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ABSTRACT

This article describes the design of a neutral comparison study in the context of empirical studies where the interest is in learning
the functional relationship between a continuous error-prone exposure variable and a binary outcome. The performance of
combinations of measurement error correction methods and flexible regression modeling techniques was compared using a
simulation study. The project involved four independent teams, one devoted to Data Generation and Evaluation and the other three
to specific Methods of measurement error correction (regression-calibration and multiple imputation, simulation-extrapolation,
and Bayesian method). The study was conducted in three successive stages. In Stage 1, the first team simulated five datasets
differing only by the true exposure—outcome functional form and distribution of true exposure. Furthermore, the implementation
of flexible modeling methods (B-splines, P-splines, and fractional polynomials) was standardized. The three Methods teams,
blinded to the underlying data generation process, created the codes to implement their methods and provided their results to
the first team, who evaluated them. These codes were then used by this team in the next stages of the project. In Stage 2, the team
simulated 150 additional datasets where other design parameters varied while using the same five exposure-outcome functions.
Stage 3 consisted of simulating independent replications of each of the 150 scenarios considered in Stage 2 to quantify the sampling
variance of the estimates. This work emphasizes the relevance of neutral comparison studies to fairly evaluate statistical methods
aimed at addressing a complex analytical challenge and demonstrates their feasibility through a large collaborative project.

1 | Introduction statistical methods could be used for various types of obser-
vational studies (Sauerbrei et al. 2014, https://stratos-initiative.
The STRengthening Analytical Thinking for Observational Stud- org). This guidance requires reliable evidence on the comparative

ies (STRATOS) initiative aims to provide guidance on which  advantages of different competing methods. Often this evidence
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is provided by simulation studies (Boulesteix et al. 2020). Yet,
biostatisticians teach clinicians the importance of unbiased,
controlled evaluation of treatments, but rarely subject their own
methods to the same standards (Boulesteix et al. 2017; Pawel et al.
2024; Siepe et al. 2024). Neutral comparison studies are those that
are designed to provide such an unbiased, controlled comparison
of competing statistical methods (Boulesteix et al. 2024). They
are especially useful for comparing existing, already described,
methods, rather than a new prototype method (Boulesteix et al.
2024; Heinze et al. 2024). When the study design is non-blinded,
the researchers involved should be neutral, in the sense that
they are reasonably familiar with all compared methods and
without strong prior preference for or strong aversion to one of
the comparator methods (Boulesteix et al. 2013).

This article addresses a complex issue where a neutral com-
parison study is desirable. We consider empirical studies where
the primary interest is in learning the functional relationship
between a continuous predictor, or exposure variable, and an
outcome variable when the exposure variable is measured with
error. When the shape of the exposure-outcome relationship
is nonlinear, it is well known that random error in exposure
measurements can mask the features of the relationship so that
the observed shape may be distorted from the true shape (Carroll
et al. 2006). For example, under specific circumstances (a single
error-prone covariate with classical measurement error), the
estimated relationship is likely to look more linear than it truly
is (Keogh et al. 2012; Ferreira Guerra et al. 2026).

Various statistical methods are available for tackling this problem,
with many flexible regression methods available for modeling
nonlinear relationships on the one hand (e.g., Perperoglou et al.
2019; Royston et al. 1999) and measurement error correction
methods on the other (Keogh et al. 2020; Shaw et al. 2020).
However, relatively little is known about their relative perfor-
mance when these two approaches are combined. To ensure a
fair comparison of alternative strategies combining measurement
error correction methods with flexible modeling methods, we
thought it important to design a neutral comparison simulation
study where researchers involved in proposing different ana-
lytical strategies would be blinded to the actual shape of the
exposure-disease association. This article describes how such a
neutral simulation study was designed. This was a joint work of
two topic groups (TGs) of the STRATOS initiative: TG2 (selection
of variables and functional forms) with expertise in the choice
of functional forms for continuous variables in multivariable
explanatory models and TG4 (measurement error and misclas-
sification) with expertise in statistical methods to account for
measurement error.

2 | Methods
This section is divided into two subsections, one detailing the

project organization and how we ensured a neutral comparison
design, the other briefly describing the simulation study.

