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Abstract

Objectives: Multivariable regression modeling is central in epidemiological research. Common practice often uses data-driven variable 
selection to identify the variables most strongly associated with the outcome (the goal of descriptive modeling), but this may lead to omis-

sion of relevant covariates, inclusion of noise variables, biased coefficient estimates, and unstable models. Although methodological rec-

ommendations exist, guidance based on systematic and neutral comparison studies remains limited. Therefore, we aimed to provide 
evidence-based guidance on the appropriate use of data-driven variable selection in epidemiological regression modeling, with a focus 
on descriptive modeling.

Study Design and Setting: We conducted a comprehensive simulation study comparing commonly used variable selection approaches, 
including backward elimination (BE) with various selection criteria and variants of the least absolute shrinkage and selection operator 
(Lasso). Methods were evaluated across realistic epidemiological scenarios varying in outcome type (binary or continuous), sample size, 
and signal-to-noise ratio. Performance was assessed using measures relevant to descriptive modeling: variable selection rates (TPR: true 
positive rates and FPR: false positive rates), model selection rates, and bias of regression coefficients.

Results: No single selection method performs uniformly well across all settings. Acceptable performance requires large sample sizes 
and/or strong signal-to-noise ratios. Under such favorable conditions, BE with a mild selection criterion (α = 0.5) performs best in terms of 
high TPR, BE with stricter criteria (α = 0.05 or Bayesian information criterion) performs best in terms of low FPR, and BE with Akaike 
information criterion strikes a balance. Lasso methods do not achieve optimal performance when evaluated against descriptive modeling 
criteria.

Conclusion: Variable selection methods may complement substantive knowledge—driven specification but only under favorable con-

ditions and not as the default strategy in epidemiological analyses. The choice of method should be guided by the desired trade-off between 
high TPR and low FPR, for which we provide a practical decision framework. � 2026 Elsevier Inc. All rights are reserved, including those 
for text and data mining, AI training, and similar technologies.
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1. Introduction

In observational epidemiology, multivariable regression 
models are central tools for estimating associations be-

tween an outcome and multiple independent variables. Af-

ter identifying an initial variable set using subject-matter 
knowledge and/or data availability, researchers frequently 
apply data-driven variable selection post hoc to simplify 
models or construct adjustment sets, often without explicit 
consideration of the underlying analytic objective or the 
conditions under which such procedures are defensible.
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Popular selection methods include backward elimination 
(BE), which starts with a full model (FU) containing all co-

variates from the initial set and iteratively removes variables 
based on a significance threshold α or an information crite-

rion. Penalized estimation methods (eg, Lasso [1]) are 
another option. Reviews consistently show that selection is 
common in applied epidemiology and medicine [2—7], 
despite long-standing concerns [8—11] regarding bias, insta-

bility, and overinterpretation. These concerns include omit-

ting important covariates, selecting noise variables, biasing 
coefficients, and producing unstable selections.

Applied epidemiologists and methodological collabora-

tors would benefit from clearer guidance [12] on when to 
use data-driven selection in analyses, which methods to 
choose under common conditions, and how to select 
method-specific parameters such as α.

Some recommendations already exist. Harrell [8] gener-

ally advises against selection but notes that BE with lenient

α (0.5) may remove irrelevant variables. Heinze et al [10] 
provide guidance using events-per-variable (EPV), defined 
as the number of events (logistic regression) or the sample 
size n (linear regression) divided by the number of covari-

ates in FU. They recommend avoiding selection when EPV 
≤ 10, exercising caution for EPV of 10—25 due to insta-

bility and coefficient bias, and limiting expectations to 
more reliable yet still imperfect performance when EPV 
O25. These recommendations conclude by calling for sys-

tematic comparisons of commonly used methods to inform 
applied practice.

