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• The STRATOS initiative: TG2 and others

• The role of data-driven variable selection in empirical research

• Principled data screening to avoid random data explorations

• Variable selection in practice – a systematic review

• Performance of variable selection methods – a simulation study

• Expectations about different methods

• Where do those methods meet our expectations?

• Including functional form selection in variable selection – current activities



The STRATOS initiative and TG2
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What are the aims of modeling?

• … or to describe?
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• “It can be argued that each research data analysis task has either 

• (i) a descriptive purpose—characterizing the distribution of a feature or health outcome in a population, 

• (ii) a predictive purpose—producing a model or algorithm for predicting future values of an outcome given 

individual characteristics, or 

• (iii) a causal purpose—investigating the extent to which health outcomes in a population would be different if a 

particular intervention were made.”

2025



To Describe, to Predict or to Explain?
• Descriptive models 

• In order to describe a feature/outcome in a population, one uses models to connect expected 

values of ‘independent’ variables

• Capture the data structure parsimoniously

• Which variables is the outcome associated with, and how?   VARIABLE SELECTION

• Smoothing/functional forms: efficient estimation of expected values  FUNCTIONAL FORM ESTIMATION

• Prediction models

• Interest in accurate predictions for future application

• Explanatory (causal) models

• Interest in effect of an intervention on an individual’s outcome

Often several modeling goals simultaneously:

• Transparent prediction models (D + P)

• Counterfactual prediction models (E + P)
(Shmueli, 2010)
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Prespecification and selection of variables and functional 
forms depends on the modeling aim

Modeling aim Prespecification of 
variables based on 
expertise

What data-driven 
selection may add

What functional form 
estimation may add

Description What are the variables I 
want to consider?

Remove irrelevant 
predictors

Remove local biases 
resulting from incorrect 
specification

Prediction Availability, chronology, 
costs, assumed 
associations with Y

Reduce model size, 
reduce prediction error

Optimize calibration, 
reduce prediction error

Explanation Confounders that need 
to be adjusted for 
(DAGs)

Reduce MSE of effect 
estimate

Remove residual
confounding resulting 
from too simplistic 
assumptions
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Prespecification vs. data driven approach vs. IDA
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• Path A: EDA (exploratory data analysis) leaves
door open for HARKing and other unaccounted
sources of bias and variation

• Path C: full prespecification often unrealistic

• Path B:
Prespecify analysis strategy in SAP v1

• Specify „Initial Data Analysis (IDA)“ plan: 

• IDA≠EDA: no outcome-predictor snooping!

• Perform IDA: provide foundation for

• Later interpretation of results

• Later presentation of results

• Amendments of SAP

• Finalize SAP v2

• Perform analysis according to SAP v2

Heinze et al, Regression without regrets‘, BMC Med Res Meth 2024



Domains of IDA 
(data screening)
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• Prerequisites – metadata

• IDA makes data fit for purpose

• needs to build on analysis strategy

• Define roles of variables of interest

• Missing values

• Univariate distributions

(predictors+outcome)

• Multivariate distribution (predictors)

Heinze et al, Regression without regrets‘, BMC Med Res Meth 2024



Potential impact of (outcome-agnostic) IDA
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• Remove predictors

• because of excessive missing values

• because of redundancy

• Transform predictors

• reparametrize a set of correlated predictors to

increase interpretability:

see Gregorich et al, 2021

• to remove impact of high (low) data points

• See Heinze et al, 2024

• Decide on functional form

• Sparse distributions may call for simpler 

functional forms



Prediction modeling in the times of a pandemic
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• Wynants et al reviewed 232 models prediction models for Covid-19

BMJ, 2020



A snapshot of the practice of model building
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• We reanalyzed these studies for aspects of model building

• 181 models were selected based on our inclusion criteria

• Core team of TG2: 

Michael Kammer (Vienna), Gregor Buch (Mainz), Marc Henrion (Malawi), G.H.

2 reviewers per model, consensus meeting



A snapshot of the practice of model building
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Results of model building review: variable selection
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• Main path: 

• No variable screening

• Univariable selection

• and multivariable selection

• That is quite the opposite of what

we preach



Results of model building review: 
variable selection methods
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Results of model building review: functional forms
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Variable selection: current practice
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• Many authors have advised against using univariable
selection (e.g., Sun et al. 1996, Harrell 2015, Heinze and 
Dunkler, 2017)

• Our review of model building strategies 
and many others identified that univariate selection 
(“bivariable analysis”) is still in wide use

• (and its actual, silent use may be even much more 
widespread)

• Outcome-agnostic data screening is often not performed, or 
not mentioned

• Was it done before locking the statistical analysis methods?