2.1 | Neutral Comparison Design

The project involved four independent teams: one “Data Gen-
eration and Evaluation” team and three “Methods” teams

(see Appendix for the list of members in each team). Each
of the latter considered different measurement error correc-
tion methods (regression-calibration and multiple imputation,
simulation-extrapolation [SIMEX], and Bayesian). The teams
were independent in the sense that (i) membership of the teams
was nonoverlapping, and (ii) the methods teams did not confer
with each other when implementing their methods. The study
was conducted in successive stages (Figure 1):

Stage 1 aimed at implementing the methods under blinded
conditions with respect to the data characteristics. The Data Gen-
eration and Evaluation team was in charge of simulating the data
and standardizing the choice and implementation of alternative
flexible modeling methods (B-splines, P-splines, and fractional
polynomials [FPs]). Five datasets were generated differing only
by the true exposure-disease functional form and distribution of
true exposure. The Data Generation and Evaluation team shared
the five datasets with the Methods teams without revealing the
underlying data generation process. Each of the three Methods
teams, in turn, was in charge of creating the codes to implement
their methods. After writing their code and applying it to the
five datasets, they provided their results to the Data Generation
and Evaluation team, who evaluated them. This evaluation was
presented to the Methods teams in a blinded manner to give
them feedback and motivate their interest in continuing the
investigation. The alternative analytical strategies were given a
blinded identification code and then ranked according to their
relative overall performance, as well as separately for each of the
five simulated datasets. When presenting the results, the Data
Generation and Evaluation team did not reveal the identities of
the analytical strategies nor the true functional form underlying
each dataset. After the blinded results were presented, the Meth-
ods teams were asked to finalize their codes and submit them to
the Data Generation and Evaluation team. Some of the Methods
teams created different versions of their methods and were
allowed to try them out on the first datasets. At the conclusion
of Stage 1, they were asked to decide finally which version they
wanted to run with. The codes provided were “generic,” that is,
allowed implementation of the respective methods for different
datasets prepared according to the same principles. These generic
codes were then used to analyze additional data simulated in the
next stages of the project.

Stage 2 aimed at evaluating the performances of the methods
under a much wider range of scenarios. Using the same five
functions defining the exposure-outcome relationship as in
Stage 1, the Data Generation and Evaluation team simulated
150 additional datasets where the combination of four other
design parameters (main study sample size, replication study size,
and the measurement error variance and its distribution) was
varied. After the data were generated, the Data Generation and
Evaluation team ran the codes provided by the Methods team on
these new simulated datasets and evaluated the results. They then
presented the evaluation results to the Methods team, this time
unblinded. Only point estimates were evaluated at this stage.

Stage 3 aimed at assessing sampling variance for the methods’
average performance across repeated sampling. It consisted of
simulating 10 replications of each of the 150 scenarios considered
in Stage 2. A further flexible modeling method, natural splines,
was added at this stage in an unblinded fashion, due to concerns

20f9

Biometrical Journal, 2026

85U801 7 SUOWILLIOD SAIERID 9ot jdde ay) Aq peusenob ale Sap e VO ‘85N JO SanJ o ARIq1T 8UIUO 31 U (SUONIPUOD-PUR-SLLIBIWI0D" A3 1M A eq 1 jBul 1 [UO//Sthi) SUONIPUOD Pue swia | a4} 89S *[9202/80/LT] U0 Ariqiauljuo AB(IM * eIseAIuN-SBImpn1-1eq|y - Bigenes 11{1M Aq SSTOL Wig/Z00T 0T/10p/LI0Y A8 | imAReIq Ul uO//SANY WO1) pepeojumoa ‘v ‘9202 ‘980rT2ST



STAGE 1

Data Generation Team 522{25

3 Methods Teams

Data Generation Team

Simulates 5 datasets and
standardizes spline methods

* Cubic B-splines

* P-splines with 10 interior
knots, penalty optimised
by Methods teams

* Fractional Polynomials

methods

* Bayes
* SIMEX

STAGES2 & 3

Create code to apply

Evaluates and presents
blinded results

* Regression Calibration
& Multiple Imputation

Data Generation Team D Data Generation Team D Data Generation Team

Simulates variants
of 5 datasets

FIGURE 1 | Schematic representation of the project organization.

from members of the Methods teams that the B-spline method
chosen initially may not have been optimal.