To address this gap, we conducted a neutral simulation 
comparing popular selection methods in common

epidemiological scenarios [13], with the explicit aim of 
translating empirical results into practical guidance for 
routine analyses. A central feature is the explicit consider-

ation of the modeling objective [14—17]―either descrip-

tive, predictive, or explanatory―which critically 
determines whether and how selection should be applied. 
We focus on descriptive modeling, where the objective is 
to characterize associations in a parsimonious and inter-

pretable way rather than to predict outcomes or estimate 
causal effects. Specifically, descriptive modelling may 
aim either to estimate associations in a pre-specified 
model, or to identify variables most strongly associated 
with the outcome, for which data-driven selection may 
be considered (as in this paper); the term is sometimes 
used more narrowly to refer only to the pre-specified esti-

mation aspect. We evaluate performance measures rele-

vant to this objective: variable selection rates (VSRs), 
model selection rates (MSRs), and coefficient bias.

We restrict attention to variants of BE and the Lasso 
[18—21], as these are among the most commonly applied 
methods. Other methods―forward selection and univari-

able selection―are discussed in Section 4. We focus on lo-

gistic and linear regression with low-dimensional data, that 
is, the number of variables is lower than n. Finally, we syn-

thesize our results into a practical decision framework in-

tended to support transparent, informed choices about 
whether and how data-driven variable selection should be 
used in epidemiological practice.

The article is structured as follows: Section 2 summarizes 
the simulation design, Section 3 presents results, Section 4 
discusses recommendations, and Section 5 concludes.

Plain Language Summary

Researchers often use statistical models to study how different variables, such as age, gender, or medical conditions, 
are related to health outcomes. To develop these models, decisions have to be made about which variables to include 
and which to exclude. In practice, this is commonly done applying a data-driven variable selection method on the 
observed data. However, this approach can produce a misleading final statistical model. In this study, we examined 
how well popular data-driven variable selection methods are able to distinguish variables that are truly associated with 
the outcome from irrelevant noise variables. We used computer simulations that mimic real-world epidemiological data 
to compare different approaches, including commonly used techniques such as BE and Lasso. We evaluated these 
methods under a range of conditions, including small versus large sample sizes and strong versus weak relationships 
between variables and outcomes. As expected, we found that no method works well in all situations. In particular, all 
variable selection methods tended to perform poorly when the dataset was small or when the relationship between the 
variables and the outcome was weak. In these cases, important variables may be missed, irrelevant ones may be 
included, estimated effects can be biased, and the selected model can vary considerably depending on the specific data 
used. When conditions are more favorable (eg, with large datasets and strong relationships), variable selection methods 
can perform reasonably well. Simpler approaches such as BE can strike a reasonable balance between keeping impor-

tant variables and excluding irrelevant ones, depending on how strict or lenient the statistical criteria for removing vari-

ables are. More complex methods, such as Lasso, did not consistently perform better. Overall, our results suggest that 
data-driven variable selection should not be used automatically. Instead, researchers should first rely on existing scien-

tific knowledge to decide which variables to include. If data-driven variable selection is used subsequently, it should 
only be done under appropriate conditions and with a clear understanding of its limitations. With a decision framework, 
we provide practical guidance to help researchers decide when and how to use these methods more appropriately.
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2. Simulation design

We describe the simulation study using the ADEMP 
structure (aims, data-generating mechanisms, estimands 
and targets, methods, and performance measures) [22]. De-

tails are provided in the peer-reviewed study protocol [13].

2.1. Aims

We examined the performance of selection methods in 
multivariable logistic and linear regression under varying

• sample size/EPV and

• population signal strength (population R 2 ).

2.2. Data-generating mechanisms

2.2.1. Predictors and noise

To ensure a realistic data structure [23], correlations (Fig 
S1) and variable distributions were based on National 
Health and Nutrition Examination Survey [24]. Variables 
were binary, normal, or skewed (Fig S2) and generated

using the normal-to-anything (NORTA) technique [25,26], 
which preserves marginal distributions and correlations. 
We considered 20 variables: 10 true predictors (‘‘predic-

tors’’) and 10 noise variables (‘‘noise’’).

