
FREM methodology was successfully implemented within the saemix package 
and effectively handled covariate collinearity and missingness in our RTTE 
example. Future work will focus on a comprehensive methodological evaluation 
to formalize the theoretical properties of the SAEM-FREM combination and 
further investigate the estimation of the residual error.

Implement a full random effect workflow within the open-source 
saemix package and evaluate its performance against standard Fixed 
Effects Modeling (FEM) under varying degrees of collinearity in a 
Repeated Time-to-Event (RTTE) modeling framework. 
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Covariate analysis continues to be a complex aspect of pharmacometrics modeling. 
The Full Random Effects Model (FREM)1 offers a reliable approach, addressing 
collinearity and missing data through joint distribution estimation. 

While FREM is well-established and widely used in NONMEM, the methodology is 
currently unavailable in R. 
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Figure 2. Covariate completeness profiles 
across scenarios.

• FREM implementation: Used the saemix2 multi-response extension3 (SAEM 
algorithm4) and treated covariates as additional dependent variables to estimate 
a joint multivariate normal distribution rather than explicit fixed effects.

• Simulation design: Generated 100 datasets (500 subjects each) featuring a 
Repeated Time-to-Event (RTTE) outcome with a constant baseline hazard (ℎ!) 
and inter-individual variability: ℎ!" = ℎ!×exp 𝜂" , 𝜂"~𝑁(0, 𝜔)

• Covariate structure: Simulated 20 covariates grouped into four correlation 
blocks (Figure 1). The true underlying model was driven by four active covariates 
(one from each correlation block): 

Figure 1. Correlation structure between 
simulated covariates.

• Model comparison (FEM vs. FREM): The impact of collinearity and missingness 
was evaluated by comparing standard Fixed Effects Modeling (FEM) with FREM, 
incrementally adding 1 to 5 correlated covariates per block across all data 
quality scenarios.

• Performance metrics: Quantified bias and precision using Relative Mean Error 
(RME) and Relative Root Mean Squared Error (RRMSE), comparing the 
estimated linear predictor ("𝐿𝑃) to the true predictor (𝐿𝑃), for a typical subject:

FREM models were successfully implemented, treating covariates as additional 
dependent variables alongside the RTTE outcome and estimating the joint 
multivariate normal distribution. The covariate effects were derived from the full 
variance-covariance matrix between the random effects and the covariates.

Figure 3. Relative mean error (RME) and relative root mean square error (RRMSE) on the linear 
predictor depending on the various scenarios, obtained across 100 simulations. The error bar 
show the 95% confidence interval around the RME. 

FREM maintains near-zero bias regardless of the number of 
correlated covariates included. In contrast, standard FEM 
exhibits progressively larger bias as collinearity increases.

Impact on

Models including 4 or 5 covariates per correlation blocks (i.e. 16 or 20 
covariates in total) had issues related to convergence stability, possibly 
caused by over-parameterization.

The traditional FEM approach breaks down under missing data 
(RME = 34.3% in the worst-case scenario involving 50% 
missing data on the four active covariates and 3 correlated 
covariates per correlation block), while the FREM approach 
maintains robust and unbiased estimations even at 50% 
missingness (RME = 1.2% in the same scenario).

• Missingness

• Collinearity

High (0%) Medium (20%) Low (50%)
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• Accuracy Across both medium and low-quality data, FREM demonstrates 
consistently superior precision (lower RRMSE) compared to 
standard fixed-effects modeling.

Traditional FREM implementations (using IMP MAP algorithm) recommend 
covariate residual error variances to be fixed at negligible values (e.g. 10−6). 

This process created significant bias with the SAEM algorithm, 
depending on the proportion of missing data in the covariates.
We adapted the process to natively estimate these variances, 
eliminating the bias regardless of missingness.
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• Missingness scenarios: Three data quality levels were simulated on true active 
covariates: 

Covariate number

C
ov

ar
ia

te
 n

um
be

r

4. Delyon et al. (1999), doi:10.1214/aos/1018031103
5. Jonsson et al. (2024), doi:10.1002/psp4.13110

𝐿𝑃 = 𝑋×𝛽% and :𝐿𝑃 = 𝑋× ;𝛽% where 𝑋 = [𝐶𝑜𝑣#, … , 𝐶𝑜𝑣&]
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Implementation challenges

Software-independent caution is advised for SAEM / FREM combinations
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Model implementation

Conclusions

Implementing a full random effects model (FREM) 
workflow in R using the saemix package

Investigations on 𝜎 for the covariate models

Figure S1. Relative mean error (RME) and relative root mean square error (RRMSE) on 
the linear predictor depending on various scenarios by fixing or estimating the residual 
error variances for the covariate models (𝜎), obtained across 100 simulations. The error 
bar show the 95% confidence interval around the RME. 

Investigations on the missingness proportion

• Low fixed 𝜎" values introduced a high bias in the estimation. In 
particular:

– 𝜔 relative to the baseline hazard ℎ! was over-estimated

– Covariate effects (𝛽" ) were under-estimated 

• Estimated values of 𝜎" were close to 0.15 in mean, and avoided bias

• Covariate models: The model for covariate 𝑥 can be defined as:

• Estimation strategies: Evaluated under the medium data quality scenario 
(true active covariates only):

– Fixed 𝜎" : Evaluated across a grid of values (𝜎" ∈
10#$, 10#%, 10#&, 10#', 10#(, 10#)

Rationale: Fixing 𝜎" near zero resolves structural unidentifiability; with 
only a single baseline observation per individual, the model cannot 
distinguish between IIV and residual error.

– Estimated 𝜎" : Full estimation of 𝜎" parameters

• Evaluation metrics: Relative Mean Error (RME) and Relative Root Mean 
Square Error (RRMSE).

Supplementary material
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• Estimation strategies: Evaluated under the scenario involving only the true 
active covariates, and fixing all the 𝜎" to 10#$ :

– Varying the proportion of missing data in the covariates (from 5% to 
50%, by 5%)

• Evaluation metrics: Relative Mean Error (RME) and Relative Root Mean 
Square Error (RRMSE).

Figure S2. Relative mean error (RME) and relative root mean square error (RRMSE) on the 
linear predictor depending on various scenarios of missingness, obtained across 100 
simulations. The error bar show the 95% confidence interval around the RME. 

Additional results for all covariates scenarios

Figure S3. Relative mean error (RME) and relative root mean square error (RRMSE) on the 
linear predictor depending on all the scenarios, obtained across 100 simulations. The error bar 
show the 95% confidence interval around the RME. 

• Bias increased proportionally with the missing data rate up to 40%, 
after which a distinct/paradoxical drop in bias was observed.

Example of a FREM implementation using saemix

Long data format

Structural model definition saemix specification

• High, though statistically non-significant, bias in high-dimensional 
covariate spaces (4–5 covariates per correlation block, meaning Ω of 
size 17x17 or 21x21).


