation were examined: ETA1 308 

(CL) and ETA3 (Q), representing the disposition parameters, and ETA5 (KA) and ETA6 (F1), 309 



representing the absorption parameters. ESRD-specific ETAs (ETA7–ETA10) were excluded as 310 

they are only estimable in the ESRD subpopulation and would appear as zero for all HV subjects, 311 

precluding meaningful correlation assessment. As shown in Fig. 5, all four pairwise plots displayed 312 

near-flat LOESS regression lines with wide 95% confidence bands encompassing zero across the 313 

full range of ETA values. These plots did not reveal systematic correlation between disposition and 314 

absorption random effects, suggesting no strong dependence between the inter-individual 315 

variability in CL and Q and that in KA and F1 in the healthy volunteer population. 316 

This case study illustrates how PopPK FitCheckR enables rapid, standardized model evaluation 317 

across multiple diagnostic dimensions, from standard GOF assessment to dose-stratified 318 

diagnostics and covariate screening.  319 

 320 

Fig. 5 Pairwise correlation plots of empirical Bayes estimates of inter-individual variability for 321 

disposition parameters (ETA1 and ETA3, corresponding to CL and Q) versus absorption 322 

parameters (ETA5 and ETA6, corresponding to KA and F1) for the healthy volunteer 323 

subpopulation of the drug A population pharmacokinetic model. One record per subject was 324 

retained prior to plotting. Scatter plots are shown with LOESS regression lines and 95% confidence 325 

bands 326 

Case study 2: covariate–parameter correlation analysis for a general-purpose remifentanil PK 327 

model 328 



To further demonstrate the app's covariate–parameter correlation capabilities, PopPK FitCheckR 329 

was applied to NONMEM output from the Eleveld et al. general-purpose population 330 

pharmacokinetic model for remifentanil [14]. The model was developed by pooling data from three 331 

published studies [15–17], comprising 2,634 remifentanil arterial concentration observations from 332 

131 individuals. The study population spanned a wide demographic range, including neonates (5 333 

days old) to elderly adults (85 years), with body weights from 2.5 to 106 kg, reflecting the model's 334 

general-purpose design. The final model is a three-compartment pharmacokinetic model 335 

(parameterized as central volume [V1], peripheral volumes [V2, V3], elimination clearance [CL], 336 

and inter-compartmental clearances [Q2, Q3]) incorporating allometric scaling based on fat-free 337 

mass, age-dependent maturation of clearance, aging effects on volumes and clearances, and sex-338 

based corrections. Inter-individual variability was estimated on all six structural parameters (V1, 339 

V2, V3, CL, Q2, Q3). 340 

Covariate–parameter correlations 341 

The individual-level parameter and covariate table file (Supplementary File 3) was uploaded to 342 

the Correlation Plots tab. This file contained one row per subject with demographic covariates 343 

(AGE, WGT, HGT, BMI, M1F2 [sex]), model-derived covariates (BSIZ [allometric body-size 344 

scalar]), study identifier (STDY), empirical Bayes estimates of inter-individual variability (ETA1–345 

ETA6), and individual post-hoc pharmacokinetic parameter estimates (V1, V2, V3, CL, Q2, Q3). 346 

To assess whether residual covariate effects remained after model estimation, the six ETA values 347 

(ETA1 through ETA6, corresponding to V1, V2, V3, CL, Q2, and Q3, respectively) were selected 348 

as Y-axis variables, and the continuous demographic covariates AGE and BMI were selected as X-349 

axis variables. Fig. 6 presents the resulting 12-panel scatter plot matrix with LOESS regression 350 

lines and 95% confidence bands. The LOESS trends are flat across all covariate–ETA 351 

combinations, with confidence bands encompassing zero, consistent with the allometric and 352 

covariate structure having accounted for the influence of age and BMI. This is consistent with the 353 

model's design intent as a general-purpose model spanning pediatric to elderly populations. 354 



 355 

Fig. 6 Correlation plots of empirical Bayes estimates of inter-individual variability (ETA1–ETA6, 356 

corresponding to V1, V2, V3, CL, Q2, and Q3) versus continuous demographic covariates (AGE, 357 

BMI) for the remifentanil population pharmacokinetic model. Scatter plots are shown with LOESS 358 

regression lines and 95% confidence bands 359 

To further explore categorical covariate effects, box plots of ETA1 through ETA6 were generated 360 

by sex (M1F2) and by study (STDY). Fig. 7 shows that the ETA distributions are centered near 361 

zero for both sexes and across all three component studies, with no apparent systematic differences 362 

by sex or study. 363 

 364 



Fig. 7 Box plots of empirical Bayes estimates of inter-individual variability (ETA1–ETA6) 365 

grouped by sex (M1F2) and study (STDY) for the remifentanil population pharmacokinetic model. 366 