Predictor effects were assigned using standardized 
coefficients:

( 
ß sd

1 ;…;ß sd
10

) t 
= (1:5; − 1; 1; 0:75; 0:5; 0:5; 0:5;

− 0:5; − 0:25; − 0:25)

Predictors were ordered by effect size, with predictor 1 
having the largest effect. Standardized effects were con-

verted to raw coefficients using empirical standard devia-

tions from a large simulated dataset (n = 100, 000). 
Noise variables had a true effect of zero.

2.2.2. The outcome Y
Continuous outcomes were generated by adding random 

noise to the linear predictor defined through assignment of 
effects to predictors, with noise chosen to achieve different 
signals:

• Strong signal: R 2 = 0.45

• Weak signal: R 2 = 0.15

For binary outcomes, a logistic model generated proba-

bilities from the linear predictor, and outcomes were drawn 
from a Bernoulli distribution. Model parameters were

adjusted to vary event rates and Cox-Snell R 2CS, yielding

corresponding population-level area under the receiver 
operating characteristic curve (AUC):

• Event rate 0.3:

— Strong signal: R 2CS = 0:40, AUC = 0.90

— Weak signal: R 2CS = 0:13, AUC = 0.73

• Event rate 0.05:

— Strong signal: R 2CS = 0:16, AUC = 0.94

— Weak signal: R 2CS = 0:05, AUC = 0.78

2.2.3. Sample sizes n
To facilitate comparison between linear and logistic 

regression, we defined n for linear regression and calculated 
corresponding n for logistic regression with event rate 0.3 to 
achieve similar coefficient precision at each aligned n (eg, at 
n = 183 in logistic regression, SEs match those at n = 100 
in linear regression; Table 1). We also added n for 
EPV = 25, as it was mentioned in recommendations [10].

For logistic regression with event rate 0.05, where preci-

sion alignment was unstable, we matched EPV with linear 
regression up to EPV = 25, yielding n = 2000 (EPV = 5), 
4000 (EPV = 10), 8000 (EPV = 20), and 10, 000 
(EPV = 25).

What is new?

Key findings

• Performance of data-driven variable selection 
methods depends strongly on events-per-variable 
and signal-to-noise ratios, with substantial deterio-

ration under sparse data or weak signals.

• When the modeling goal is descriptive, backward 
elimination more reliably balances retention of 
relevant variables against exclusion of noise vari-

ables than Lasso-type procedures.

What this study adds to what is known?

• This study demonstrates the inherent trade-off be-

tween retaining true predictors and excluding noise 
variables and provides a practical framework for 
choosing selection methods accordingly.

What is the implication and what should change 
now?

• Data-driven variable selection should not be 
routine practice and should be used only under 
favorable conditions regarding events-per-variable 
and signal strength.

• Subject-matter—informed prespecification of 
candidate variables remains essential regardless 
of whether data-driven selection is subsequently 
applied.
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2.3. Estimands and targets

We evaluated how accurately methods identified predic-

tors and noise variables and how well true coefficients were 
estimated.

2.4. Methods

We assessed popular selection methods (details in the 
Supplementary Material A):

• BE(0.05), BE(0.50), BE(AIC), BE(BIC): BE with

α = 0.05, α = 0.5, Akaike information criterion 
(AIC), or Bayesian information criterion (BIC)

• Lasso variants

— Lasso(CV): Lasso [1] with 10-fold cross-

validation (CV)

— RLasso(CV), RLasso(BIC): relaxed Lasso [19,20] 
with 10-fold CV or BIC

— AdaLasso(CV): adaptive Lasso [21] with 10-fold 
CV.

• FU: model containing all 20 variables, as reference.

For BE, information criterion selection corresponds to sig-

nificance testing: AIC to α ≈ 0.157 and BIC to an α 
decreasing with increasing n (eg, α ≈ 0.032 at n = 100,

α ≈ 0.002 at n = 10, 000). In this simulation, BIC represents 
the strictest BE criterion. For Lasso variants with CV, predic-

tion performance on test folds was evaluated using deviance 
(logistic regression) or mean squared error (linear regression).

