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Table WA.2.1. Parameter bias of the endogenous regressor
	Sample size
	Model without a copula term
	
	Copula model (control function)
	
	Copula model (maximum likelihood)

	
	Without intercept
	With intercept
	Mean centered
	
	Without intercept
	With intercept
	Mean centered
	
	Without intercept
	With intercept
	Mean centered

	100
	0.416
	1.687
	1.687
	
	-0.010
	1.023
	1.034
	
	-0.010
	1.023
	1.034

	200
	0.420
	1.684
	1.684
	
	-0.003
	0.758
	0.764
	
	-0.003
	0.757
	0.764

	400
	0.421
	1.700
	1.700
	
	-0.007
	0.502
	0.505
	
	-0.007
	0.502
	0.504

	600
	0.426
	1.699
	1.699
	
	0.001
	0.386
	0.388
	
	0.001
	0.386
	0.387

	800
	0.424
	1.692
	1.692
	
	0.000
	0.285
	0.286
	
	0.000
	0.285
	0.286

	1,000
	0.425
	1.694
	1.694
	
	0.000
	0.235
	0.236
	
	0.000
	0.234
	0.235

	2,000
	0.425
	1.693
	1.693
	
	0.002
	0.117
	0.117
	
	0.002
	0.116
	0.116

	4,000
	0.423
	1.691
	1.691
	
	0.000
	0.043
	0.043
	
	0.000
	0.042
	0.042

	6,000
	0.422
	1.692
	1.692
	
	-0.001
	0.045
	0.045
	
	-0.001
	0.043
	0.044

	8,000
	0.422
	1.692
	1.692
	
	-0.002
	0.022
	0.022
	
	-0.002
	0.020
	0.020

	10,000
	0.423
	1.690
	1.690
	
	0.000
	0.015
	0.015
	
	0.000
	0.014
	0.014

	20,000
	0.424
	1.694
	1.694
	
	0.000
	0.011
	0.011
	
	0.000
	0.010
	0.010

	40,000
	0.423
	1.692
	1.692
	
	0.000
	0.003
	0.003
	
	0.000
	0.002
	0.002

	60,000
	0.423
	1.692
	1.692
	 
	0.000
	0.001
	0.001
	 
	0.000
	0.000
	0.000


Note: Bias = parameter estimate – true parameter


Table WA.2.2. Parameter bias of the copula term
	Sample size
	Copula model (control function)
	
	Copula model (maximum likelihood)

	
	Without intercept
	With intercept
	Mean centered
	
	Without intercept
	With intercept
	Mean centered

	100
	-0.058
	-0.311
	-0.315
	
	-0.050
	-0.299
	-0.302

	200
	-0.031
	-0.231
	-0.233
	
	-0.026
	-0.219
	-0.221

	400
	-0.010
	-0.149
	-0.150
	
	-0.009
	-0.136
	-0.137

	600
	-0.007
	-0.114
	-0.114
	
	-0.006
	-0.104
	-0.104

	800
	-0.007
	-0.087
	-0.087
	
	-0.006
	-0.079
	-0.079

	1,000
	-0.005
	-0.070
	-0.070
	
	-0.004
	-0.064
	-0.064

	2,000
	-0.003
	-0.035
	-0.035
	
	-0.002
	-0.032
	-0.032

	4,000
	-0.002
	-0.014
	-0.014
	
	-0.001
	-0.013
	-0.013

	6,000
	-0.001
	-0.014
	-0.014
	
	0.000
	-0.011
	-0.011

	8,000
	0.000
	-0.007
	-0.007
	
	0.000
	-0.006
	-0.006

	10,000
	-0.001
	-0.005
	-0.005
	
	-0.001
	-0.005
	-0.005

	20,000
	0.000
	-0.003
	-0.003
	
	0.000
	-0.002
	-0.002

	40,000
	0.000
	-0.001
	-0.001
	
	0.000
	-0.001
	-0.001

	60,000
	0.000
	-0.001
	-0.001
	
	0.000
	0.000
	0.000


Note: Bias = parameter estimate – true parameter


Table WA.2.3. Percentage of statistically significant parameters (power)
	Sample size
	Model without a copula term
	
	Copula model (control function)
	
	Copula model (maximum likelihood)

