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Abstract: 
Surveys are increasingly pivoting from interviewer-assisted to self-completion protocols, yet the 
consequences for data quality remain unclear. Guided by the survey satisficing theory, this is the 
first study that inspects the COVID–19 mode change in the European Social Survey Round 10, 
where eight countries switched to self-completion. At the same time, 19 countries maintained 
interviewer-assisted modes, with all 27 entirely implementing them in Rounds 9 and 11. We 
analyse item nonresponse on three items with complex response formats and three standard 
opinion questions with historically high missingness. We use hierarchical Bayesian beta regression 
to estimate mode effects. Our findings bring significant considerations for survey studies 
transitioning from interviewer-assisted to online self-completion mode. Switching to 
self-completion resulted in a marked increase in nonresponse for the cognitively demanding 
items, but a decline for the standard opinion items; both effects disappeared when 
interviewer-assisted modes were used. Our study supports the survey satisficing interpretation: 
self-completion fosters strong satisficing behaviour on complex survey items, yet it results in weak 
satisficing on opinion items. 
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Summary of the main argument and key methodological contribution 

The article draws on the natural experiment created when eight of the twenty-seven European 
Social Survey (ESS) countries switched from face-to-face to self-completion data collection in 
Round 10 (2020) and then reverted to face-to-face data collection in Round 11 (2022). It 
demonstrates that the survey mode affects item nonresponse in opposite directions for different 
types of questions. Switching to self-completion sharply increases item nonresponse on 
cognitively demanding household roster items that use unfamiliar response formats, yet 
simultaneously decreases item nonresponse on simple political opinion items that use the ESS's 
familiar 0–10 rating scale. Reverting to face-to-face in Round 11 returns the item nonresponse 
rates to the baseline of Round 9. This "spike-and-dip" pattern is explained by survey-satisficing 
theory. Without an interviewer, respondents engage in strong satisficing (skipping) when faced 
with complex tasks and weak satisficing (quickly selecting any scale point) when asked routine 
opinion questions. When the seven countries returned to interviewer administration, both effects 
disappeared, reinforcing the causal inference that mode, rather than time or country differences, 
drives the observed pattern. 

 

Methodologically, the study presents a rigorously specified hierarchical Bayesian beta-regression 
framework that models item nonresponse rates (bounded by 0 and 1) while capturing 
cross-national heterogeneity via random intercepts and random, round-specific slopes. A novel 
position-weighted indicator of item nonresponse for household roster items ensures that 
households of varying sizes contribute proportionately. By interacting survey round with a 
dichotomous "mode-switch" country grouping, the model isolates mode effects net of 
pre-existing country differences and provides full posterior uncertainty intervals for those effects. 
Thus, the design offers a template for evaluating mode changes in other longitudinal or 
cross-national studies. The spike-and-dip pattern uncovered by this study adds new empirical 
leverage to debates on mode-induced satisficing. 
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Switching to Self-Completion Protocols Impacts Item Nonresponse 
Patterns. Lessons from the European Social Survey rounds 9, 10 
and 11 

Introduction 

Understanding the effects of mode change on survey quality and 

measurement equivalence constitutes a major current concern in survey 

methodology. The COVID-19 disruption accelerated a pre-existing trend in 

cross-national survey projects, i.e., shifting away from interviewer-assisted 

modes, with self-completion becoming the new normal in social surveys (Coffey 

et al., 2024; Maslovskaya et al., 2022; Nursel & Stähli, 2025). The European Social 

Survey (ESS), a methodology-driven comparative project conducted biennially 

since 2002, provides a prime example of the survey mode switch (Fitzgerald & 

Aizpurua, 2024). Interviewers conducted all ESS surveys as in-person interviews in 