2.5. Performance measures

We evaluated performance by how well methods identi-

fied true predictors and estimated coefficients. The perfor-

mance measures are defined in Table 2. The results were 
averaged over 2000 simulation repetitions.

3. Results

3.1. Variable selection rates: true positive rates and 
false positive rates

Logistic regression with event rate 0.3: Figure 1 shows 
VSR for each of the 10 predictors and 10 noise variables 
in the strong signal scenario (left column) and the weak

signal scenario (right column), for BE methods (upper 
panel) and Lasso variants (lower panel).

The correlations of the variables influence their selection 
rates. For example, the true positive rate (TPR) of predictor

2 tends to be lower than that of predictor 3, although both 
predictors have the same effect size. This is because predic-

tor 2 has a much higher multiple correlation, making it 
harder for selection methods to separate signal from noise.

For BE, higher significance thresholds increase TPR, but 
also false positive rate (FPR). By definition, FPRs correspond 
to selection thresholds (eg, FPR of BE(0.50) are ≈ 0.5).

In the strong signal scenario, mild BE (0.5) reaches TPR 
near 1 for all predictors at moderately large n, albeit with 
high FPR. Stricter criteria (0.05, AIC, BIC) reduce VSR, 
requiring large n to reach TPR near 1.

The Lasso yields high VSR for predictors and noise 
variables, with FPR increasing with growing n. Relaxed 
Lasso yields lower VSR with BIC than with CV. For both 
tuning approaches, very large n are required to reach a 
TPR of 1. Both relaxed Lasso variants struggle with cor-

rect (non) selection of variables with high multiple corre-

lation. At smaller n, relaxed Lasso shows low TPR for 
predictor 2 (the second-largest predictor), which is highly 
correlated with others. One noise variable with high corre-

lations is frequently selected; its FPR even increases with 
n. The adaptive Lasso attains TPR close to 1 for all pre-

dictors for large n, earlier than the relaxed Lasso. Its FPRs 
start relatively high; starting from large n they begin to 
decline.

In the weak signal scenario, FPR resemble those in the 
strong signal scenario, but TPR are lower; larger n are required 
to approach TPR near 1, even for BE(0.50) and the Lasso. 

Logistic regression with event rate 0.05 (Fig S3): Results 
resemble those for event rate 0.3 at corresponding EPV, but 
the low event rate requires much larger n to reach the 
respective EPV. We simulated data only up to 
n = 10, 000 (EPV = 25). Thus, even in the strong signal 
scenario, TPRs for some predictors remain below 1 with 
BE(0.05), BE(BIC), or either relaxed Lasso variant.

Linear regression (Fig S4): Results are very similar to 
logistic regression with event rate 0.3 when compared at 
n aligned by coefficient precision. The aligned n corre-

spond to smaller n but higher EPV in linear regression 
(Table 1), so smaller n are sufficient (but higher EPV are 
necessary) to achieve comparable performance.

Table 1. Sample sizes n and events-per-variable (EPV) for linear regression and logistic regression with event rate 0.3

Regression Label for n:

Very

small Small Medium

Moderately

large Large

Very

large

Extremely

large

Moderately

large

Logistic n 183 365 730 1461 2922 5844 11,687 1667

EPV 2.75 5.48 10.95 21.92 43.83 87.66 175.31 25

Linear n 100 200 400 800 1600 3200 6400 500

EPV 5 10 20 40 80 160 320 25
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3.2. Model selection rates