2.2 | Simulation Study

Following the recommendation of Morris et al. (2019), the
description of the simulation study is organized according to
the ADEMP structured approach: aims, data-generating mech-
anisms, estimands, methods, and performance measures. The
purpose of this presentation is to give an overview of the sim-
ulation study that was conducted to answer the methodological
question that motivated a neutral comparison design. More
details about the methods and results may be found in Sedki et al.
(2026).

221 | Aims

The aim of the simulation study was to compare the performance
of combinations of measurement error correction methods and
flexible regression methods in retrieving the true functional
relationship between a single continuous exposure variable and a
binary outcome variable when the exposure variable is measured
with classical error.

2.2.2 | Data Generation

Each dataset mimicked a nested case-control study with a
1:4 case:control ratio. A binary outcome Y was generated
from a logistic regression on continuous exposure X, that is,
logit(P(Y =11X)) = f{X), where f{X) represents a possibly nonlinear
exposure-outcome relationship.

We considered five scenarios inspired by examples from real
health studies. For each scenario, we searched the literature for
data to define plausible parameters for the functional form f{X)

Applies codes created
for each method

Evaluates and presents
unblinded results

and the distribution of true exposure X (Table 1, Figure 2). To
ensure that the overall event rate equals 20%, consistent with
the pre-specified 1:4 case:control ratio, first a large number of
pairs of (Y, X) were generated at random according to the true
distribution of X and the relationship logit(P(Y = 1)) = fiX), as
specified in Table 1. Then from this large number of pairs, n/5
pairs were drawn at random from the pairs with ¥ = 1, and
4n/5 pairs were drawn at random from the pairs with Y = 0.
All simulations considered only flX) unadjusted for any other
covariate.

In the first scenario, f{X) was J-shaped borrowing from the rela-
tionship between body mass index (BMI) and all-cause mortality.
The parameters of the functional form f{X) were derived from a
dose-response meta-analysis of 230 cohort studies (Aune et al.
2016). The distribution of BMI as true exposure X was taken as
lognormal on the basis of Silverman and Lipscombe (2022).

The second scenario assumed a linear relationship as reported
in the dietary fat and breast cancer analysis from the National
Institutes of Health-AARP cohort study (Thiébaut et al. 2007).
The exposure was expressed as log percent energy from total fat,
that is, the logarithm of calories from usual dietary fat divided by
energy intake in calories. Its true distribution was derived using
information on the measurement error structure inferred from
the biomarker-based Observing Protein and Energy Nutrition
(OPEN) study (Kipnis et al. 2003).

The third and fourth simulation scenarios were based on the
relationship between air pollution levels and mortality rates
(Cakmak et al. 1999). Exposure X was taken as air pollution level
measured in pg/m?. The authors postulated a threshold model
for mortality rate with a linear increase above a certain threshold
exposure level, denoted by 7 (our third scenario). We alternatively
assumed an exponential increase above the threshold exposure
(our fourth scenario). Moreover, we changed the changepoint
7, from below (third scenario) to above (fourth scenario) the
median of X because previous simulation work had shown that
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TABLE 1 | Parameters used in the generation of the five synthetic datasets.

Scenario Function form f(X)

Values of X to be

Distribution of X reported

(1) BMI and all-cause

mortality + 268 X exp(—0.383 X x) + 0.00197
X exp(0.139 X x)

(2) Dietary fat and Linear: logit (P(y =11x))

breast cancer = —5.78 + 0.545x

incidence

(3) Air pollution and Linear threshold: logit(P(y =11x)

mortality =—-2.2+0.0135 (x — 90),.
where (x—7), =0forx<t

and=(x-17)forx>1
(4) Air pollution and Exponential threshold: logit(P(y =11x)
mortality = —3.2 + exp[0.02 (x — 120), ]

(5) Drug ingestion

and side effect X5+ (1/19) 50°) - In(50° + x°)

J-shape: logit (P(y =1 | x)) = —2.202

Saturation: logit(P(y =11 x)) = In((3/7)

X is taken as the BMI and is From 10.0 to 50.0
assumed to be lognormal: In inclusive in steps
X ~N(3.3,0.25%) of 0.2
The variance of X is 50.5, the mean
is 28, and the median is 27

X is taken as log percent energy From 2.6 to 4.0
from fat, that is, logarithm of inclusive in steps
calories from usual dietary fat of 0.07

intake divided by energy intake in
calories and is assumed to be
normal: X ~ N(3.29, 0.24%)