	
	Without intercept
	With intercept
	Mean centered
	
	Without intercept
	With intercept
	Mean centered
	
	Without intercept
	With intercept
	Mean centered

	
	Regressor
	Regressor
	Regressor
	
	Regressor
	Copula term
	Regressor
	Copula term
	Regressor
	Copula term
	
	Regressor
	Copula term
	Regressor
	Copula term
	Regressor
	Copula term

	100
	96%
	62%
	62%
	
	100%
	98%
	1%
	3%
	1%
	3%
	
	100%
	99%
	8%
	30%
	8%
	31%

	200
	100%
	89%
	89%
	
	100%
	100%
	2%
	14%
	3%
	14%
	
	100%
	100%
	10%
	46%
	10%
	46%

	400
	100%
	99%
	99%
	
	100%
	100%
	8%
	42%
	8%
	42%
	
	100%
	100%
	17%
	71%
	17%
	72%

	600
	100%
	100%
	100%
	
	100%
	100%
	21%
	68%
	21%
	68%
	
	100%
	100%
	29%
	83%
	30%
	83%

	800
	100%
	100%
	100%
	
	100%
	100%
	31%
	83%
	31%
	84%
	
	100%
	100%
	39%
	92%
	40%
	92%

	1,000
	100%
	100%
	100%
	
	100%
	100%
	41%
	91%
	41%
	91%
	
	100%
	100%
	48%
	96%
	48%
	97%

	2,000
	100%
	100%
	100%
	
	100%
	100%
	80%
	100%
	79%
	100%
	
	100%
	100%
	81%
	100%
	81%
	100%

	4,000
	100%
	100%
	100%
	
	100%
	100%
	99%
	100%
	99%
	100%
	
	100%
	100%
	99%
	100%
	99%
	100%

	6,000
	100%
	100%
	100%
	
	100%
	100%
	100%
	100%
	100%
	100%
	
	100%
	100%
	100%
	100%
	100%
	100%

	8,000
	100%
	100%
	100%
	
	100%
	100%
	100%
	100%
	100%
	100%
	
	100%
	100%
	100%
	100%
	100%
	100%

	10,000
	100%
	100%
	100%
	
	100%
	100%
	100%
	100%
	100%
	100%
	
	100%
	100%
	100%
	100%
	100%
	100%

	20,000
	100%
	100%
	100%
	
	100%
	100%
	100%
	100%
	100%
	100%
	
	100%
	100%
	100%
	100%
	100%
	100%

	40,000
	100%
	100%
	100%
	
	100%
	100%
	100%
	100%
	100%
	100%
	
	100%
	100%
	100%
	100%
	100%
	100%

	60,000
	100%
	100%
	100%
	
	100%
	100%
	100%
	100%
	100%
	100%
	
	100%
	100%
	100%
	100%
	100%
	100%


Note: Statistical significance is calculated using bootstrapped standard errors with 500 resamples and p < 0.05; the given percentages represent the method’s statistical power or sensitivity.
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Table WA.3.1. Bias and power of selected total sample sizes in the multilevel model
	Total sample 
size
	Level 2 (cluster) sample size
	Level 1 (within) sample size
	Random intercept 
multilevel model
	Fixed-effects 
panel model

	
	