Logistic regression with event rate 0.3 (Fig 2): In the 
strong signal scenario, only BE(0.05) and BE(BIC) achieve 
moderate-to-high true model MSR for larger n. Among 
these, only BE(BIC) reaches a true model MSR near 1, 
but only at very large n. BE(0.05) achieves a true model 
MSR of |0.6 for large n. As stable selection of the true 
model requires very large n, a pragmatic alternative is select-

ing an overselection model. Methods that consistently 
include all important variables―while accepting some irrel-

evant ones―are preferable up to moderately large n. This 
holds for BE(0.50) and the Lasso, which yield overselection 
MSR above 0.8 for medium n, and near 1 for moderately 
large n. Consequently, for medium or moderately large n, 
BE(0.50) or the Lasso may be preferable to BE(BIC), which 
exhibits high underselection MSR. For very small or small n, 
all methods underselect heavily, making FU―always an 
overselection model―the safest choice.

As expected, results deteriorate in the weak signal sce-

nario. Even at extremely large n, the true model is recov-

ered in only |55% of repetitions for BE(0.05) and |60%

for BE(BIC). Compared to the strong signal scenario, larger 
n are required to achieve high overselection MSR: 
BE(0.50) and the Lasso approach 1 only at very large n. 

Logistic regression with event rate 0.05 (Fig S5): Findings 
match those for event rate 0.3 at corresponding EPV. With 
data simulated only up to n = 10, 000 (EPV = 25), true 
model MSR remain far below 1 even at the largest n. In 
the strong signal scenario, BE(0.05) and BE(BIC) reach true 
model MSR only slightly above 0.5 at n = 10, 000. In the 
weak signal scenario, true model MSR are (near) zero across 
all methods and n.

Linear regression (Fig S6): Results resemble logistic 
regression with event rate 0.3 at aligned n. However, in 
the weak signal scenario, even BE(BIC) and BE(0.05) fail 
to identify the true model in at least 50% of repetitions, 
even at the largest n.

In many applied studies, n is modest, and/or signal 
strength is low. Our results imply that selection methods 
are unlikely to recover the true model in such settings. 
However, because a ‘‘true model’’ does not really exist in 
applications [10,15], for descriptive purposes, a model that 
captures the data reasonably well may suffice.

Table 2. Key performance measures for multivariable regression modeling with a descriptive goal

Performance measure Explanation

Variable selection rates (VSR): 

True positive rate (TPR)

for predictors,

False positive rate (FPR)

for noise variables

Answers which question?

How likely is it for a variable to be selected?

Approximation by simulation:

Frequency with which a specific variable was selected across the simulation repetitions. 

Range & ideal values:

0 to 1. Ideally, TPR should be 1, FPR should be 0.

In most practical situations, ideal TPR and FPR are unlikely.

Model selection rates (MSR):

MSR of true model,

MSR of any ‘‘overselection’’ model, 
MSR of any ‘‘underselection model’’

Answers which question?

How likely is it for a certain type of model to be selected?

• The true model consists exactly of the true predictors.

• Any ‘‘overselection’’ model includes all predictors plus at least one noise variable.

• Any ‘‘under-selection’’ model misses at least one predictor.

The definitions of under-selection and overselection models could also be adapted according to the 
application of interest [27].

Approximation by simulation:

Frequency with which a certain type of model was selected across the simulation repetitions.

Range & ideal values:

0 to 1. Ideally, a variable selection method should have a true model selection rate of 1, which is unlikely 

in most practical scenarios.

Bias of regression coefficients: 

Conditional bias, 

Unconditional bias

Answers which question?

• Conditional bias: If we apply a selection method, what is the expected bias of the regression coefficient 

of a certain variable, given that this variable was actually selected?

• Unconditional bias: If we apply a selection method, what is the expected bias of the regression coef-

ficient of a specific variable, regardless of whether the variable was actually selected?

Unconditional bias results from a combination of (1) how often the variable is expected to be selected 
(selection rate) and (2) what the expected bias is if the variable was selected (conditional bias). 
Approximation by simulation:

Bias is calculated using standardized coefficients for comparability across variables.

• Conditional bias: bias is averaged only across simulation repetitions where the variable was selected.