X is taken to be air pollution level From 45.0 to 155.0
and is assumed to be normal: inclusive in steps
X ~ N(100, 19.42) of 0.55

X is taken to be air pollution level From 40.0 to 160.0
and is assumed to be lognormal: inclusive in steps
In X ~ N(4.5, 0.232) of 0.6

X represents the dose of From 18.0 to 92.0
medication that may vary across inclusive in steps
patients due to different practices of 0.37
among prescribing physicians and
is assumed to be uniform:
X ~ U(30, 80)

Abbreviation: BMI, body mass index.

the position of the threshold may qualitatively impact the biases
caused by measurement error (Kiichenhoff and Carroll 1997).

The fifth scenario was inspired by the Hill equation that is
frequently used in pharmacological modeling to describe a
saturation effect (Goutelle et al. 2008). We postulated a side effect
whose risk is dependent on the dose of drug X that is taken
by the patient, resulting in a monotonic increasing relationship
that eventually reaches a plateau. The distribution of the doses
was assumed to be uniform, reflecting different practices among
prescribing physicians.

For each of the above scenarios, after simulating true exposure
values X and corresponding values of outcome Y, an error-
prone X* = X + e was generated, where measurement error e
was assumed nondifferential with respect to Y, classical (purely
random), with a normal distribution of mean 0 and variance
equal to half that of the variance of true exposure X. In Stage
1, the main study data consisted of 15,000 individuals each with
an independent realization of (Y, X*). In addition, a replication
sub-study consisting of a random subgroup of 250 participants of
the main study, with a second independent realization of X*, was
simulated. Methods teams were not informed of the theoretical
measurement error variance, but they were able to estimate it
from the replication data provided to them. Relatively large sam-
ple sizes were chosen in Stage 1 to ensure convergence of flexible
modeling methods. Smaller sample sizes were investigated later
in Stages 2 and 3.

2.2.3 | Estimands

The estimands of interest were the values of the adjusted true
function f*(X) at the preselected series of X values. The adjust-
ment was made to reflect the 1:4 nested case-control ratio in the
data generated and was given by f*(X) = fiX) + log(0.25(1 — p)/p),
where p = P(Y = 1) in the population. For each dataset, the Data
Generation and Evaluation team provided the Methods teams
with a sequence of 200 X values, for example, for dataset 1, from
10.0 to 50.0 inclusive, in steps of 0.2 (see Table 1). The selected
X values covered the range of the erroneous X* values and thus
were much wider than the true range of X. The Methods teams
were expected to provide corresponding point estimates of f*(X)
for each of these 200 X values.

2.2.4 | Methods

The general principles of the concurrent methods will be pre-
sented here. More details and further references may be found
in Keogh et al. (2020) and Shaw et al. (2020).

2.2.4.1 | Flexible Modeling Methods. In Stage 1, three flex-
ible modeling methods were considered. The first one was cubic
B-splines with one interior knot at the median of observed X*,
whereas the boundary knots were placed at its minimum and
maximum (4 degrees of freedom). The second one was P-splines
with 10 interior knots, with penalty to be optimized by the
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FIGURE 2 | Five forms of f{X) used in the simulations: (1) J-shaped, (2) linear, (3) threshold below the median and linear increase, (4) threshold
above the median and exponential increase, and (5) saturation. The red dotted vertical bars correspond to the limit points.

Methods teams. The third one was FPs of second degree (4 degrees
of freedom) that permits estimating non-monotone functions,
with the same initial set of powers, but leaving it up to the
Methods teams to select the optimal two powers.

After disclosure of the true models underlying the simulated data,
it was decided to additionally implement natural splines as a
fourth flexible modeling method in Stage 3. The natural splines
(2 degrees of freedom) were specified as having three knots, one
at the median, and two at the boundaries, that is, the 5th and 95th
percentiles of X*.

2.2.4.2 | Measurement Error Correction Methods. After
discussion among the project group and with other experts
on measurement error adjustment methods, four methods

were identified as being accepted, well-researched, and easily
programmable: regression-calibration, multiple imputation,
SIMEX, and Bayesian. The Methods teams were formed
on the basis of the expertise of their members with these
methods.