	
	Bias 
	Power 
	Bias 
	Power 

	100
	5
	20
	1.06
	7.9%
	1.06
	2.7%

	100
	10
	10
	1.04
	5.8%
	1.04
	2.8%

	100
	20
	5
	0.99
	2.9%
	1.00
	0.8%

	200
	5
	40
	0.76
	24.4%
	0.76
	15.0%

	200
	10
	20
	0.74
	17.4%
	0.74
	12.8%

	200
	20
	10
	0.75
	16.1%
	0.75
	12.4%

	200
	40
	5
	0.78
	13.9%
	0.78
	9.1%

	400
	5
	80
	0.50
	51.6%
	0.50
	41.5%

	400
	10
	40
	0.47
	49.9%
	0.47
	44.6%

	400
	20
	20
	0.49
	47.1%
	0.49
	44.2%

	400
	40
	10
	0.51
	40.9%
	0.51
	37.5%

	400
	80
	5
	0.48
	38.9%
	0.48
	30.3%

	500
	5
	100
	0.41
	64.2%
	0.41
	58.2%

	500
	100
	5
	0.41
	50.9%
	0.41
	44.0%

	600
	10
	60
	0.37
	69.7%
	0.37
	65.7%

	600
	60
	10
	0.36
	64.4%
	0.36
	62.2%

	800
	10
	80
	0.28
	84.4%
	0.28
	82.8%

	800
	20
	40
	0.31
	80.1%
	0.31
	80.3%

	800
	40
	20
	0.25
	84.4%
	0.25
	83.7%

	800
	80
	10
	0.28
	81.9%
	0.28
	79.8%

	1,000
	5
	200
	0.24
	94.9%
	0.24
	92.0%

	1,000
	10
	100
	0.23
	92.0%
	0.23
	90.9%

	1,000
	100
	10
	0.23
	90.5%
	0.23
	90.4%

	1,000
	200
	5
	0.24
	86.4%
	0.23
	82.3%

	1,200
	20
	60
	0.18
	96.8%
	0.18
	96.7%

	1,200
	60
	20
	0.20
	95.9%
	0.20
	96.3%

	1,600
	20
	80
	0.13
	99.4%
	0.13
	99.2%

	1,600
	40
	40
	0.13
	99.6%
	0.13
	99.4%

	1,600
	80
	20
	0.14
	99.4%
	0.14
	99.3%

	2,000
	5
	400
	0.12
	99.8%
	0.12
	99.9%

	2,000
	10
	200
	0.11
	99.9%
	0.11
	100.0%

	2,000
	20
	100
	0.12
	100.0%
	0.12
	100.0%

	2,000
	100
	20
	0.12
	99.9%
	0.12
	99.7%

	2,000
	200
	10
	0.11
	99.6%
	0.11
	99.5%

	2,000
	400
	5
	0.11
	99.9%
	0.11
	99.6%

	2,400
	40
	60
	0.10
	100.0%
	0.10
	100.0%

	2,400
	60
	40
	0.08
	100.0%
	0.08
	100.0%

	3,000
	5
	600
	0.07
	100.0%
	0.07
	100.0%

	3,000
	600
	5
	0.08
	100.0%
	0.08
	100.0%

	3,200
	40
	80
	0.07
	100.0%
	0.07
	100.0%

	3,200
	80
	40
	0.07
	100.0%
	0.07
	100.0%

	3,600
	60
	60
	0.07
	100.0%
	0.07
	100.0%

	4,000
	5
	800
	0.05
	100.0%
	0.05
	100.0%

	4,000
	10
	400
	0.05
	100.0%
	0.05
	100.0%

	4,000
	20
	200
	0.05
	100.0%
	0.05
	100.0%

	4,000
	40
	100
	0.05
	100.0%
	0.05
	100.0%

	4,000
	100
	40
	0.06
	100.0%
	0.06
	100.0%

	4,000
	200
	20
	0.05
	100.0%
	0.05
	100.0%

	4,000
	400
	10
	0.05
	100.0%
	0.05
	100.0%

	4,000
	800
	5
	0.06
	100.0%
	0.06
	100.0%


Note: The table shows the bias of the endogenous regressor and power of the copula term


Web Appendix 4: Additional Results of Simulation Study 4
Design of the simulation study
In Study 4, we extend Study 1 by varying (1) the endogeneity level, (2) the distributional form of Pt, and (3) the ratio of explained to unexplained variance (i.e., the R²). Specifically, instead of using Equation 1, which specifies a correlation of 0.50 between the error term and the endogenous regressor, we use Equation WA.4.1, which specifies an error correlation of {0.10, 0.20, 0.30, 0.40, 0.50, 0.60, 0.70, 0.80}:
		(WA.4.1)
In addition, instead of using Equation 3, in which Pt is uniformly distributed resulting from the cumulative distribution function of the normal distribution , we use Equation WA.4.2, in which  is the inverse cumulative distribution function of one of the following distributions:
1. [bookmark: _Hlk77861771]Gamma | 
2. Chi² |
3. Student t |
4. Beta | 
5. Log-normal | 
		(WA.4.2)
We therefore capture a wide variety of nonnormal distributions, including different levels of skewness and kurtosis, ranging from a low to a high level of nonnormality (for an overview of the expected and average skewness and kurtosis, see the Table WA.4.5.). 
Finally, we vary the ratio of explained to unexplained variance (i.e., the R²) by scaling the variance of the error term ξt in the regression model in Equation WA.4.3 by means of a factor f, which is dependent on: (1) the level of error correlation , (2) the variance of Pt, and (3) the desired ratio of explained to unexplained variance.
		(WA.4.3)
More specifically, we vary the R² from 10% to 70% in steps of 10% (i.e., 0.10, 0.20, 0.30, 0.40, 0.50, 0.60, and 0.70).
We do so by using a factor f in Equation WA.4.3 to scale the variance of the error term ξt in the regression model so that it corresponds to the pre-defined level of the R² values that we vary in our simulation (i.e., a specific ratio of explained to unexplained variance). 
Our calculation of f extends the specification by Mason and Perreault (1991) incorporating the endogeneity problem (i.e., the correlation between the endogenous regressor and the error term), which effects the explained variance: the higher the error correlation the higher the explained variance. More specifically, the factor f depends on: (1) the level of error correlation ρ, (2) the variance of the endogenous regressor Pt, and (3) the desired ratio of explained to unexplained variance. All three elements vary in our simulations: We vary the error correlation ρ (Equation WA.4.4) and the given level of R² (Equation WA.4.5) directly as our primary design factors. In addition, the endogenous regressor’s variance varies with the distribution of Pt (Equation WA.4.6), which is another design factor. It is therefore important to incorporate all these aspects into specifying the correct R² level. 
The total variance of the dependent variable Y is given as:
		(WA.4.4)
		(WA.4.5)
with
and  = 
The variance of the error term can be further decomposed into the variance that is shared with Pt and the variance not shared with Pt, using the squared correlation:
		(WA.4.6)
This allows for determining the unexplained variance in Y:
		(WA.4.7)
and the explained variance in Y:
		(WA.4.8)
Given the unexplained variance in Equation WA.4.7 and the total variance in Equation WA.4.5, we can determine the R² value as
		
		(WA.4.9)
and then solve Equation WA.4.9 for f:
	(WA.4.10)
Equation WA.4.10 shows that, as expected, f depends on (1) the error correlation , (2) the variance of the endogenous regressor var(P), and (3) the specified R² level. The results of our simulation study in Table WA.4.6. show that we simulated datasets successfully with the pre-specified R² level.

Reference
Mason, C. H., & Perreault, W. D. (1991). Collinearity, power, and interpretation of multiple regression analysis. Journal of Marketing Research, 28, 268–280.