Selected predictors

Univariate selection

Background knowledge



Comparing methods - a review and new simulations
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Our recommendations:
• Generate an initial working set of variables
• Decide whether VS should be applied, by which

method and to which variables
• Only variables where inclusion is

questionable
• BE preferred
• Only with EPV>25
• 10<EPV<25: with shrinkage methods
• EPV<10: no

• Perform sensitivity analyses and stability
investigations

• Solve the problem of selective inference

Challenge these
recommendations



Main aims of this simulation study

Center for Medical Data Science – Institute of Clinical Biometrics

Georg Heinze

22

• Descriptive modeling:

• Correct/false inclusion/exclusion rates

• Bias/variance/MSE of regression coefficients (also descriptive)

• Validity of confidence intervals

• Predictive modeling:

• Prediction error

• Calibration

• Variable importance ranking (also descriptive)



Data generating mechanisms
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• 20 potential predictors, among them 10 ‚true‘ and 10 

‚non-‘ predictors

• Distributions:

• Resembling real data (NHANES, mixed types) or multivariate 

normal

• Correlation structures:

• Resembling real correlation structure (NHANES), or

independence

• True effects:

• Standardized coefficients distributed from 1.5 to 0.25

• Continuous and binary outcome

Ullmann et al, 2026



Methods
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• We considered three groups of methods(criteria),
with different target characteristics:

• ‚Mild selectors‘ (noise removers): target TPR>0.95, FPR<0.75

• Lasso(CV), BE(0.5)

• Aiming at removing the noise (screening)

• ‚Intermediate selectors‘ (predictor selectors): target TPR>0.8, FPR<0.2

• BE(AIC), AdaLasso(CV), Rlasso(CV)

• Aiming at prediction performance

• ‚Strict selectors‘ (model identifiers): target TPR>0.5, FPR<0.1 

• BE(0.05), BE(BIC), Rlasso(BIC)

• Aiming at identifying the data generating model

• Comparisons within these groups:

• At which sample size/R2 can these methods be safely used?



Estimands and targets
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• Regression coefficients and their 95% confidence intervals (when available)

• Selection behaviour

• Predictions in validation set

• Targeting regression coefficients: bias, MSE

• Targeting importance of variables: Kendall 𝜏𝜏𝐵𝐵 (true vs. estimated 𝛽𝛽𝑆𝑆𝑆𝑆𝑆𝑆)

• Targeting CI: coverage, width, probability to exclude 0

• Targeting selection: 

TPR, FPR, Model identification rate, over- and underselection, model size

• Targeting predictions: local/global bias, RMSPE, MAE, AUC, calibration

Performance measures

Selection:
Mild (noise removers)
Intermediate (predictor selectors)
Strict (model identifiers)



Some results
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• Some results of the simulation study based on our interactive Shiny app

• Focus on scenario with:

binary outcome, realistic data, R2=0.05 (weak signal), event rate 0.05

• Comparison with event rate 0.3, and with R2=0.13 (strong signal)

• Performance measures are shown per sample size:

• For noise removers: 

selection probabilities, coverage probabilities

• For prediction model selectors: 

RMSPE, model size

• For descriptive model identifiers: 

model selection rates, variable importance ranking



Noise removers: selection probabilities
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• Logistic regression, event rate 0.05, R2=0.05, realistic predictor distributions



Noise removers: selection probabilities (averaged)
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• Logistic regression, event rate 0.05, R2=0.05, realistic predictor distributions



Noise removers: selection probabilities (averaged)
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• Logistic regression, event rate 0.3, R2=0.05, realistic predictor distributions



Noise removers: coverage of 95%CI

Center for Medical Data Science – Institute of Clinical Biometrics

Georg Heinze

30

• Logistic regression, event rate 0.05, R2=0.05, realistic predictor distributions



Noise removers: summary
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• Inconsistent behaviour of Lasso

• With higher sample sizes, more noise variables are

selected

• Weak signal: needs large sample sizes to meet targets

• Strong signal, BE(0.5):

• LogReg: ≥20 EPV

• LinReg:  >25 EPV

• Coverage of confidence intervals largely violated,

even for very mild selection (BE(0.5)) and high

sample sizes

• Need for addressing postselection inference!