• Unconditional bias: bias is averaged across all simulation repetitions.In each repetition, an estimated 

coefficient of zero is plugged in for unselected variables.

Range & ideal values:

− ∞ to ∞. Ideally, bias should be 0.

5T. Ullmann et al. / Journal of Clinical Epidemiology 199 (2026) 112423 



Figure 1. Logistic regression with event rate 0.3: For backward elimination and Lasso variants, variable selection rates (VSRs) of the 10 predictors 
(true positive rates) are shown with solid lines, and VSR of the 10 noise variables (false positive rates) are shown with dashed lines. Predictors are 

ranked 1—10 by their true standardized coefficients, with 1 indicating the strongest predictor. For each variable, line color indicates its multiple 

correlation with all other variables (the coefficient of determination from regressing that variable on all others), with the lowest value being 0 and

the highest value being 0.56. Left panel: strong signal scenario 
( 
R 2CS = 0:40 

) 
, right panel: weak signal scenario 

( 
R 2CS = 0:13 

) 
. (For interpretation

of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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3.3. Bias of coefficients

We defined conditional bias as the expected bias of a 
variable’s coefficient, given its selection, and unconditional 
bias as the expected bias of the variable’s coefficient 
regardless of selection (nonselection corresponds to a coef-

ficient of zero). For predictors, (un)conditional bias was 
defined such that positive values indicate overestimation

and negative values underestimation. For noise variables, 
any nonzero estimate indicates overestimation.

Logistic regression with event rate 0.3 (Fig 3, Fig 4): In 
the strong signal scenario, FU shows small (un)conditional 
bias away from zero for predictors at lower n due to finite-

sample bias in maximum likelihood estimates [28]. For 
noise variables, conditional bias increases with stricter se-

lection because selected noise variables must have shown

Figure 2. Logistic regression with event rate 0.3: model selection rate (MSR) of the true model, overselection models, which include all predictors

plus at least one noise variable, and underselection models, which miss at least one predictor. Left panel: strong signal scenario 
( 
R 2CS = 0:40 

) 
,

right panel: weak signal scenario 
( 
R 2CS = 0:13 

) 
.
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stronger effects due to random variance in the respective 
simulated datasets in which they were selected. Conditional 
bias for predictors depends on the method. For BE, up to 
moderately large n, it is often away from zero, especially 
for weaker predictors and stricter selection, reflecting selec-

tion bias: rarely selected predictors must show inflated ef-

fects to be chosen. The Lasso induces conditional bias 
toward zero for predictors (shrinkage). The adaptive Lasso

reduces shrinkage for strong predictors but slightly overes-

timates weaker ones (selection bias). The relaxed Lasso 
does not shrink coefficients, thus showing overestimation 
from selection bias. BIC tuning induces larger conditional 
bias than CV, reflecting stricter selection. As n increases, 
conditional bias declines toward zero across methods, with 
slower convergence for BE(BIC), the Lasso, and the 
relaxed Lasso with BIC.

Figure 3. Logistic regression with event rate 0.3: conditional bias of regression coefficients. Predictors are shown with solid lines and noise vari-

ables are shown with dashed lines. For predictors, values Orbin0 indicate bias away from 0 (overestimation) and values !0 indicate bias toward

0 (underestimation). Predictors are ranked 1 to 10 by their true standardized coefficients, with 1 strongest. For each variable, line color indicates

its multiple correlation with all other variables. Left panel: strong signal scenario 
( 
R 2CS = 0:40 

) 
, right panel: weak signal scenario 

( 
R 2CS = 0:13 

) 
.

(For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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In the weak signal scenario, coefficients are smaller by

design to yield lower R 2CS [13]. Consequently, conditional

(absolute) bias is lower, though patterns persist.

In both scenarios and across methods, unconditional bias 
is smaller than conditional bias for noise variables, since 
coefficients are set to zero when not selected. For predic-

tors, when TPRs are below 1, unconditional bias shifts

downward compared to conditional bias, moving from 
over- to under-estimation. Consequently, for BE with 
stricter criteria, unconditional bias becomes negative for 
several predictors. Unconditional bias for predictors in the 
weak signal scenario is not directly comparable to that in 
the strong signal scenario (different scales) but is more 
negative as fewer predictors are selected.