Figure WA.4.1. Power differences of the maximum likelihood and the control function approach for different distribution parameters, sample sizes, and endogeneity levels
[image: ]
Note: Higher values denote higher power for the maximum likelihood approach. Colors for distribution parameters:
Beta distribution (p, q): red (0.50, 0.50), green (1, 1), blue (2, 2), purple (4, 4); Chi² distribution (df): red (2), green (8), blue (14), purple (20); Gamma distribution (α, β): red (1, 0.50), green (1, 2), blue (2, 4), purple (4, 2); Log-normal distribution (μ, σ): red (0, 1), green (0, 0.75), blue (0, 0.50), purple (0, 0.25); Student t distribution (df): red (3), green (4), blue (5), purple (6) 

Differences of maximum likelihood estimation 
Overall, the results of the maximum-likelihood estimation are very similar to the control function approach. We reveal only two noticeable exceptions. First, in terms of bias, we find that when the error correlation is small (i.e., 0.10), the maximum likelihood approach shows a (much) larger relative bias than the control function approach, particularly regarding chi-square distributed endogenous regressors. Second, in terms of power, we uncover that the maximum-likelihood approach’s copula parameter has higher power for smaller sample sizes when the error correlation is high, particularly regarding beta distributions. The last finding also results in kurtosis having a slightly increased importance in respect of the copula parameter’s power compared to the control function approach. Nevertheless, increases in power are again relatively small. In respect of, for example, sample sizes of 100, the increase in power is on average about 10% compared to the control function approach.



Figure WA.4.2. Power of the Gaussian copula approach for different distributions parameters, sample sizes, and endogeneity levels
[image: ]
Note: Different colors represent different distribution parameters (see Figure WA.4.1 for more details).

Figure WA.4.3. Power of the copula term for different levels of nonnormality and sample sizes
	A: Absolute skewness
[image: ]
	B: Kurtosis
[image: ]

	C: Cramer-von Mises
[image: ]
	D: Anderson-Darling
[image: ]




Figure WA.4.4. Decision tree for predicting an 80% power of the copula term
[image: ]



Figure WA.4.5. Additional decision trees predicting an 80% power of the copula term
	A: Tree model including sample size, Cramer-van Mises test statistic, absolute skewness*, kurtosis*, and R²*
[image: ]
Classification error: 0.50 % with 1 false negative in 220 design conditions

	B: Tree model including sample size, Anderson-Darling test statistic, absolute skewness*, kurtosis*, and R²*
[image: ]
Classification error: 0.50 % with 1 false positive in 220 design conditions


Note: Variables indicated by an asterisk were not important in the prediction when considering the other variables, and therefore do not appear in the figures.

Table WA.4.1. Expectations and considerations regarding the simulation factors’ effects
	
	Mean Bias
	Relative Bias
	Power Copula
	Power Regressor

	Sample Size
	Based on the results of Studies 1 to 3, we expect both the mean and relative bias to decrease with larger sample sizes. However, we expect that the two metrics are similarly affected, because the sample size does not influence the original endogeneity bias.
(supported)
	Based on the results of Studies 1 to 3 and on general considerations about statistical power, we expect that larger sample sizes increase the statistical power of both the endogenous regressor and the copula term.
(supported)

	R²
	We expect that the endogenous regressor’s bias to increase with decreasing R², because with more unexplained variance relative to the explained variance (i.e., lower levels of R²), the error term’s importance increases, and consequently the endogeneity bias (i.e., the bias in the regression without copula increases). Owing to the increased endogeneity bias, the copula approach needs to correct more bias, thus potentially leaving more bias uncorrected.
(supported)
	While the R² impacts the endogeneity bias and therefore also the remaining bias in the copula regression, we do not have a clear prediction for the relative bias. On the one hand, the larger error variance increases the uncertainty in the model and complicates the model parameters’ identification. This could potentially result in additional remaining endogeneity bias. On the other hand, the Gaussian copula approach should account for the error variance in the estimation (the maximum likelihood approach directly and the control function approach indirectly; Eq. 10 in P&G) so that the performance might not be influenced. 
(no expectations)
	We expect the copula term’s statistical power to decrease with decreasing R². First, the standard regression literature maintains that, in a regression analysis, more unexplained variance relative to explained variance (i.e., lower levels of R²) increases the estimated parameters’ standard errors (i.e., their uncertainty). Second, larger error variances are factored into the copula parameter’s estimate in the control function approach (Eq. 10 in P&G), therefore increasing the estimate’s uncertainty.
(not supported)
	We expect the endogenous regressor’s statistical power to decrease with decreasing R², because the standard regression literature maintains that, in a regression analysis, more unexplained variance relative to explained variance (i.e., lower levels of R²) increases the estimated parameters’ standard errors (i.e., their uncertainty).
(supported)

	Endogeneity Level
	We expect the endogenous regressor’s bias to increase with increasing endogeneity levels, because the original endogeneity bias increases with higher error term correlations, requiring the copula approach to correct more bias. Under stable relative performance, this would lead to larger remaining biases for increased levels of endogeneity.
(supported)
	We expect no or only weak influence of the endogeneity level on the relative bias, because there are two opposing mechanisms that may cancel each other. On the one hand, the original endogeneity bias increases with higher error term correlations, requiring the copula approach to correct more bias. On the other hand, the Gaussian copula model should be easier to identify if the endogeneity (i.e., error term correlation) is large.
(supported)
	We expect the copula term to have a higher statistical power if the correlation between the endogenous regressor and the error term is higher. The higher the error term correlation, the easier it should be to identify a significant copula term parameter with the same sample size, because the parameter estimate is larger.
(supported)
	We have no clear expectations regarding the endogenous regressor’s power. On the one hand, higher endogeneity levels entail higher endogeneity bias, which, in our case, biases the coefficient toward zero, inducing lower power. On the other hand, the copula is better identifiable with larger error correlations, and the correction might therefore work better.
(no expectations)