Predictor selectors: RMSPE (root mean squared prediction error)
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• Logistic regression, event rate 0.05, R2=0.05, realistic predictor distributions



Predictor selectors: model size
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• Logistic regression, event rate 0.05, R2=0.05, realistic predictor distributions



Predictor selectors: summary
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• While AdaLasso achieves better prediction

performance (AUC, RMSPE, ICI), it achieves a 

higher model size than RLasso or BE(AIC)

• It always includes noise predictors

• RLasso has problems with a noise predictor

highly correlated to a real predictor

• This improved with independent predictors



Model identifiers: model selection rates
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• Logistic regression, event rate 0.05, R2=0.05, realistic predictor distributions



Model identifiers: model selection rates
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• Logistic regression, event rate 0.3, R2=0.05, realistic predictor distributions



Model identifiers: model selection rates
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• Logistic regression, event rate 0.3, R2=0.05, no correlation between predictors



Model identifiers: importance ranking (of predictors)
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• Logistic regression, event rate 0.05, R2=0.05, realistic predictor distributions



Model identifiers: summary
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• The ‚true model‘ is rarely selected, even at high 

sample sizes or strong signals

• Mostly predictors are missed

• Rlasso overselected

(correlation noise-true predictor)

• Our mild criteria (TPR>0.5, FPR<0.1) are met by

BE(0.05) with strong signals and EPV>=20/40,

but BE(BIC) needed higher EPV

• BE is better able than RLasso to deal with

correlation patterns



Now the fun part: what about univariate selection?
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Some summary of simulation study
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• An interactive Shiny app allows us to perform targeted comparisons

• Scenarios were well aligned such that ‚patterns‘ were similar between
LinearReg, LogReg(0.05), and LogReg(0.3)

• Sample size and 𝑅𝑅2 are the key decisive quantities

• Consistent VS methods: those for which performance increase with sample size:

• Lasso worked fine as ‚prediction machine‘

• Any further restrictions (AdaLasso, Rlasso) to reduce model size decreased its performance

• BE(AIC) better than its reputation

• Inconsistent: performance may decrease with sample size

• Any type of univariate selection, whether or not combined with BE

• At low sample sizes: there is no way around regularization

• At the cost of selection properties

• Performance of RLASSO improved when we removed the strong correlation of a noise variable with a strong predictor

• Others have found superior performance of Relaxed Lasso (with tuned criterion)
(Hastie, Tibshirani, Tibshirani, Statistical Science 2020)

• Indicates necessity of several different studies to compare methods

• Don‘t trust the confidence intervals, even not at BE(0.50)



Towards recommendations
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• What are your expectations?

• Mild, intermediate, strict selection?

• Is the signal/sample size big enough?

• Choose accordingly but avoid univariate selection

• Only variables where inclusion is unclear should be subjected to selection

• Stability analyses: use the bootstrap/subsampling to evaluate model stability

• Report not only final model, but also how you got there



Recommendations on inference
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• In our review we gave some pragmatic recommendations on inference

• Main roadmap: inference is OK in starting (‚global‘) model

• Reduced model can be seen as projection

• Bootstrap may help in assessing uncertainties when selection was performed

• See also prediction stability plots (Riley and Collins, 2023)

• Probably not fully correct (see work of Leeb and Pötscher, 2005, 2008)

• Conservative (Akbari et al, 2026; Wallisch et al, 2021)



Combining variable with functional form selection:
first the DON‘T
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• Training cohort: 

48 events out of 870

• 37 candidate predictors

• All continuous predictors dichotomized

• Univariable selection (p<0.05), then backward selection (p<0.05)

• Simulation of this strategy using small subsets of a large contemporary cohort

(2,051 events among N=19,66

• Poor performance: median AUROC = 0.74

• Better performance if using external knowledge and continuous predictors (AUROC =0.836)



Combining variable with functional form selection:
Better grounded approaches
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• Multivariable fractional polynomials (MFP, Sauerbrei, Royston and Binder, StatMed 2007)

• Multivariable regression splines (MRVS, Royston and Sauerbrei, STATA J 2007)

• Penalty-based approaches (see Kovacs, CompStat 2025):



Combining variable and functional form selection:
Textbook philosophies
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Multivariable fractional
polynomials (mfp2)

Restricted cubic splines
(rms)

Penalized/thin plate splines
(mgcv)

Selection Significance-based No Penalty-based

Smoothing Global: 𝑥𝑥𝑝𝑝1 ,𝑥𝑥𝑝𝑝2 Local: spline based Local: spline based

Basis functions (4df) 2 per variable (FP2) 4 per variable ‚many‘ per variable

Royston and Sauerbrei, 2008                         Harrell, 2015                                 Wood, 2017



Comparison in Pima data set:
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• Predicting diabetes onset (yes/no) in 768 members of Pima nation

• 8 cont. predictors

• Partial linear

predictors for BMI:

4 df 4 df 3.9 edf

4 selected (6 df)               (8 included, 32 df)                6 selected (11.2 edf)



Some ongoing TG2 activities
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• Performance measures for evaluating nonlinear effects:

• Simulation studies:

• Prince T, Kappenberg F, Dunkler D, Sauerbrei W, Heinze G, Schmid M: 

A comparison of variable selection approaches for spline regression (multivariable)

Lead: Group of Matthias Schmid, Bonn, D

• Ullmann T, Dunkler D, Heinze G (Vienna):

A comparison of spline estimators for nonlinear associations (univariable)
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