Rounds 1 through 9; however, the pandemic-disrupted Round 10 (2020) required 

a mode change in some countries from interviewer-assisted to self-completion 

protocols. Subsequent Round 11 (2023) reverted to implementing 

interviewer-assisted modes in all participating countries. However, the ESS is 

switching to self-completion only, starting from round 13 (2027), with the 

transitional round 12 (2025) embracing a costly double-mode execution of two 

parallel surveys in each country. In selected countries, such as the Czech 

Republic, Finland, France, Hungary, and the United Kingdom, these double-mode 

parallel experiments have already been completed alongside the ESS Rounds 10 

and 11. Furthermore, Ireland and Bulgaria implemented a pilot study of the 

self-completion-only approach in preparation for the ESS Round 12 (e.g., Berteen 

& Phillips, 2021; ESS, 2025; Lugtig, 2024; Singh, 2023). 

The protocol changes in ESS10 provide original empirical foundations for 

investigating the mode-switching effects, whose understanding would be crucial 

for ensuring measurement comparability in future ESS Rounds and other similar 

cross-national surveys. Twenty-seven countries participated in all three Rounds, 
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9, 10 and 11, with interviewer-assisted fieldwork execution uniformly 

implemented in all countries in ESS9 and ESS11. However, in ESS10, eight 

countries switched to self-completion, while the remaining nineteen countries 

continued with interviewer-assisted fieldwork execution. Hence, a 

quasi-experimental condition arose, allowing for an evaluation of the effect of 

switching the mode of survey execution. The switching countries were not 

chosen randomly; however, they do not seem to represent any obvious regional 

or socio-economic grouping in Europe, as they comprise Austria, Cyprus, 

Germany, Latvia, Spain, Poland, Serbia, and Sweden. Therefore, these eight 

mode-switchers can be compared against the group of nineteen non-switchers, 

while ESS9 and ESS11 provide an interviewer-assisted baseline for all 

twenty-seven countries. 

This study advances methodological discussion on the dissimilarity of 

mode effects across the questionnaire content, specifically differential item 

nonresponse patterns. Our analysis focuses on the effects of switching to 

self-administered fieldwork execution on item nonresponse rates for two types of 

ESS questionnaire items. On the one hand, we focused on questions with 

complex and unfamiliar response options, relative to other parts of the ESS 

questionnaire. These questions, selected from the multistage household roster 

initiating Module F of the ESS questionnaire, also employed complicated 

instructions. Three items were scrutinised: gender, year of birth and relationship 

to the respondent of household members other than the respondent. They place 

demands on the respondent’s factual recall and present response options that 

require substantial cognitive effort to navigate. On the other hand, we selected 

standard opinion items that have historically been associated with the highest 

item nonresponse rates in the ESS: left-right self-placement, trust in the United 

Nations, and views on European Unification. All three opinion questions use an 

11-point end-labelled scale, uniformly implemented across ESS instruments. They 

probe abstract political constructs, which may be challenging for some 

respondents to judge; however, any ESS respondent would be thoroughly familiar 

with their response format when they appear in the questionnaire sequence. 

 

   

 

4 



  
Drawing on the theory of survey satisficing (e.g., Krosnick et al., 1996; 

Mulligan et al., 2001; Roberts et al., 2019), we expect these two kinds of 

questions to be differentially affected by interviewer presence in terms of the 

respondent’s propensity to opt for item nonresponse. For questions with 

complex response options, the rates of item nonresponse should rise in 

self-completion modes. Without interviewers offering explanations and enforcing 

compliance, low-motivation respondents are likely to be enticed by strong 

satisficing, skipping their way through without engaging with unfamiliar response 

options. Conversely, for opinion items with familiar response options, 

self-completion is likely to promote weak satisficing, resulting in lower item 

nonresponse rates. It seems easier and better fits the role of a good participant 

to just select any response option on a familiar scale than to skip the item. In 

interviewer-assisted interviews, weak satisficing should manifest 

disproportionately as item nonresponse on standard opinion items, i.e., either 

‘don't know’ or refusal. The presence of an interviewer increases the 

interactional and social evaluative cost of providing a weakly substantially 

grounded response, making selecting the nonresponse option the most 

defensible option requiring the least effort. To evaluate our expectations, we 

fitted hierarchical Bayesian beta regression models to the item nonresponse rate 

outcomes. The baseline specification encompasses random intercepts for 

countries and random slopes for survey rounds, thereby encapsulating 

cross-national and cross-round heterogeneity in item nonresponse rates. In 

addition, a dichotomous country-group indicator distinguishes the eight ESS10 

self-completion countries from the nineteen interviewer-assisted counterparts, 

and its interaction with the survey round directly tests the hypothesised 

mode-switch effect.  

