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1. Estimation in the list experiment design

The survey sample of N respondents is randomly divided in two groups: treatment and control.  () implies that the respondent i belongs to the treatment (control) group. Let us define Zi,j(t) a dummy variable that indicates the respondent i’s preference for the jth control item (j = 1, . . . , J) under the treatment status t = 0, 1.  Zi,J+1(1) denotes the respondent i’s answer to the sensitive item for the treatment group and Zi,J+1(0) denotes the respondent i’s potential answer to the sensitive item when asked directly.  represents the observed response for the i-unit, and Xi the vector of observed covariates for respondent i.

Under the assumptions: 1) the sample is randomly divided in control and treatment groups, 2) the addition of the sensitive item does not change the sum of affirmative answers to the control items and 3) the respondents truthfully reply to the sensitive item, an unbiased estimate of the population proportion of those that agree on the sensitive item is obtained by the difference-in-means (DiM) estimator.


where  is the size of the treatment group and  . 

Under assumptions 1 and 2 Imai (2011) proposes a multivariate regression estimator based on a linear regression with interaction 



where E(ei|Xi , Ti ) = 0 and (γ, δ) is a vector of unknown parameters.  Authors estimate (γ, δ) using ordinary least squares, and also compute heteroskedasticity-consistent standard errors to account for the difference in the variance of error term between the treatment and control groups. Function  ict.reg  included in list package conducts this multivariate regression analyses. 

Based on this multivariate regression analysis, predictions and uncertainties of predictions from estimates can be obtained by using function predict.ictreg included in the list package.

The social desirability bias is defined as: 



The first term can be estimated using the above linear regression estimator and the second term is estimated by regressing the observed value of  on  using a standard logistic regression model (e.g. function glm of stats package).

To carry out the contract of difference of proportions, following the article by Wolter and Preisendörfer (2013), we calculate the value of the statistic 


and its corresponding p-value. 

The first assumption (the randomization of the treatment) can be easily tested by comparing the sample means for the main variables in the treatment group and the control group. 

Blair and Imai (2012) propose a statistical test for detecting design effects (see section 3.1) that is implemented in R by the functions ict.test in the list package.

Violations of assumption 3 (no liars) is considered in section 3.2 of the same paper. Its authors propose to fit different regression models adjusting for the possible existence of ceiling and/or floor effects and obtain an estimator for the population proportion of liars. Function summary.ictreg (included in the list package) produces proportions-of-liars estimates.

2. Test for design effects 

	Table A1. Estimated respondent types for the AIS-SDB ICT experiment


	y value
	πˆy0
	SE
	πˆy1
	SE

	0
	18.1
	1.9
	-1.4
	2.7

	1
	39.3
	3.1
	5.3
	3.5

	2
	24.0
	3.0
	8.4
	2.2

	3
	1.8
	1.6
	3.0
	1.2

	4
	0.5
	0.8
	1.0
	0.5

	Total
	83.7
	
	16.3
	


Bonferroni-corrected p-value for Sensitive item: 0.6157578

3. Question wording and predictor coding for regression analyses
Reference categories are underlined.
Sex is coded in two categories, ‘male’ and ‘female’.
Age has been recoded in three categories: from 18 to 34 years old, from 35 to 49 y.o. and 50 y.o. or more.
Education was measured using the International Standard Classification of Education (ISCED 2011) and has been aggregated in two levels distinguishing those with tertiary education (Levels 5 to 8) from the rest (Levels 0 to 4).
Labour status was originally measured with seven response options and recoded in three categories: Employed, Unemployed and Inactive.
Social Class is a self-declared measure (“To which social class would you say you belong?”) with a five-point scale and has been recoded in three categories (Upper/Upper-middle, Middle, Low/Lower-middle).
Left-right self-identification was measured on an eleven-point scale ranging from 0=Left to 10=Right. It has been recoded in three categories (Left (0-4), Center (5), Right (6-10)).
Survey mode is coded in two categories, ‘CAWI’ and ‘CATI’.
At risk of losing job (“Have you felt threatened by unemployment at some point throughout the past five years?”) is coded in two categories, ‘Yes’ and ‘No’.
Social Trust is measured as a continuous variable (“On a scale ranging from 0 to 10 where 0 means ‘You can’t be too careful in dealing with people’ and 10 means ‘Most people can be trusted’, where would you position yourself?”) and has been included as such in the regression analyses.
4. Alternative ICT regression models
	
Table A2. ICT regression results with unweighted data

	
	Sensitive Item
	Control items

	AIC: 2080.16
	Est.
	S.E.
	Est.
	S.E.