Table WA.4.1. (continued)
	
	Mean Bias
	Relative Bias
	Power Copula
	Power Regressor

	Distribution of the regressor
	P&G suggest that the endogenous regressor’s nonnormality is essential to identify the Gaussian copula. We therefore expect distributions that deviate more from a normal distribution (e.g., in terms of kurtosis or skewness), reducing the endogeneity bias (both the mean bias and the relative bias) and increasing the copula term’s statistical power.
(supported)
	The endogenous regressor’s remaining bias will also affect its statistical power. When the parameter is biased toward zero the power is reduced, however, when the coefficient is biased away from zero the power is artificially increased. 
In addition, weak identification could possibly also affect the endogenous regressor’s standard errors by introducing a collinearity problem between the copula term and the endogenous regressor, therefore decreasing its statistical power.
Thus, we expect more nonnormal distributions to have a larger power for the endogenous regressor in our model.
(supported)





Table WA.4.2. Effects of key simulation factors on the Gaussian copula maximum likelihood approach’s performance 
	
	
	
	Statistical power
	Bias
	Relative bias

	
	
	
	Copula 
term
	Endogenous regressor
	Endogenous regressor
	Endogenous regressor

	Sample 
size
	100
	
	26%
	75%
	0.186
	51%

	
	200
	
	40%
	87%
	0.119
	32%

	
	400
	
	55%
	94%
	0.066
	18%

	
	600
	
	64%
	96%
	0.044
	12%

	
	800
	
	69%
	98%
	0.033
	9%

	
	1,000
	
	73%
	98%
	0.025
	7%

	
	2,000
	
	81%
	99%
	0.013
	3%

	
	4,000
	
	88%
	100%
	0.007
	2%

	
	6,000
	
	90%
	100%
	0.005
	1%

	
	8,000
	
	92%
	100%
	0.004
	1%

	
	10,000
	
	93%
	100%
	0.004
	1%

	R²
	10%
	
	70%
	86%
	0.069
	13%

	
	20%
	
	70%
	91%
	0.057
	12%

	
	30%
	
	70%
	95%
	0.050
	12%

	
	40%
	
	70%
	97%
	0.044
	12%

	
	50%
	
	70%
	98%
	0.039
	12%

	
	60%
	
	70%
	99%
	0.034
	12%

	
	70%
	
	70%
	100%
	0.030
	12%

	Endogeneity
level 
(error term correlation)
	0.10
	
	29%
	91%
	0.019
	16%

	
	0.20
	
	51%
	93%
	0.027
	13%

	
	0.30
	
	64%
	94%
	0.036
	13%

	
	0.40
	
	74%
	95%
	0.043
	12%

	
	0.50
	
	80%
	96%
	0.050
	12%

	
	0.60
	
	84%
	97%
	0.057
	12%

	
	0.70
	
	88%
	97%
	0.064
	12%

	
	0.80
	
	91%
	98%
	0.073
	12%




Table WA.4.3. p-values from regressing performance criteria on simulation factors 
	
	
	Statistical power
	Mean bias
	Relative bias

	Design factor
	
	Copula 
term
	Endogenous regressor
	Endogenous regressor
	Endogenous regressor

	Sample size
	
	p < 0.001
	p < 0.001
	p < 0.001
	p < 0.001

	Level of endogeneity
	
	p < 0.001
	p < 0.001
	p < 0.001
	p < 0.001

	R²
	
	p = 0.616
	p < 0.001
	p < 0.001
	p = 0.597

	Distribution function
	
	p < 0.001
	p < 0.001
	p < 0.001
	p < 0.001

	Function parameter
	
	p < 0.001
	p < 0.001
	p < 0.001
	p < 0.001


Note: Significant results at p < 0.05 are highlighted in bold. For the statistical power, we estimated logistic regressions and assessed the significance of each design factor, using likelihood ratio tests (i.e., including vs. excluding each factor from the model). For the bias, we estimated a normal regression and assessed the significance of each design factor, using ANOVA’s F-test.



Table WA.4.4. Correspondence analysis of nonnormality tests and the copula term’s significance
	Shapiro-Wilk
	Copula term
	
