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MSE for response 2 with R² = 0.33
Figure SF1 and SF 2 are in analogy to Figure 2 from the main paper; the difference is the lower (SF 2) and higher (SF 3) R2.
[image: ] Supplementary Figure SF 1: Mean squared error over 1000 simulations of setting 2 with SNR of 0.5 (a weak association between age, sex, age:sex and the response). The gray vertical dashed lines correspond to median MSE in internal validation data using BE-BIC with covariates entering linear only.



[bookmark: _Toc146639679]MSE for response 4 with R² = 0.8
[image: ]Supplementary Figure SF 2: Mean squared error over 1000 simulations of setting 2 with SNR of 4 (strong association between age, sex, age:sex and the response). The gray vertical dashed lines correspond to median MSE in internal validation data using BE-BIC with covariates entering linear only.
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Supplementary Figure SF 3: Average coefficient size from Approach 1 (1st + 2nd order effects (discrete)) over 1000 simulations in setting 1. The true underlying coefficients are all zero. 















[bookmark: _Toc146639681]Piecewise constant predictions of approach 1
The categorization of the continuous variable age leads to piecewise constant predictions that can be seen in Figure SF 4 (top and bottom panel). In practice, such jumps in the predictions are usually unrealistic. Using, e.g., restricted cubic splines (RCS) the predictions of the model are very close to the true effects over the entire range of age (middle panel).
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Supplementary Figure SF 4: top panel, approach 1a using arbitrary categorization of age predicts piecewise constant values of the response. Middle panel, approach 3c using restricted cubic splines, model-based predictions overlap the true effect. Bottom panel, approach 1a in a setting of a linear increase for females above middle age. (colored lines = predictions; black solid line = true effect for males, black dotted line = true effect for females).

[bookmark: _Toc146639682]Significance of strata
Figure SF 5 shows that the probability for a stratum to be significant depends on how close it lies to the reference stratum. For smaller and mediums sized dataset the problem is more pronounced.
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Supplementary Figure SF 5: : Frequencies of p-values <0.05 across all simulations. Gray dashed line represents location of reference category, i.e. from the center of the data.
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This study has in fact implemented an adapted version of a two-stage approach suggested for variable selection and finding the optimal functional form of a continuous covariate [1, 2]. The approach is as follows:
1. Define different models modeling continuous covariates either linear or using a functional form
2. Resample the data using bootstrap with replacement or repeated k-fold cross-validation [3]
a. Use BE-BIC to select variables (and interaction terms)
b. Predict outcome in internal validation data (out-of-bag) using the resulting model from BE-BIC
c. Use some model calibration measure such as MSE or strictly proper scoring rules corresponding to the modelled response [4, 5]
3. Over all bootstrap iterations, count model selection frequencies and average the calibration criteria
In practice this approach, as all others, cannot guarantee to result in the true model and also other issues are involved [6]. However, as results of this study have shown, the probability of creating false-positive and spurious results is considerably lower compared with other proposals for examining intersectionality. In our example (setting 2 with SNR of 1; sample size = 1000), BE-BIC always selected the true model most frequently and had lowest MSE. We would decide for a model using the terms age + sex + age:sex and age modelled with RCS with three degrees of freedom (Supplementary Table ST1).
Supplementary Table ST 1: Summary of selection frequencies from BE-BIC (setting 2 with SNR of 1; sample size = 1000) and corresponding mean squared error in internal validation data.
	Included terms
	Selection frequency
	Aproach
	MSE