The regression-calibration approach consists of estimating the
conditional expectation of the function f{X) given the error-prone
covariate X* and substituting it for the true covariate in the
logistic regression (Rosner et al. 1989). In the multiple imputation
approach, the imputed f{X) consists of its conditional expectation
given X* and Y plus imputed values of the regression residual
(Cole et al. 2006). Imputation was done 10 times using differ-
ent model parameter values from the corresponding estimated
distributions.
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The SIMEX approach is a two-step method that has been adapted
to various measurement error problems (Cook and Stefanski
1994; Carroll et al. 2006). The general idea is to sequentially
simulate new values of error-prone exposures with gradually
increasing measurement error, and then, for each of the assumed
measurement error levels, estimate the parameter of interest
using the generated variables. The estimates being increasingly
biased, this establishes a relationship between the estimate (and
thus, implicitly, the amount of bias) and amount of added
measurement error. The second step consists in extrapolating this
relationship back to the case of no error. For this project, the team
considered two alternative SIMEX approaches applied either (i)
to the individual points on the curve or (ii) to the estimated B-
spline or FP coefficients (the latter approach was not feasible for
P-splines).

In the Bayesian approach (Gustafson 2003), the team specified
three models: an outcome model for Y given X, an exposure model
for X, and a measurement error model for X* given X, along
with prior distributions for relevant parameters in each of the
three sub-models. This defined a joint posterior distribution of
all parameters and latent X values, given all the observed data.
The team used a particular Monte Carlo Markov Chain algorithm,
Hamiltonian Monte Carlo (Betancourt and Girolami 2013), as
implemented in the Stan software (Stan Development Team 2025)
to obtain a Monte Carlo approximation to this posterior distribu-
tion. Two different summaries for inference were considered: (i)
risk, corresponding to the logit of the posterior mean of risk on
the P(Y = 1) scale, and (ii) logit, corresponding to the posterior
mean on the logit(P(Y = 1)) scale.

2.2.5 | Performance Measures

The main evaluation criterion in Stage 1 was the mean squared
error (MSE), that is, the mean of the squared difference between
the estimated f¥(X), obtained using a given analytical method,
and the true f%(X) over the 200 preselected values of X that
lay within limit points. These limit points were chosen by the
Data Generation and Evaluation team and kept undisclosed to
the Methods teams. They were defined as the 2.5th and 97.5th
percentiles of the distribution of true exposure X to avoid an
excessive impact of estimates in the tails of the distribution.
Values among the 200 estimates of f(X) provided by the Methods
teams for X outside of these limits were discarded. The overall
performance was evaluated as the mean of the MSEs over the
scenarios. In Stages 2 and 3, the main criterion was switched to
log MSE due to the right-skewed distribution of MSE values.

For Stage 1 results, two sorts of benchmarks were obtained based,
respectively, on either using true exposure X (as a lower bound
for MSE) or uncorrected B-spline and P-spline estimation applied
to observed exposure X* (expected to mark the upper bound on
errors). The latter was not performed for FPs, or with the extended
scenarios and replications in Stages 2 and 3.

3 | Results

Here we briefly report on the Stage 1 results to emphasize
the interest of the neutral comparison design. Results from the

extensive simulation study, including variants of the original five
scenarios and the addition of natural splines as a fourth flexible
modeling method, are presented in Sedki et al. (2026).

Table 2 displays the unblinded results with benchmarks. It
should be noted that these results were initially presented in a
blinded fashion to the Methods teams, that is, were displayed
in decreasing order of overall performance but with the blinded
identification code replacing the labels of specific methods.

Both versions of SIMEX performed best, with a slight advantage
of SIMEX applied to individual points over that applied to coeffi-
cients. Multiple imputation performed second best. The Bayesian
methods and the regression-calibration methods performed, on
average, more poorly than the benchmark applied to observed
X*. The ranking across measurement error correction methods
did not vary across the flexible modeling methods except for
one notable exception: The Bayesian approach combined with
B-splines performed much poorer than that combined with
P-splines or FPs, and worse than any of the other methods.

For some scenarios, the spline estimates obtained using uncor-
rected X* values had MSEs that were lower than several of the
correction methods (Table 2). This, rather unexpected, finding
may partly reflect the bias-variance tradeoff. Although measure-
ment error correction methods decrease bias, they also increase
variance, so that MSEs are not guaranteed to be lower than
uncorrected analyses.