Individual observations are overlaid as points 367 

This case study illustrates how the Correlation Plots tab in PopPK FitCheckR facilitates efficient 368 

multi-dimensional covariate screening. The ability to simultaneously visualize all pairwise 369 

combinations of ETAs and covariates in a single panel, with the option to toggle between scatter 370 

plots and box plots, enables rapid identification of residual covariate effects that may warrant 371 

further model refinement. 372 

Discussion 373 

The PopPK FitCheckR application addresses a practical gap in the population pharmacokinetic 374 

modeling workflow: the absence of a lightweight, interactive tool for generating standard 375 

goodness-of-fit diagnostics directly from NONMEM output tables. While established tools such 376 

as PsN and Xpose remain essential for advanced simulation-based diagnostics and flexible 377 

exploratory visualization, their application to routine GOF assessment often requires familiarity 378 

with R programming, project-specific scripting, and manual configuration [3, 4]. PopPK 379 

FitCheckR was designed to complement these tools by providing a browser-based interface that 380 

may reduce the amount of coding typically required to produce review-ready diagnostic plots from 381 

NONMEM output. 382 

One practical advantage of the application is its ease of use. By accepting NONMEM output table 383 

files directly and employing automated column-name matching via Jaro-Winkler string similarity 384 

[9, 10], the tool minimizes the need for users to manually parse, reformat, or pre-process model 385 

outputs prior to visualization. This is particularly useful in environments where 386 

pharmacometricians with varying levels of programming experience collaborate on shared models, 387 

or where rapid turnaround of diagnostic outputs is needed during iterative model development. 388 

The interactive plotting functionality extends the utility of the tool beyond static GOF figures. 389 

Users can stratify, filter, and color-code plots by any variable present in the output table, facilitating 390 

exploratory diagnostics such as examining residual behavior across dose groups, study populations, 391 

or covariate strata. The integration of logarithmic axis transformations and faceted layouts within 392 



the same interface further reduces the number of workflow steps typically involved in evaluating 393 

model adequacy across subgroups. 394 

The correlation plots module provides additional value for random effects diagnostics. By allowing 395 

users to select arbitrary pairwise combinations of ETA parameters and covariates, the application 396 

supports visual screening of potential covariate–parameter relationships, a standard step in 397 

covariate model building [18]. The availability of both linear regression and locally estimated 398 

scatterplot smoothing (LOESS) [11] overlays enables users to assess both linear and nonlinear 399 

trends without configuring separate analyses. 400 

From a workflow integration perspective, PopPK FitCheckR promotes consistency. Because the 401 

same set of diagnostic plots is generated through a standardized interface, outputs are visually 402 

uniform across models, analysts, and projects. This consistency is valuable in regulatory 403 

submissions and internal review processes, where reviewers benefit from predictable figure 404 

formats and labeling conventions [19]. The downloadable outputs can be readily incorporated into 405 

technical reports, internal review documents, or presentation materials. 406 

Several limitations should be acknowledged. The current implementation expects input files 407 

generated with the ONEHEADER option in the NONMEM $TABLE record (though this is a 408 

common practice among modelers). The application is designed for standard GOF diagnostics and 409 

pairwise correlation plots and does not support simulation-based methods such as VPCs, including 410 

prediction-corrected VPCs [20]. Additionally, the current version does not support automated 411 

batch processing of multiple model output files simultaneously, which may limit efficiency in 412 

large-scale model comparison exercises. Users with highly customized plotting requirements may 413 

still prefer scripted workflows in R or Xpose for full control over aesthetic and layout choices. 414 

Compared to Certara.ModelResults [6], which provides R code generation and report rendering 415 

from its interface, PopPK FitCheckR does not currently generate underlying R scripts or formatted 416 

reports. These capabilities may be important for users who require end-to-end traceability from 417 

diagnostic exploration to final reporting within a single tool. 418 

Future development may include support for additional diagnostic plot types (e.g., individual 419 

concentration–time profiles, quantile–quantile plots for residuals), visualization of simulation-420 

based diagnostics such as VPCs from simulation output generated externally by tools such as PsN, 421 

batch mode operation for multi-model comparisons, and integration with cloud-based NONMEM 422 



execution environments. Extension to pharmacodynamic and exposure–response models is also 423 

under consideration. 424 

Conclusions 425 

In conclusion, PopPK FitCheckR provides a practical, accessible, and standardized solution for 426 

routine goodness-of-fit assessment of population pharmacokinetic models developed in 427 

NONMEM. By reducing the programming effort and time typically required to generate diagnostic 428 

plots, PopPK FitCheckR allows pharmacometricians to focus more on model interpretation and 429 

less on plot generation, supports more efficient model development cycles, and promotes 430 

consistent graphical outputs that can be shared across teams and projects. 431 

Application access and data handling 432 

PopPK FitCheckR is hosted on shinyapps.io and can be accessed via https://ruilian-433 

zhang.shinyapps.io/PopPK-FitCheckR/. The app code is published at 434 

https://github.com/MSDLLCpapers/PopPK_FitCheckR under the terms of GNU General Public 435 

License Version 3 [21]. 436 

Uploaded files are held in a temporary, session-scoped location managed by Shiny for the duration 437 

of the session, read into memory for analysis, and removed when the session ends. No data are 438 

written to a database or other persistent application storage, or retained between sessions. 439 

The application hosted on shinyapps.io is intended for demonstration and evaluation with de-440 

identified or non-confidential data. For confidential, proprietary, or subject-level clinical data, 441 

users should download the source code provided in the GitHub repository above and run the 442 

application locally or deploy it within their own environment, in which case no data leave the user's 443 

network. 444 

Data availability 445 

No datasets were generated or analysed during the application development. 446 
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