	Age | Sex | Age:Sex
	45.20%
	BE-BIC (linear)
	0.926

	Age | Sex | Diabetes | Age:Sex | Age:Diabetes
	7.30%
	BE-BIC (linear)
	0.924

	Age | BMI | Sex | Age:BMI | Age:Sex
	6.50%
	BE-BIC (linear)
	0.934

	Age | Sex | Age:Sex
	68.00%
	BE-BIC (rcs, df=2)
	0.772

	Age | Sex | Diabetes | Age:Sex | Sex:Diabetes
	5.80%
	BE-BIC (rcs, df=2)
	0.800

	Age | Sex | Diabetes | Age:Sex
	4.70%
	BE-BIC (rcs, df=2)
	0.775

	Age | Sex | Age:Sex
	77.20%
	BE-BIC (rcs, df=3)
	0.736

	Age | Sex | Diabetes | Age:Sex
	6.00%
	BE-BIC (rcs, df=3)
	0.745

	Age | Sex | Diabetes | Age:Sex | Sex:Diabetes
	6.00%
	BE-BIC (rcs, df=3)
	0.758

	Age | Sex | Age:Sex
	79.80%
	BE-BIC (rcs, df=4)
	0.739

	Age | Sex | Diabetes | Age:Sex | Sex:Diabetes
	6.30%
	BE-BIC (rcs, df=4)
	0.758

	Age | Sex | Diabetes | Age:Sex
	6.10%
	BE-BIC (rcs, df=4)
	0.746


[bookmark: _Toc146639684]Sensitivity analyses
In this analysis we assumed a more realistic setting and simulated a covariance structure being representative for the general population. We used a scientific use file of the German Ageing Survey [7, 8] from 2014; a nationwide study being representative for the adult German population > 40 years. Form this study we selected covariates age, sex, BMI, education (ISCED levels), and presence of diabetes.
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Supplementary Figure SF 6: All bivariate associations between age, sex, BMI, education, and diabetes in data of the German Ageing Survey 2014.


For simulations we used the following covariance matrix () which relates to the respective matrix of correlation ():




Setting 1 remained the same, i.e. none of the covariates was associated with the response. In setting 2 however, we included an interaction of BMI and diabetes in a form that a frailty score increases if high BMI and diabetes are present:
.
With: A = age, B = BMI, D = diabetes, and S = sex.

[bookmark: _Toc146639685]Results of setting 1

Supplementary Table ST 2: Simulation results for setting 1 on correctly identifying intercept only model (numbers in parentheses relate 25th, 50th 75th percentile of erroneously chosen terms).
	Sample size
	1st + 2nd order (discrete)
	1st + 2nd order (mixed)
	3 group 
strata
	BE-BIC 
(linear)
	BE-BIC
(rcs, df=2)
	BE-BIC
(rcs, df=3)
	BE-BIC
(rcs, df=4)

	200
	1.80% (4; 7; 11)
	7.90% (2; 4; 6)
	5.40% (2; 4; 7)
	35.60% (0; 3; 6)
	47.10% (0; 1; 7)
	56.10% (0; 0; 7)
	56.10% (0; 0; 7)

	300
	1.50% (4; 7; 10)
	7.30% (2; 4; 6)
	5.80% (2; 4; 7)
	39.20% (0; 3; 5)
	51.70% (0; 0; 5)
	60.20% (0; 0; 3)
	64.70% (0; 0; 3)

	500
	1.20% (4; 7; 10)
	6.00% (2; 4; 6)
	4.20% (2; 4; 6)
	47.40% (0; 1; 3)
	61.40% (0; 0; 3)
	67.90% (0; 0; 3)
	72.00% (0; 0; 1)

	1000
	1.10% (5; 7; 10)
	4.60% (2; 4; 6)
	3.20% (2; 4; 7)
	56.90% (0; 0; 3)
	70.90% (0; 0; 1)
	77.40% (0; 0; 0)
	81.00% (0; 0; 0)

	2000
	0.70% (5; 7; 10)
	4.20% (2; 4; 6)
	2.30% (2; 4; 6)
	65.70% (0; 0; 3)
	79.90% (0; 0; 0)
	85.10% (0; 0; 0)
	87.50% (0; 0; 0)

	3000
	0.70% (4.75; 7; 10)
	4.50% (2; 4; 6)
	3.90% (2; 4; 6)
	69.00% (0; 0; 3)
	84.50% (0; 0; 0)
	88.30% (0; 0; 0)
	90.00% (0; 0; 0)





[image: ]
Supplementary Figure SF 7: Mean squared error over 1000 simulations of setting 1 (no association between covariates and the response) but with considerable more association between covariates in this sensitivity analysis. The gray vertical dashed lines correspond to median MSE in internal validation data using BE-BIC with covariates entering linear only.
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Supplementary Table ST 3: Simulation results for setting 2 on correctly identifying age + sex + BMI + diabetes + age:sex + bmi:diabetes (numbers in parentheses relate 25th, 50th 75th percentile of erroneously chosen terms).
	Sample size
	Response
	1st + 2nd order (discrete)
	1st + 2nd order (mixed)
	BE-BIC 
(linear)
	BE-BIC 
(rcs, df=2)
	BE-BIC 
(rcs, df=3)
	BE-BIC 
(rcs, df=4)