	(Intercept)
	-20.19
	2965.82
	-0.19
	0.19

	Sex_Male
	0.10
	0.97
	0.08
	0.08

	Age_18to34
	-0.31
	0.94
	-0.14
	0.11

	Age_35to49
	-3.11
	1.55*
	0.04
	0.11

	Education_Low/Medium
	-1.27
	1.01
	0.08
	0.09

	Labor status_Unemployed
	1.79
	1.44
	0.24
	0.11*

	Labor status_Inactive
	0.66
	1.14
	0.05
	0.10

	Social Class_Upper/Upper-Middle
	3.79
	1.51*
	-0.13
	0.16

	Social Class_Low/Lower-Middle
	-1.82
	1.58
	0.12
	0.09

	Ideology_Center
	22.83
	2965.82
	-0.15
	0.09+

	Ideology_Right
	21.79
	2965.82
	0.02
	0.11

	Survey Mode_CAWI
	1.86
	1.05+
	-0.34
	0.09***

	At risk of losing job_Yes
	-0.54
	1.17
	0.05
	0.1

	Social Trust (scale)
	-0.71
	0.26**
	-0.08
	0.02***


+ p < 0.1; * p < 0.05; ** p< 0.01; *** p<0.001 



	Table A3. ICT regression results with and without ceiling and floor effects

	
	Without ceiling or floor effects
	Ceiling effects only
	Floor effects only
	Both ceiling and floor effects

	Variables
	Est.
	SE
	Est.
	SE
	Est.
	SE
	Est.
	SE

	Intercept
	-1.91
	1.43
	-1.89
	1.42
	-5.95
	8.85
	-5.73
	7.16

	Sex_Male
	-0.17
	0.88
	-0.16
	0.89
	0.35
	0.77
	0.35
	0.78

	Age_18to34
	-0.81
	0.93
	-0.81
	0.93
	-0.07
	0.94
	-0.08
	0.94

	Age_35to49
	-1.73
	0.94
	-1.73
	0.94
	-1.34
	1.02
	-1.34
	1.02

	Education_Low/
Medium
	-0.73
	0.84
	-0.72
	0.84
	-0.04
	0.78
	-0.03
	0.78

	Survey Mode_CAWI
	1.07
	0.88
	1.07
	0.88
	1.34
	0.92
	1.33
	0.93

	Ideology_Center
	1.22
	1.32
	1.19
	1.32
	4.33
	8.66
	4.11
	6.95

	Ideology_Right
	1.30
	1.35
	1.28
	1.35
	3.94
	8.58
	3.72
	6.87

	Proportion of liars
	
	
	
	
	
	
	
	

	Maximum Likelihood estimates

	Ceiling effects
	
	
	0.00013
	
	0.00009

	Floor effects
	
	
	
	
	0.03327
	0.0334

	Quasi-Bayesian approximation estimates

	Ceiling effects
	
	0.0005 (0.00002)
	
	0.00072 (0.00004)

	Floor effects
	
	
	0.04701(0.001)
	0.04509 (0.00094)

	AIC
	2124.29
	2124.68
	2123.90
	2124.34




5. Code

Note: The code shows the original names of the variables in the survey dataset

Predictors of obtrusive and unobtrusive AIS measures (weighted)

Direct
To perform the multivariate regression model we use the “glm” function from the “stats” R package 
results_dir<-glm(formula = P13BIN ~ SEXO + GEDAD1 + E5R_rec + E7R     + E8R2 + E9R + CATI + E6 + E10, 
   family = quasibinomial, 
   data = dire_data, 
   weights = PESO_NEW)

Indirect
To perform the multivariate regression model we use the “ictreg” function from the “list” R package 
results_ict<-ictreg(P5 ~ SEXO + GEDAD1 + E5R_rec + E7R + E8R2 + E9R + CATI + E6+E10, 
   data = ind_data, 
   treat = "VP5", 
   J=4, 
   method = "ml", 
   weights = "PESO_NEW")