Theoretical frameworks 

Answering survey questions constitutes a cognitive exercise whose 

difficulty depends on various factors, including respondents’ knowledgeability 

(Alexander, 2017; Berinsky, 2004) and their levels of interest in and experience 

with the topic (Jabkowski & Piekut, 2024; Zhu, 1996). Respondents are known to 
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engage in survey satisficing to minimise their cognitive burden (Alwin & Krosnick, 

1991; Krosnick, 1991). Instead of providing thoughtful, substantive and valid 

answers, some participants employ optimisation strategies aimed at minimising 

their engagement with questions (Kraemer et al., 2023; Roberts et al., 2019). 

They prefer to complete the survey quickly, while remaining formally compliant 

with the instructions. Crucially, the presence of an interviewer, who provides 

support and encouragement to engage with the questions (West & Blom, 2017), 

directly affects respondents’ motivation, compliance and cognitive effort. 

Therefore, the patterns of satisficing are likely to differ between self-administered 

and interviewer-assisted interviews (Holbrook et al., 2003; Ye et al., 2011).  

The cognitive process underlying answer-formation involves multiple 

stages: 1) question assimilation and understanding, 2) information retrieval from 

memory, 3) estimation of the requested response, and finally, 4) fitting it into the 

given response options (Beatty & Herrmann, 2002). Skipping or rushing through 

some or all these stages indicates a satisficing approach on the part of the 

respondent, wherein the extent of survey satisficing depends on three 

interrelated factors: task difficulty, ability to answer the question, and the 

respondent’s motivation to spend time and make effort to consider an answer 

possibly close to the true behaviour or attitude (Krosnick, 1991). Satisficing can 

be ‘weak’ when respondents apply all the cognitive stages but rush through 

them, or ‘strong’ if they skip some of them altogether. Item nonresponse is an 

example of a strong satisficing mechanism (Cornesse et al., 2020). Some 

respondents might genuinely not know how to answer, for example, if the survey 

asks about novel issues, unformed opinions or facts unavailable to them (Alwin & 

Krosnick, 1991). On the other hand, weak satisficing typically involves careless 

response styles (Blazek & Siegel, 2024; Stosic et al., 2024). 

Low-motivation respondents have a higher propensity for speed-running 

self-administered surveys, resulting in random responses, a lack of substantive 

answers, or skipping questions by simply clicking the ‘next button’ (Cornesse & 

Blom, 2020). Speed-running seems much less likely in interviewer-assisted 

surveys, especially in face-to-face modes (Holbrook et al., 2003). The 

self-administering respondent can go through the questionnaire at their own 
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pace and enjoy a higher sense of control over the response process (Bowling, 

2005; West & Blom, 2017), which is beneficial for highly motivated participants as 

it allows for more time to engage in cognitive processing and careful reading (Ye 

et al., 2011). However, interviewer absence offers an easy path to weak satisficing 

for low-motivation respondents, who may readily translate their sense of control 

over the response process into a very high pace of answering without engaging 

with the questions (Heerwegh & Loosveldt, 2008; Jäckle & Lynn, 2008). This path 

would also be highly alluring to respondents with lower digital literacy, who 

might struggle with answering self-administered web-based surveys (Oliveri et 

al., 2021).  

When it comes to cognitive complexity, neither questions nor response 

scales are born equal. Questionnaire items vary in the complexity of the 

measured constructs and of how they may be operationalised (Converse, 1976). 