	Copula term

	
	
	p ≥ 0.05
	p < 0.05
	
	p ≥ 0.05
	p < 0.05

	Nonnormality test
	p ≥ 0.05
	3.9%
	   0.0%
	p ≥ 0.01
	6.2%
	   0.1%

	
	p < 0.05
	38.8%
	57.3%
	p < 0.01
	36.5%
	57.2%

	
	Correspondence rate: 61.2%
	Correspondence rate: 63.4



	Kolmogorov-Smirnov
	Copula term
	
	Copula term

	
	
	p ≥ 0.05
	p < 0.05
	
	p ≥ 0.05
	p < 0.05

	Nonnormality test
	p ≥ 0.05
	5.3%
	 2.1%
	p ≥ 0.01
	6.4%
	 3.4%

	
	p < 0.05
	27.7%
	65.0%
	p < 0.01
	26.5%
	63.7%

	
	Correspondence rate: 70.3
	Correspondence rate: 70.1%



	Kolmogorov-Smirnov with Lilliefors correction
	Copula term
	
	Copula term

	
	p ≥ 0.05
	p < 0.05
	
	p ≥ 0.05
	p < 0.05

	Nonnormality test
	p ≥ 0.05
	6.6%
	   0.3%
	p ≥ 0.01
	10.1%
	   0.8%

	
	p < 0.05
	26.3%
	66.8%
	p < 0.01
	22.9%
	66.2%

	
	Correspondence rate: 73.4%
	Correspondence rate: 76.3%



	Anderson-Darling
	Copula term
	
	Copula term

	
	
	p ≥ 0.05
	p < 0.05
	
	p ≥ 0.05
	p < 0.05

	Nonnormality test
	p ≥ 0.05
	3.9%
	   0.1%
	p ≥ 0.01
	6.2%
	   0.2%

	
	p < 0.05
	29.0%
	67.0%
	p < 0.01
	26.8%
	66.9%

	
	Correspondence rate: 70.9%
	Correspondence rate: 73.1%



	Cramer-von Mises
	Copula term
	
	Copula term

	
	p ≥ 0.05
	p < 0.05
	
	p ≥ 0.05
	p < 0.05

	Nonnormality test
	p ≥ 0.05
	4.8%
	   0.1%
	p ≥ 0.01
	7.3%
	   0.3%

	
	p < 0.05
	28.2%
	66.9%
	p < 0.01
	25.7%
	66.8%

	
	Correspondence rate: 71.7%
	Correspondence rate: 74.1%



	Shapiro-Francia
	Copula term
	
	Copula term

	
	
	p ≥ 0.05
	p < 0.05
	
	p ≥ 0.05
	p < 0.05

	Nonnormality test
	p ≥ 0.05
	4.4%
	   0.0%
	p ≥ 0.01
	7.0%
	   0.1%

	
	p < 0.05
	38.3%
	57.3%
	p < 0.01
	35.7%
	57.2%

	
	Correspondence rate: 61.7%
	Correspondence rate: 64.2%



	Jarque-Bera
	Copula term
	
	Copula term

	
	
	p ≥ 0.05
	p < 0.05
	
	p ≥ 0.05
	p < 0.05

	Nonnormality test
	p ≥ 0.05
	0.5%
	   0.4%
	p ≥ 0.01
	   0.9%
	   0.5%

	
	p < 0.05
	32.4%
	66.7%
	p < 0.01
	32.1%
	66.5%

	
	Correspondence rate: 67.2%
	Correspondence rate: 67.4%





Table WA.4.4. (continued)
	D’Agostino
	Copula term
	
	Copula term

	
	p ≥ 0.05
	p < 0.05
	
	p ≥ 0.05
	p < 0.05

	Nonnormality test
	p ≥ 0.05
	13.3%
	13.4%
	p ≥ 0.01
	14.8%
	14.2%

	
	p < 0.05
	19.6%
	53.6%
	p < 0.01
	18.2%
	52.8%

	
	Correspondence rate: 67%
	Correspondence rate: 67.6%



	Bonett-Seier
	Copula term
	
	Copula term

	
	
	p ≥ 0.05
	p < 0.05
	
	p ≥ 0.05
	p < 0.05

	Nonnormality test
	p ≥ 0.05
	10.6%
	5.1%
	p ≥ 0.01
	13.3%
	7.2%

	
	p < 0.05
	22.4%
	61.9%
	p < 0.01
	19.7%
	59.9%

	
	Correspondence rate: 72.5%
	Correspondence rate: 73.2%





Table WA.4.5. Skewness and kurtosis of the distributions in the simulation
	Distribution
	Distribution parameters and corresponding skewness and kurtosis

	Log-Normal
	µ = 0; σ = 1
Skewness: 6.18
Kurtosis: 11.94
	µ = 0; σ = 0.75
Skewness: 3.26
Kurtosis: 23.54
	µ = 0; σ = 0.50
Skewness: 1.75
Kurtosis: 5.90
	µ = 0; σ = 0.25
Skewness: 0.78
Kurtosis: 1.10

	Beta
	p = 0.50; q = 0.50
Skewness: 0
Kurtosis: -1.5
	p = 1; q = 1
Skewness: 0
Kurtosis: -1.2
	p = 2; q = 2
Skewness: 0
Kurtosis: -0.86
	p = 4; q = 4
Skewness: 0
Kurtosis: -0.55

	Student t
	df = 3
Skewness: 0
Kurtosis: –
	df = 4
Skewness: 0
Kurtosis: –
	df = 5
Skewness: 0
Kurtosis: 6
	df = 6
Skewness: 0
Kurtosis: 3

	Gamma
	α = 1; β = 0.50
Skewness: 2
Kurtosis: 6
	α = 1; β = 2
Skewness: 2
Kurtosis: 6
	α = 2; β = 4
Skewness: 1.41
Kurtosis: 3
	α = 4; β = 2
Skewness: 1
Kurtosis: 1.5