Since the output of this function does not show the statistic or the p-value, we calculate it
Treatment case
tvalue <- results_ict$par.treat/results_ict$se.treat
pvalue <- 2 * pnorm(-abs(tvalue))
 
Control case
tvalue <- results_ict$par.control/results_ict$se.control
pvalue <- 2 * pnorm(-abs(tvalue))

Akaike information criteria for the model indicating the number of variables involved in the model
k<-9
2*k-2*results_ict$llik

Obtrusive and unobtrusive AIS estimates and SDB (weighted)

Direct 
To perform the prediction we use the “predict.glm” function from the “stats” R package 
pred_dir<-predict.glm(results_dir,type="response",se.fit=T)

e_d<-mean(pred_dir$fit)
s2_d<-mean(pred_dir$se.fit)^2

Indirect
To perform the prediction, we use the “predict.ictreg” function from the “list”  R package 
pred_ict<-predict.ictreg(results_ict, avg=T, se.fit=T, interval= "confidence")

e_ict<-pred_ict$fit$fit
s2_ict<-pred_ict$se.fit^2

To carry out the contract and following the article by Wolter and Preisendörfer (2013) we calculate the value of the statistic and its corresponding p-value 

z<-(e_ict-e_d)/sqrt(s2_ict+s2_d)
2*(1-pnorm(abs(z), lower.tail = T))

Estimated respondent types for the AIS-SDB ICT experiment

To conduct a statistical test with the null hypothesis that there is no "design effect" in a list experiment,
ict.test(ind_data$P5, treat=as.integer(ind_data$VP5)-1, J = 4)

ICT regression results with unweighted data

results <- ictreg(P5 ~ SEXO + GEDAD1 + E5R_rec + E7R + E8R2 + E9R + CATI + E6 + E10, 
   data = ind_data, 
   treat = "VP5",
   J=4, 
   method = "ml")

Treatment case
tvalue <- results$par.treat/results$se.treat
pvalue <- 2 * pnorm(-abs(tvalue))

Control case
tvalue <- results$par.control/results$se.control
pvalue <- 2 * pnorm(-abs(tvalue))

Akaike information criteria 
k<-9
2*k-2*results$llik

ICT regression results with and without ceiling and floor effects

Model without ceiling nor floor effects
results <- ictreg(P5 ~ SEXO+GEDAD1+E5R_rec+CATI+E9R, 
   data = ind_data,
   treat = "VP5", 
   J=4, 
   method = "ml")

k<-5
2*k-2*results$llik

Model with ceiling effects only 
results <- ictreg(P5 ~ SEXO+GEDAD1+E5R_rec+CATI+E9R, 
   data = ind_data, 
   treat = "VP5", 
   J=4, 
   method = "ml",  
   ceiling = TRUE, 
   ceiling.fit = "bayesglm", 
   ceiling.formula = ~ SEXO+GEDAD1+E5R_rec+CATI+E9R)

k<-5
2*k-2*results$llik

summary.ictreg(results,boundary.proportions = T)

Model with floor effects only 
results <- ictreg(P5 ~ SEXO+GEDAD1+E5R_rec+CATI+E9R, 
   data = ind_data,
   treat = "VP5", 
   J=4, 
   method = "ml",  
   floor=TRUE, 
   floor.fit = "bayesglm", 
   floor.formula = ~  SEXO+GEDAD1+E5R_rec+CATI+E9R)

k<-5
2*k-2*results$llik

summary.ictreg(results,boundary.proportions = T)

Model with both ceiling and floor effects
results <- ictreg(P5 ~ SEXO+GEDAD1+E5R_rec+CATI+E9R, 
   data = ind_data, 
   treat = "VP5", 
   J=4, 
   method = "ml",  
   ceiling = TRUE, 
   ceiling.fit = "bayesglm", 
   ceiling.formula = ~ SEXO+GEDAD1+E5R_rec+CATI+E9R,
   floor=TRUE, 
   floor.fit = "bayesglm", 
   floor.formula = ~  SEXO+GEDAD1+E5R_rec+CATI+E9R)

k<-5
2*k-2*results$llik

summary.ictreg(results,boundary.proportions = T)
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