4 | Discussion

In this article, we report a multicenter experiment of a neutral
comparison study addressing a complex issue often encountered
in epidemiological studies: How to retrieve the shape of an
exposure—outcome association when the exposure is measured
with error? This article is not intended to provide guidance on the
most appropriate analytical methods to use, which are addressed
in Sedki et al. (2026), but rather to describe the study design
for comparing such methods. Designing a neutral comparison
study for addressing our statistical question was crucial. Had
the Methods teams known the shapes of the relationships, they
could have been tempted to adjust tuning, which would have
introduced overoptimism and, thus, compromised the practical
usefulness of the results.

Neutral comparison studies have been advocated to provide
an unbiased, controlled comparison of competing statistical
methods (Boulesteix et al. 2024). In the present experiment,
neutrality and maintenance of study design were ensured by the
blinded design, by the participation of motivated independent
international teams, and by the strong commitment of a chair
person. Blind analyses have notably been proposed as a correction
for confirmation bias, whereby one concurrent method could be
favored over the others at the outset (MacCoun and Perlmutter
2017). Among several possible techniques, our choice was to keep
the data generation process hidden to those who then imple-
mented the concurrent methods (Dutilh et al. 2019). To prevent
peeking, the members of the Methods teams were from different
institutions than those of the Data Generation and Evaluation
team. To enforce motivation, regular virtual meetings were held
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TABLE 2 | Mean Squared Errors (MSE) of analytic methods with benchmarks. The methods are ordered according to the MSE from lowest

to highest.
Method Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 Average
Bench-PS X 0.0035 0.00008 0.00280 0.0029 0.0035 0.0026
Bench-BS X 0.0029 0.00160 0.00203 0.0034 0.0040 0.0028
SIMEX-PS 0.0034 0.00149 0.00454 0.0039 0.0103 0.0047
SIMEX-BS 0.0078 0.00264 0.00278 0.0033 0.0156 0.0064
SIMEX-FP 0.0054 0.00159 0.00893 0.0069 0.0137 0.0073
SIMEX-BS-coef 0.0068 0.00236 0.00430 0.0052 0.0223 0.0082
SIMEX-FP-coef 0.0067 0.00098 0.01078 0.0142 0.0131 0.0092
MI-BS 0.0101 0.00080 0.00722 0.0150 0.0200 0.0106
MI-PS 0.0108 0.00040 0.00683 0.0157 0.0209 0.0109
MI-FP 0.0099 0.00073 0.00840 0.0165 0.0207 0.0112
Bench-PS X* 0.0101 0.00418 0.00850 0.0023 0.0314 0.0113
Bench-BS X* 0.0124 0.00449 0.00594 0.0028 0.0311 0.0113
Bayes-PS-risk 0.0064 0.00097 0.00919 0.0188 0.0339 0.0139
Bayes-PS-logit 0.0060 0.00102 0.01012 0.0166 0.0369 0.0141
Bayes-FP-risk 0.0139 0.00135 0.01397 0.0326 0.0161 0.0156
Bayes-FP-logit 0.0137 0.00141 0.01457 0.0322 0.0167 0.0157
RC-BS 0.0234 0.00345 0.01085 0.0447 0.0238 0.0212
RC-PS 0.0318 0.00057 0.00597 0.0545 0.0171 0.0220
RC-FP 0.0320 0.00129 0.01277 0.0543 0.0135 0.0228
Bayes-BS-risk 0.0134 0.00187 0.14832 0.1047 0.0868 0.0710
Bayes-BS-logit 0.0130 0.00210 0.38618 0.1102 0.1093 0.1242

Note: The methods are ordered according to the MSE from lowest to highest. Lines in bold correspond to benchmark results, which are supposed to provide upper

and lower bounds (although some methods performed even worse).

Abbreviations: Bench, benchmark; BS, B-splines; FP, fractional polynomials; MI, multiple imputation; PS, P-splines, RC, regression-calibration; SIMEX,

simulation-extrapolation.

for the full project group, within each Methods team, as well
as within the Data Generation and Evaluation team. Similarly,
Geroldinger et al. (2024) built upon an existing consortium of
researchers willing “to learn from each other, and to openly
discuss advantages and drawbacks of the respective methods.”
Our experiment is another illustration of an “adversarial col-
laboration” (Cowan et al. 2020) in the sense that proponents of
different measurement error correction methods have agreed and
worked together to test their intuition. Combining adversarial
collaboration and blind analysis is an innovative feature that has
hardly ever been applied in methodological simulation research
(Kreutz et al. 2020).