	Chi²
	df = 2
Skewness: 2
Kurtosis: 6
	df = 8
Skewness: 1
Kurtosis: 1.5
	df = 14
Skewness: 0.76
Kurtosis: 0.86
	df = 20
Skewness: 0.63
Kurtosis: 0.6


Note: µ: expected value of natural logarithm, σ: standard variation of natural logarithm, p: shape 1, q: shape 2, df: degree of freedom, α: shape, β: rate


Table WA.4.6. Average R² value per simulation design condition
	Specified
R²
	R² in the 
model without a copula term
	R² in the 
copula model

	0.10
	0.101
	0.137

	
	(0.016)
	(0.060)

	0.20
	0.201
	0.233

	
	(0.023)
	(0.056)

	0.30
	0.301
	0.328

	
	(0.026)
	(0.051)

	0.40
	0.401
	0.424

	
	(0.026)
	(0.046)

	0.50
	0.500
	0.520

	
	(0.025)
	(0.040)

	0.60
	0.600
	0.616

	
	(0.023)
	(0.033)

	0.70
	0.700
	0.712

	
	(0.019)
	(0.026)


Note: Standard deviation in parenthesis

Web Appendix 5: Additional Results for Simulation Study 5
Design of the simulation study
In this study we utilize two separate simulations. Study 5a assesses the effect of error term misspecification on the performance of the Gaussian copula approach with intercept. Study 5b assesses the effect of copula misspecification on the performance of the Gaussian copula approach with intercept. Both studies build on the same DGP as in Study 1, but with modifications to meet each simulation’s specific objectives. 
In particular, in respect of Study 5a (error term misspecification), instead of using Equation 2 from Study 1, in which  is normally distributed with a zero mean and a variance of one resulting from the inverse cumulative distribution function of the standard normal distribution , we use Equation WA.5.1, in which  is the inverse cumulative distribution function of the Beta[footnoteRef:1] distribution with : [1:  The beta distribution with parameter (1,1) is the uniform distribution utilized in P&G.] 

		(WA.5.1)
Here,  is a multiplicator based on the distribution’s expected variance, so that the resulting variance of the error term is scaled to one for comparability with Study 1. In addition, we also use Equation WA.5.2, in which  is the inverse cumulative distribution function of the Student-t distribution with:
		(WA.5.2)
While the beta distribution has a mean of 0.50, the student t distribution has a mean of zero. Consequently, there is no need to subtract something to obtain a zero-centered error term for the t-distribution.
In Study 5b (copula misspecification), instead of using Equation 1 from Study 1, which defines the generator for  and  as a bivariate normal distribution with a zero mean and a covariance matrix of , we use the generators for the copulas with the same parameters as in P&G’s simulation study (i.e., Ali-Mikhail-Haq distribution with θ = 1, Plackett distribution with θ = 20, Farlie-Gumbel-Morgenstern distribution with θ = 1, Clayton copula with θ = 2, and Frank copula with θ = 2). These copula generators return the marginals directly (i.e., two uniformly distributed random variables with specified correlation structure). Consequently, Equations 2 and 3 change into Equations WA.5.3 and WA.5.4, because there is no need to transform the normally distributed variables into marginals by using the cumulative distribution function.
		(WA.5.3)
		(WA.5.4)
Note that these simulations are conceptual replications of the DGP’s from P&G. Our simulations have two notable differences: First, as noted earlier, we rescale the error variance in Study 5a to one for all distributions of the error term in order to facilitate comparability. P&G do not use this rescaling and therefore use an error with a smaller error variance than in other studies (i.e., the variance of the uniform distribution is only 1/12). The error variance affects the original endogeneity bias and, therefore, the remaining bias’s location, but does not affect the relative bias (i.e., the pattern of the bias) as our Study 4 showed. Consequently, the rescaling makes the results better comparable to those of Study 1, and also across different distributions that naturally have a different variance, but does not affect our conclusions. Second, the endogenous regressor in our simulations (both Study 5a and 5b) has a uniform distribution as in Study 1. In contrast, P&G use a normal distribution with a mean and variance of one. Such a model can only be estimated without intercept because copula models with intercept would not be identified, since they would not fulfill the assumption of nonnormal regressors. We therefore use the same nonnormal endogenous regressor as in Study 1 to allow for a comparison and to assess only one misspecification at a time.
	Finally, we again vary the sample size, as in Study 1, and generate 1,000 datasets for each factor-level combination, as well as estimate a model with and without intercept. In addition, we also generate a dataset with one million observations for Study 5a to show that the bias that the error term misspecification causes does no vanish when increasing the sample size toward infinity. We do not estimate the power for these datasets because the statistical power already reaches its maximum for much smaller sample sizes and is therefore not relevant anymore.
Figure WA.5.1. to WA.5.5. as well as Table WA.5.1. show the detailed results for the simulation study.


