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Abstract
The German General Social Survey (ALLBUS) is a repeated cross-sectional multi–thematic survey conducted every other year since 1980. Like many other surveys ALLBUS has been facing the problem of declining response rates. Since 1994 ALLBUS response rates decreased steadily from 54% to 35% at present – despite exerting higher fieldwork efforts. Declining response rates give rise to the question whether this affects survey quality. Selective participation might threaten the representativeness of a survey in general or with regard to specific characteristics and questions. In our presentation we use ALLBUS data to analyze the relationship between the response rate and indicators of nonresponse bias over time. The ALLBUS provides a good basis to analyze this relationship, since it has used an almost identical study design since 1994. To investigate nonresponse bias we analyse a) survey participation in ALLBUS with sample frame information from the population registers and b) deviations of the net sample from external benchmark data (namely the German (micro-) census from official statistics). Our results indicate that decreasing response rates are not systematically associated with deterioration in demographic sample composition. 
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1. Introduction
Declining response rates are a continuing problem for household surveys in many Western countries (Atrostic et al. 2001; Beullens et al. 2018; de Leeuw and de Heer 2002; Dixon and Tucker 2010). The German General Social Survey (ALLBUS) – which has been conducted every other year since 1980 – also has been facing an increase in nonresponse in the past decades. Between 1994 and 2016 the response rate of ALLBUS decreased from 54% to 35%. The main reason for this decline was a rise in the number of refusals. The decrease in the response rate raised concerns whether it would be accompanied by an increase in nonresponse bias. In the following we investigate whether the decline in ALLBUS response rates comes along with an increase in nonresponse bias over time.
2. Data and Methods
ALLBUS is a face-to-face survey of the adult population in Germany, covering a wide range of topics and aiming at charting the long-term trends in attitudes and behaviour (http://www.gesis.org/en/allbus). ALLBUS provides a good opportunity to analyze the relationship between declining response rates and nonresponse bias, as ALLBUS has used the same basic survey design since 1994 (target population covering adults living in private households; samples of named individuals from a register; 3.500 completed interviews per round; interview duration around 70 minutes; consistent calculation of response rates). In order to analyse nonresponse bias we rely on two different sets of indicators. On the one hand, we use micro level data for respondents and nonrespondents from the ALLBUS sampling frame to calculate R -indicators (Schouten et al. 2011). On the other hand, we use aggregate level data from official statistics and analyse the deviations of the ALLBUS net sample from these external benchmark data.

2.1 R-indicators
R-indicators use frame information available both for respondents and nonrespondents of a survey to calculate response propensities. R-indicators reflect the variability of the estimated response propensities and are defined by
. Conditional partial R-indicators allow to single out the effect of individual variables, controlling for the influence of the other variables included in the model. The frame information available for the ALLBUS gross sample stem from the community lists of residents. Five variables, measured in the same way over time, are available to estimate response propensities: Gender (male vs. female), age (6 age groups), nationality (German vs. Non-German), region (Western vs. Eastern Germany) and urbanicity (7 categories). Using these variables as independent variables, we estimate logistic regression models with response (y/n) as dependent variable. 



2.2 Deviation from external benchmark data
In our second approach, we compare the distributions of several socio-demographic variables with the respective (aggregate) data from official statistics. This is a straightforward and frequently used method for analyzing nonresponse bias (see Hartmann 1990, Hartmann & Schimpl-Neimanns 1992, Koch 1998). Data from the German microcensus survey can be used as a valid external benchmark to evaluate the net samples from ALLBUS. The microcensus is a yearly survey of a 1% sample of the population in Germany. Participation in the microcensus is mandatory and its unit nonresponse rate is only about three percent. Comparisons of microcensus data with data from other official sources (like Census data, and data on educational achievement) confirm the good quality of the microcensus data (Hartmann, 1990). The advantage of this method is, compared to relying on frame information, a slightly wider range of variables can be analysed.
Seven variables are measured in a comparable way in ALLBUS and the microcensus. These are gender (male vs. female), age (10-year age categories), education (low – medium – high), marital status (married: Y vs. N), household size (1/2/3/4/5+ persons), work status (in paid work 17 hours per week or more: Y vs. N) and occupational status (5 categories). As a summary measure for the consistency of ALLBUS and microcensus variable distributions we rely on the index of dissimilarity (Duncan & Duncan, 1955). We calculate this index both a) for each variable separately and b) as a mean index across all seven variables:


a) Index of dissimilarity for variable j with i categories:				

b) Mean index of dissimilarity for v variables with i categories:
												




3. Results

3.1 R-indicators and frame information
Using the available information from the sampling frames, R-indicators and conditional partial R-indicators were estimated for eleven ALLBUS surveys conducted between 1994 and 2016 (Figure 1). For the analyses we used the scripts provided by the RISQ-Project. Generally, R-indicators can vary between 0 and 1. A value of 1 indicates that response propensities do not vary. The lower the value of the R-indicator, the larger is the variation in response propensity (and as a consequence, also the degree of nonresponse bias).