Although Stage 1 results are clearly insufficient to draw con-
clusions, we should admit that they looked intriguing to
the Data Generation and Evaluation team. From theoretical
considerations, we had hypothesized that the Bayesian and
multiple imputation methods would be expected to perform
better than regression-calibration, which, in turn, would per-
form better than SIMEX. Instead, Stage 1 results suggested
that, on average, SIMEX performed best, and multiple impu-
tation was next best. The Bayesian method with FPs or P-
splines came third, before regression-calibration, whereas the

Bayesian method with B-splines performed poorly. In the face
of such surprising results, the blinded design helped to insure
against risks of conscious or unconscious biases (MacCoun and
Perlmutter 2015).

Beyond the neutral comparison design, another strength of our
work is the choice of realistic functional shapes using parameters
derived from real datasets (Sauer et al. 2025). The choice of the
five simulation scenarios was driven by the need of a variety
of plausible functional relationships and was not motivated at
all by the idea that some methods may fail or better succeed in
specific cases. The only exception was the linear relationship,
where we expected all methods to perform best but were also
interested to see if measurement error may induce some spurious
nonlinearities. Choosing these scenarios independently from
the methods implementation and in a blinded fashion ensured
prevention of selective reporting and “cherry-picking” of more
favorable results, as did evaluation of results by an independent
team (Pawel et al. 2024; Siepe et al. 2024). Averaging performances
across scenarios in Stage 1 provided a general idea allowing us to
discard variants of methods that would perform especially poorly
in all instances. In Stage 2, when we considered variations of
the five simulation scenarios, some were indeed motivated by
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the intuition that one specific method may perform more poorly
(Strobl and Leisch 2024). Nonetheless, all methods were subjected
to the same scenario variants, so we believe the comparison
remains fair and systematic.

A requirement for neutral comparison studies is the choice of the
evaluation criteria in a rational way (Boulesteix et al. 2013). The
choice of the performance measure was highly debated in the
early phases of the project. We considered unweighted MSE and
MSE weighted by the density of X and mean absolute error, on
either the log odds scale or the risk scale. For Stage 1, after finding
that weighted and unweighted MSE were similar, we chose to
present unweighted MSE on the log odds scale. For the later
stages, however, we finally switched to log MSE. Other criteria
would have been possible, as highlighted in Ullmann et al.
(2025)’s categorization of performance measures for evaluating
estimated associations between continuous predictors and an
outcome.

We note some practical disadvantages of the blinded, controlled
design. It was more difficult to organize and offered less flexibility
to change or introduce new methods. This happened during the
present experiment with the later introduction of natural splines
that had to be done unblinded. In fact, after seeing unblinded
results, members of the Methods teams expressed concerns that
the B-spline method was not optimal. For this reason, a fourth
method, natural splines, was considered in Stage 3. The fact that
the choice was made a posteriori yet weakens any conclusion that
can be drawn about the possible superiority of natural splines over
other flexible regression methods.

Although efforts have been made to standardize the flexible
modeling methods as much as possible, we cannot rule out the
possibility that performance discrepancies between two measure-
ment error correction methods using the same flexible modeling
approach may result in part from some variations regarding how
different Methods teams implemented the same flexible method
(e.g., choice of the penalty for P-splines or the algorithm to
choose best-fitting second-degree FPs). Indeed, Methods teams
sometimes encountered technical difficulties in combining a
specific measurement error correction method with a flexible
modeling approach. For example, the SIMEX coefficient variant
was not feasible for P-splines.

Our study could also be considered limited by the fact that each of
the competing methods was implemented by only one of the three
nonoverlapping teams. An ideal framework would have involved
several teams devoted to the same competing method. It has been
recognized that several teams using the same method may indeed
provide different results, possibly as a consequence of different
levels of expertise (Niefl et al. 2024).

In conclusion, this work emphasizes the relevance of neutral
comparison studies to fairly evaluate statistical methods aimed
at addressing a complex analytical challenge and demonstrates
their feasibility through a large collaborative project. Blinded,
team-based, neutral comparison studies seem most appropriate
when knowing the features of the data could influence the tuning
of the methods, whereas truth is unobservable in real practice.
They are also advisable when one of the methods can currently
be conducted only by the team who developed the method.
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