Figure WA.5.1. Power of the copula term for different error term distributions in the copula model with intercept
[image: ]
Figure WA.5.2. Power of the endogenous regressor for different error term distributions in the copula model with intercept
[image: ]

Figure WA.5.3. Bias of the endogenous regressor for the different copulas with and without intercept
[image: ]
Note: amh = Ali-Mikhail-Haq distribution, clayton = Clayton copula, fgm = Farlie-Gumbel-Morgenstern distribution, frank = Frank copula, plackett = Plackett distribution


Figure WA.5.4. Power of the copula term for the different copula models
	A: Model with Intercept
[image: ]

	B: Model without Intercept
[image: ]




Figure WA.5.5. Power of the endogenous regressor for the different copula models
	A: Model with Intercept
[image: ]

	B: Model without Intercept
[image: ]




Table WA.5.1. Nonnormality statistics of the regression residual for different error term distributions
	Distribution
	SW
	KS
	Lili
	AD
	CVM
	SF
	JB
	DAG
	Bonett
	Kurtosis
	Skewness

	beta_05_05
	94%
	67%
	96%
	97%
	97%
	91%
	100%
	0%
	98%
	-0.920
	0.000

	uniform
	88%
	50%
	88%
	92%
	92%
	83%
	100%
	1%
	95%
	-0.764
	0.001

	beta_2_2
	73%
	47%
	70%
	80%
	78%
	67%
	100%
	1%
	85%
	-0.583
	0.000

	beta_4_4
	47%
	46%
	48%
	59%
	56%
	40%
	100%
	1%
	66%
	-0.399
	0.000

	tri
	53%
	46%
	49%
	61%
	57%
	44%
	100%
	1%
	68%
	-0.428
	0.001

	normal
	5%
	57%
	4%
	5%
	5%
	5%
	100%
	5%
	5%
	-0.025
	0.002

	t_3
	97%
	96%
	95%
	97%
	96%
	98%
	97%
	86%
	98%
	51.178
	0.071

	t_4
	94%
	88%
	89%
	94%
	92%
	95%
	96%
	74%
	96%
	11.356
	0.009

	t_5
	89%
	83%
	82%
	89%
	87%
	91%
	95%
	62%
	92%
	4.493
	0.009

	t_6
	85%
	80%
	74%
	84%
	81%
	87%
	97%
	52%
	88%
	2.522
	0.002

	t_10
	64%
	71%
	51%
	63%
	59%
	68%
	100%
	26%
	71%
	0.806
	0.000

	t_20
	31%
	64%
	21%
	36%
	32%
	36%
	100%
	12%
	45%
	0.271
	0.001


Note: SW = Shapiro-Wilk, KS = Kolmogorov-Smirnov, Lili = KS with Lilliefors correction, AD = Anderson-Darling, CVM = Cramer-von Mises, SF = Shapiro-Francia, JB = Jarque-Bera, DAG = D’Agostino, Bonett: Bonett-Seier 

Assessment of tests to identify the nonnormality of the residual
In Study 5a, we also evaluate whether it is possible to assess the error term’s nonnormality by testing the regression residual from the estimated regression models. Table WA.5.1 shows the percentage of significant test results (i.e., p-values below 5%) of different nonnormality tests on the regression with an untreated endogeneity problem (without a copula term). In addition, it also reports the estimated skewness and kurtosis of the regression residual. The results do not differ much when we use the residual from the copula regression, but are slightly worse (i.e., for most of the nonnormality tests the statistical power is, on average, 1-3 percentage points lower, but never higher).
Overall, our results show that several nonnormality tests are suitable for identifying the error term’s nonnormality by testing the regression residual. In particular, the Anderson-Darling test and the Cramer-von Mises test led to good results (i.e., relatively high power for nonnormal distributions, while maintaining the defined error level of 5% for the normal distribution). These tests are also the ones we recommend for assessing the nonnormality of the endogenous regressor in Study 4. In addition, the Shapiro-Wilk and Shapiro-Francia tests perform well. However, they are only defined for sample sizes of less than 5,000 observations. The Jarque-Bera and Kolmogorov-Smirnov test are not suitable, because they do not maintain the given error level of 5% when the error term is indeed a nonnormal distribution. Likewise, the D’Agostino test is not suitable, because it does not detect nonnormality caused by distributions with a negative kurtosis (i.e., the Beta distribution). We therefore advise against using these three tests.

Web Appendix 6: Software used for simulation
We used the statistical software R (R Core Team 2020) to generate the data and estimate the models. We conducted our analysis on a parallel computing cluster, using the snowfall package (Knaus 2015). Table WA.6.1 details the R packages we used for each study.
Table WA.6.1. R packages used for the simulations
	
	Study 1
	Study 2
	Study 3
	Study 4
	Study 5

	snowfall parallelization package (Knaus 2015)
	X
	X
	X
	X
	X

	boot package (Canty and Ripley 2019)
	X
	X
	X
	X
	X

	lme4 (Bates et al. 2015)
	
	
	X
	
	

	plm pakages (Croissant and Millo 2008)
	
	
	X
	
	

	nortest package (Gross and Ligges 2015)
	
	
	
	X
	X

	moments package (Komsta and Novomestky 2015)
	
	
	
	X
	X

	c50 package (Kuhn et al. 2020)
	
	
	
	X
	

	copula package (Hofert et al. 2020)
	
	
	
	
	X

	EnvStats package (Millard 2013)
	
	
	
	
	X
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