	200
	Y3
	1.6% (2; 5; 9)
	37.9% (3; 5; 7)
	25.0% (0; 2; 4)
	37.0% (0; 2; 3)
	47.1% (0; 1; 2)
	47.1% (0; 1; 3)

	300
	Y3
	2.5% (3; 5; 8)
	52.3% (3; 5; 7)
	25.7% (0; 2; 4)
	45.0% (0; 1; 2)
	60.0% (0; 0; 2)
	63.2% (0; 0; 1)

	500
	Y3
	3.7% (3; 5; 8)
	69.3% (3; 5; 7)
	34.0% (0; 2; 3)
	55.1% (0; 0; 2)
	70.1% (0; 0; 1)
	72.1% (0; 0; 1)

	1000
	Y3
	12.0% (3; 5; 7.25)
	86.9% (4; 5; 7)
	34.1% (0; 2; 3)
	57.4% (0; 0; 2)
	77.1% (0; 0; 0)
	80.0% (0; 0; 0)

	2000
	Y3
	36.2% (3; 5; 8)
	97.3% (4; 6; 8)
	40.2% (0; 2; 2)
	64.1% (0; 0; 2)
	83.5% (0; 0; 0)
	85.6% (0; 0; 0)

	3000
	Y3
	55.9% (3.75; 5; 8)
	99.2% (4; 6; 8)
	44.5% (0; 2; 2)
	63.8% (0; 0; 2)
	87.0% (0; 0; 0)
	88.3% (0; 0; 0)


* Note, approach 2 (stratification) was not included as identification of the true underlying effects is not possible using this approach.

[image: ]Supplementary Figure SF 8: Mean squared error over 1000 simulations of setting 2 with SNR of 1 (moderate association between age, sex, BMI, diabetes, age:sex,   BMI:diabetes, and the response). The gray vertical dashed lines correspond to median MSE in internal validation data using BE-BIC with covariates entering linear only.
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In our example (setting 2 with SNR of 1; sample size = 1000), BE-BIC always selected the true model most frequently and had lowest MSE. We would decide for a model using the terms age + sex + BMI + Diabetes + age:sex + BMI:diabetes; age and BMI would be modelled using RCS with three degrees of freedom (Supplementary Table ST1).

Supplementary Table ST 4: Summary of selection frequencies from BI-BIC and corresponding mean squared error in internal validation data.
	Included terms
	Selection frequency
	Aproach
	MSE

	Age | BMI | Sex | Diabetes | Age:Sex | BMI:Diabetes
	23.70%
	BE-BIC (linear)
	0.4755

	Age | BMI | Sex | Diabetes | Age:Sex | Age:Diabetes | BMI:Diabetes
	18.20%
	BE-BIC (linear)
	0.4808

	Age | BMI | Sex | Diabetes | Age:BMI | Age:Sex | BMI:Diabetes
	8.80%
	BE-BIC (linear)
	0.4945

	Age | BMI | Sex | Diabetes | Age:Sex | BMI:Diabetes
	59.00%
	BE-BIC (rcs, df=2)
	0.3000

	Age | BMI | Sex | Diabetes | Age:Sex | Age:Diabetes | BMI:Diabetes
	12.20%
	BE-BIC (rcs, df=2)
	0.3029

	Age | BMI | Sex | Diabetes | Age:BMI | Age:Sex | BMI:Diabetes
	7.50%
	BE-BIC (rcs, df=2)
	0.3104

	Age | BMI | Sex | Diabetes | Age:Sex | BMI:Diabetes
	85.60%
	BE-BIC (rcs, df=3)
	0.2599

	Age | BMI | Sex | Diabetes | Age:Sex | BMI:Diabetes | Sex:Diabetes
	4.70%
	BE-BIC (rcs, df=3)
	0.2642

	Age | BMI | Sex | Diabetes | Age:Sex | Age:Diabetes | BMI:Diabetes
	1.80%
	BE-BIC (rcs, df=3)
	0.2762

	Age | BMI | Sex | Diabetes | Age:Sex | BMI:Diabetes
	86.00%
	BE-BIC (rcs, df=4)
	0.2612

	Age | BMI | Sex | Diabetes | Age:Sex | BMI:Diabetes | Sex:Diabetes
	5.70%
	BE-BIC (rcs, df=4)
	0.2650

	Age | BMI | Sex | Education | Diabetes | Age:Sex | BMI:Diabetes
	1.80%
	BE-BIC (rcs, df=4)
	0.2605
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