Figure 1: 

Source: ALLBUS 1994 -2016, own calculations

The R-indicators for the ALLBUS surveys are quite high; they vary between .82 and .91. This indicates a high level of representativity of the ALLBUS samples. Over time R-indicators tend to become larger, what indicates an increase in sample quality over time. Given the fact, that ALLBUS response rates decrease over the years, this result contradicts the usual expectation. 
Figure 2 provides further details of this trend and depicts the results for the individual variables, i.e. the conditional partial R-indicators. For the sake of simplicity, only the linear trends for the five variables are shown in the figure. 

Figure 2: 

Source: ALLBUS 1994 -2016, own calculations

Figure 2 shows that the relevance of four variables for the variability of response propensities has declined. The variables ‘urbanicity’ and ‘age’ have the largest effect on response propensities. Although their effect has been decreasing over time, their effect is still largest in 2016. In addition, the effect of ‘region’ and ‘gender’ on response propensities has diminished. Solely the effect of ‘nationality’ became larger over time. 
3.2 Deviations from the German microcensus (external benchmark)
Figure 3 shows the mean index of dissimilarity (D) between ALLBUS and microcencus variable distributions across the seven characteristics included in our analysis. The index of dissimilarity has a rather streightforward interpretation: it measures the percentage of respondents that would need to move between the categories of a variable to produce exactly the same distribution for the two surveys. The larger the discrepancy between the ALLBUS and microcensus variable distribution, the larger the value of D. The average values of D for the ALLBUS surveys between 1994 and 2016 are on a rather low level. (For surveys using a different survey design like random route, much higher values can be observed, see Blohm 2006). Over time, no clear-cut trend in the average value of D can be observed. Thus, with this approach too, we do not find that a decrease in the response rate over time comes along with a decrease in quality of the demographic sample composition.

Figure 3:

Source: ALLBUS 1994 -2016, german microcensus 1993 – 2015, own calculations

Figure 4 shows the indices of dissimilarity separately for the seven sociodemographic variables. For the sake of simplicity, only the linear trend for each variable is presented. The trend differs between the variables. The indices of D for ‘occupational status’ and ‘gender’ became smaller over time. The values for ‘work status’ and ‘marital status’ were quite stable over the years. The discrepancies between the ALLBUS and the microcensus of the remaining variables ‘age’, ‘education’ and ‘household size’, however, increased over time. As regards the variable ‘age’, this result seems to contradict the results in section 3.1 using the R-indicators. There we found a declining effect for the variable ‘age’. However, one has to take into account that in 3.1 the results refer to the effects of the variables in a multivariate model, whereas in section 3.2 we only analyse the univariate distributions of the variables. The largest increase pertains to the variable ‘education’. A closer look reveals, that in particular the underrepresentation of persons with a low school-leaving certificate became stronger over the years. That the variable ‘education’ is prone to be biased in sample surveys in Germany has already been discussed in the past (Hartmann & Schimp-Neimanns 1992).
Figure 4: 

Source: ALLBUS 1994 -2016, german microcensus 1993 – 2015, own calculations
4. Discussion
The present paper investigated whether the decline in response in the German ALLBUS survey which could be observed in the past 20 years comes along with an increase in bias in terms of sociodemographic sample composition. Using both information available from the ALLBUS sampling frame and external benchmark data, we could show that this is – in general - not the case. Despite facing a decrease in the response rate of twenty percentage points, the current ALLBUS surveys exhibit – on average – either a better balanced sample composition (according to the sample frame information and the respective R-indicator) or an equally well balanced sample (according to the external benchmark data and the average value of D) than the ALLBUS surveys in the second half of the 1990s. Thus, these results are another example that response rates alone are an imperfect indicator of nonresponse bias. Various factors might have contributed to this result. First and foremost, one has to take into account that ALLBUS has implemented various measures to improve fieldwork and sample composition in the past 20 years. This includes more general measures like an increase in the number of contact attempts, and more specific procedures like the tracing of target persons who moved shortly before or during the ALLBUS fieldwork period. 
The analyses also show, that response rates are an imperfect indicator of nonresponse bias, since nonresponse bias is a variable-specific phenomenon. Accordingly, we found in our analyses both examples of variables, the bias of which became smaller over time (despite a decline in the response rate) and examples of variables, the bias of which increased (as one usually expects, when the response rate decreases).
The ALLBUS surveys between 1994 and 2016 used a sample of named individuals from a register; interviewers were not involved in the selection of the sample. Comparison with surveys using other types of sample selection show, that this is an important precondition for achieving high quality of the demographic sample composition (Koch 1998; Blohm 2006). One has to be aware, that a similar analysis of surveys using a different, less strict and transparent sampling design might lead to  different results. Furthermore, the broad range of topics included in the ALLBUS questionnaire has to be taken into account when evaluating the present results. This broad range of topics probably prevents that ALLBUS is relevant only for persons with specific characteristics and interests.
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R-indicators, by year; ALLBUS 1994-2016 
r indicator	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	0.82891314000000005	0.86855424000000003	0.85556171000000003	0.85534511999999996	0.88286222000000003	0.88154195999999996	0.90802552999999997	0.88426223999999998	0.88213357999999997	0.89169571000000003	0.8862949	