Figure 4. Logistic regression with event rate 0.3: unconditional bias of regression coefficients. Predictors are shown with solid lines and noise vari-

ables are shown with dashed lines. For predictors, values Orbin0 indicate bias away from zero (overestimation) and values !0 indicate bias toward 

zero (underestimation). Predictors are ranked 1 to 10 by their true standardized coefficients, with 1 strongest. For each variable, line color indicates

its multiple correlation with all other variables. Left panel: strong signal scenario 
( 
R 2CS = 0:40 

) 
, right panel: weak signal scenario 

( 
R 2CS = 0:13 

) 
.

(For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

9T. Ullmann et al. / Journal of Clinical Epidemiology 199 (2026) 112423 



Figure 5. Decision
 

framework: Variable selection
 

methods are grouped
 

into mild
 

selection
 

(left panel), balanced
 

selection
 

offering a compromise between
 

TPR
 

and
 

FPR
 

(middle panel), and
 

strict 
selection

 
prioritizing low

 
FPR

 
(right panel). Tiles indicate whether, for a given

 
sample size/EPV

 
and

 
signal strength, each

 
method

 
meets the prespecified

 
TPR/FPR

 
criteria listed

 
at the bottom

 
of the 

figure, based
 

on
 

the simulation
 

results. For balanced
 

selection, both
 

more stringent and
 

more lenient criteria are shown. Green
 

tiles with
 

checkmarks indicate that the criteria are met, red
 

tiles with
 

crosses indicate that they are not met, and
 

orange tiles with
 

rings (middle panel) indicate fulfillment of the more lenient criteria. Next to each
 

symbol, the mean
 

number of selected
 

variables

(averaged
 

over 2000
 

simulation
 

repetitions) is shown
 

in
 

brackets. Strong signal strength
 

refers to R
 

2
CS=0:40

 
(logistic, event rate 0.3), R

 
2
CS=0:16

 
(logistic, event rate 0.05), R

 
2
 =
 

0.45
 

(linear);

weak signal strength
 

means R
 

2
CS =

 
0:13, 0.05, and

 
R
 

2
 =
 

0.15, respectively. To change the TPR/FPR
 

criteria, we refer to Supplementary Material B. (For interpretation
 

of the references to color in

this figure legend, the reader is referred
 

to the Web
 

version
 

of this article.)
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Logistic regression with an event rate of 0.05 (Fig S7 
and Fig S8): Conditional and unconditional bias mirror pat-

terns of event rate 0.3 at comparable EPV.

Linear regression (Fig S9 and Fig S10): Results resemble 
logistic regression with event rate 0.3 at aligned n. As FU 
estimates are unbiased for all n, mild selection methods such 
as BE(0.50), which select many variables with moderate se-

lection bias, exhibit low bias. Bias is directly comparable be-

tween strong and weak signal scenarios because true 
coefficients are identical. The higher bias under weak signals 
reflects the greater noise added to the linear predictor.

4. Discussion

Our findings have direct implications for epidemiolog-

ical analyses, particularly those with modest EPV where 
data-driven variable selection is often applied post hoc. 
Rather than serving as a default modeling step, data-

driven selection should be considered only when EPV and 
signal strength are sufficient. Figure 5 summarizes these 
considerations in a practical decision framework for 
applied epidemiologists and methodologists advising 
collaborative studies, clarifying when variable selection is 
defensible and when prespecification without selection is 
preferable. Based on our results and the existing literature, 
we recommend the following workflow.