Conditional partial R-indicators
 (linear trends, ALLBUS 1994-2016)
gender	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	3.2362560999999998E-2	7.8033909999999998E-3	1.2540900000000001E-2	1.6456189999999999E-2	1.0491630300000001E-2	3.757109E-4	1.4541399999999999E-2	4.3890519999999997E-4	4.783514E-3	1.1001469999999999E-2	1.4975122E-2	age	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	4.4795764699999997E-2	4.7390222000000003E-2	3.5899110999999997E-2	4.9401639999999997E-2	3.40724024E-2	2.9328779999999999E-2	1.256085E-2	2.7917979400000001E-2	3.4818437000000001E-2	3.5200269999999999E-2	3.0519260999999999E-2	urbanicity	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	5.68442246E-2	4.0093016000000002E-2	4.8564837999999999E-2	3.9638079999999999E-2	4.2864007099999997E-2	5.0869155499999999E-2	4.1628993000000003E-2	4.9054989899999998E-2	4.2457113999999997E-2	3.4676709999999999E-2	2.7610511000000001E-2	nationality	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	1.01042258E-2	1.3576018E-2	7.5900070000000002E-3	2.4731300000000001E-2	6.4504658000000001E-3	2.9083595999999999E-3	8.7968860000000003E-3	7.3518654000000001E-3	1.7711434000000002E-2	1.698684E-2	3.0792429999999999E-2	region	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	3.049258E-4	3.2693290000000001E-3	2.9061388E-2	1.7481460000000001E-2	5.2155560000000003E-4	6.2269548999999997E-3	7.2535259999999997E-3	1.30972672E-2	3.7776379999999998E-3	3.3871999999999999E-3	2.9842430000000001E-3	


Mean Index of Dissimilarity, by year
 ALLBUS 1994-2016
mean index of dissimilarity	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	3.8579728245789537	4.4203614724854932	2.609258020939409	3.7435030932577842	3.4181082393121627	3.4181082393121627	3.6778092355901002	2.7463691774947372	3.0142857142857142	3.8910873042009748	4.482659790551625	


gender	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	3.0134714218705061	1.7988278138669767	0.66372859939705098	1.7067485840526864	1.4317232774141986	0.53757702057950496	0.73217227762282233	7.4595835412261113E-2	0.94943964734046371	2.1568831469297334	1.5782688449412441	age	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	3.2660848742640205	3.7608779589327179	2.1499627650191915	4.0012326216746743	3.4582740312443878	3.6549815426758738	3.8751513745881345	2.9542224604196892	3.8676375311233175	3.4613569331329916	5.0630476227573009	education	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	5.7827813282818346	7.326978891961625	5.142661061645712	11.665090948143792	6.1544609025146375	8.2645743822296982	6.6550560958333156	8.5146125654548594	7.3305873842889664	8.6341866335784978	10.58404421266629	work status	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	4.4984219754529491	4.6763150412283183	1.6265729798786377	4.9307774227902446E-2	3.4304347826086987	4.4261556465769516	4.5742791234140707	1.0584070796460288	1.7121046707372467	3.7710330228635236	3.3750539597576235	occupational status	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	5.2682730223905283	5.8680794453500464	3.8791827376099861	3.7491110874082549	3.8858718314765048	3.0064984641753325	3.9501021338509359	2.6033126066141934	3.6456411583294823	2.6264346473757456	2.8676488009679666	marital status	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	3.0981681451087706	3.9354320076936857	1.7089638450591262	1.8552918715467852	2.4105537270289079	3.0941313257834517	3.14087050991039	2.1655212666993995	2.1464934621879261	2.8436440391317084	2.9659096863018459	household size	1994	1996	2000	2002	2004	2006	2008	2010	2012	2014	2016	2.0786090046840662	3.5760191483650781	3.0937341579661535	3.1777387657503944	3.1554391228978016	1.534691799854885	2.8170331339110328	1.8531747366013307	3.0468436122944946	4.6059680116612984	4.9446454064691023	
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