1) Selection should begin with a carefully specified initial 
model, guided by prior knowledge and the literature 
[29], ideally before data collection. Although descrip-

tive modeling does not seek a ‘‘true’’ model, it aims to 
capture underlying population signals. Our results 
show that data-driven selection rarely recovers the 
‘‘true data-generating model’’; researchers therefore 
cannot expect to discover the correct variables through 
selection alone. Even at high EPV, adequate perfor-

mance requires that key variables are included 
initially, because no selection procedure can recover 
those excluded from the initial set.

2) Data-driven variable selection should be applied only 
under favorable conditions with respect to EPV and 
signal strength. To derive practical recommendations, 
we group methods into mild selection (BE(0.50), Las-

so(CV)), strict selection (BE(BIC), BE(0.05), RLas-

so(BIC)), and selection balancing TPR and FPR 
(BE(AIC), RLasso(CV), AdaLasso(CV)). Method 
choice should reflect the desired TPR—FPR trade-

off: mild methods prioritize retaining relevant vari-

ables, strict methods prioritize excluding noise vari-

ables, and balanced methods offer a compromise. 
Figure 5 shows, across sample sizes/EPV and signal 
strengths, whether methods meet predefined TPR/ 
FPR criteria, defined as all predictors exceeding the 
TPR threshold and all noise variables remaining

below the FPR threshold. The displayed thresholds 
provide a reasonable starting point.

Overall, strong signals and/or sufficiently large EPV 
are required to meet these criteria, and coefficient 
bias is generally acceptable when they are fulfilled. 
For mild selection, the Lasso tends to select more var-

iables and exhibits higher FPR than BE (0.50), failing 
the FPR criterion in some logistic regression settings. 
Among balanced methods, BE(AIC) performs best. 
For strict selection, BE(BIC) typically requires larger 
sample sizes than BE (0.05) to meet the TPR crite-

rion. Relaxed Lasso variants fail mainly due to 
elevated FPR driven by highly correlated noise vari-

ables, but performance improves in simplified corre-

lation structures (Fig S11). If different TPR/FPR 
criteria are required for a specific application, see 
Supplementary Material B for an interactive app to 
adjust these criteria (Fig 5).

Our results align with previous recommendations of 
Heinze et al [10] but suggest that EPV thresholds 
should be higher, particularly under weak signals. 
As population-level signal strength is rarely known, 
estimation from prior studies may help. Otherwise, 
assuming a weak signal is a conservative and defen-

sible choice.

3) When variable selection is used, it should be accom-

panied by stability analyses, especially at small-to-

moderate EPV. Resampling approaches [10,30] eval-

uating VSR, MSR, and conditional coefficient bias 
can quantify selection-induced variability.

4) Transparent reporting is essential [6]. Studies should 
document the initial variable set and its rationale, 
EPV, the selection method used (including tuning or 
stopping criteria), and any assessment of stability.

We also assessed forward selection and forward selection 
with BE steps, which perform similarly to BE (Fig S12), but 
we do not recommend them as they can miss variables under 
certain correlations [18]. Augmented backward elimination 
[31], which combines BE with change-in-estimate, performs 
similarly to BE at larger sample sizes but shows higher TPR 
and FPR for smaller sample sizes for logistic regression (Fig 
S12). Supplementary Material C provides an app for more 
detailed exploration of all simulation results. Univariable se-

lection is generally not recommended [32,33]. All findings 
and recommendations apply to descriptive modeling and 
should not be extrapolated to causal or predictive objectives, 
where different performance criteria and guidance are 
required [20,34,35]. Finally, although we used a realistic 
National Health and Nutrition Examination Survey-based 
correlation structure, robustness to alternative structures
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warrants further investigation, as does increasing the number 
of noise variables or considering alternative configurations 
of predictor effect sizes.

5. Conclusion

Selection performance depends critically on EPV and 
signal strength. For descriptive modeling, data-driven selec-

tion is defensible mainly in settings with high EPV and suf-

ficiently strong signal, with the choice of method reflecting 
the desired TPR—FPR trade-off. Careful initial model spec-

ification, stability assessment, and transparent reporting 
remain essential regardless of method.
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