Among the standard-module ESS questions, none touch upon truly complex 

constructs, except for the 21-item Portrait Value Questionnaire (PVQ), which 

measures the ten Schwartz values (Davidov et al., 2008; Schwartz, 2003). 

However, due to concerns about length, the PVQ was not included in the 

self-administered ESS10 questionnaires (ESS, 2023). Nevertheless, all question 

items selected for our study push respondents to engage in substantial cognitive 

effort. The household roster items probe for factual information about personal 

details of household members other than the respondent, while the three 

opinion questions touch upon somewhat abstract political concepts on which 

many respondents likely hold no firm prior opinions. Providing valid answers to 

both kinds of questions requires attention and some reflection, and is not 

straightforward.  

While both types of items in our analysis involve cognitively burdensome 

questions, the design of their response options contrastively differ in terms of 

difficulty for the respondent. The opinion questions rely on the end-labelled 

0-to-10 response formats, common in the ESS questionnaire, so respondents are 

exposed to such scales multiple times, and are likely to have been ‘socialised’ to 

use them through participating in various commercial surveys before (Groves 

2011). However, the household’s member enumeration questions, despite being 
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concerned with potentially simpler factual information, involve a unique 

sequence and response options format. The respondent encounters such 

response options for the first time in the questionnaire completion process. For 

the former, responding is relatively easy even without reading the question, while 

the latter’s response options require more attention on the part of the 

respondent and stronger memory recall, so they produce higher item 

nonresponse (Lipps & Monsch, 2022). Additionally, question formats that are not 

single-item format scales have a higher nonresponse rate (Messer et al., 2012). 

Arguably, for the opinion questions, the interviewer's presence may result in 

higher nonresponse rates, not because of the complexity of the response 

options, but due to social desirability biases (Kreuter et al., 2008). The three 

opinion items we selected for further analysis do not seem to count among very 

sensitive questions (they cover political ideology scale, political trust to UN, and 

EU expansion); however, they are rather typical ‘no opinion’ or ‘do not know’ 

items (e.g., Bearce & Jolliff Scott, 2019; Dassonneville & McAllister, 2025; 

Stoeckel, 2012), which means that they measure an opinion for which a 

significant proportion of respondents lack a sufficiently well-formed, accessible 

or justifiable evaluation. Thus, a common and meaningful response outcome is 

therefore a ‘no opinion’ or ‘don't know’  response (Krosnick, 1991). In addition, 

some people, such as those with lower incomes, who tend to have a lower 

perception of their political efficacy and less confidence in expressing their 

political views, have been found to be less likely to express their views in survey 

research (Berinsky, 2004; Laurison, 2015). Since the topics the opinion items 

cover concern political issues that some people might find difficult to assess 

(Wojcik et al., 2021) or consider private, interviewers might be less likely to probe 

about them, thereby improving respondents’ motivation to answer.  

Hypotheses 

Nonresponse to household enumeration items 

Interviewer assistance eases the cognitive burden of providing household 

demographics, as it allows for on-demand explanations of question wording, 

instructions, and response options. Furthermore, the presence of a well-trained 
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interviewer facilitates the respondent’s encounter with unfamiliar response 

formats. On the other hand, in self-administered surveys, strong satisficing is an 

efficient means of evading the burden of response to such factual questions with 

complex response options, as skipping items is inherently easier than navigating 

the response options. 

H1: For questions with unfamiliar and complex response options, item 

nonresponse rates increase when the survey mode is switched from 

interviewer-assisted to self-completion protocols. 

Nonresponse to standard opinion items 

Opinion questions tend to have relatively uniform response formats in the ESS, 

with widespread implementation of end-labelled 11-point rating scales. In 

self-administered surveys, weak satisficing is a more likely pathway than strong 

satisficing for such question items, as respondents can quickly select any 

response on the scale provided without much cognitive engagement with the 

question semantics. A self-administering respondent is not under any immediate 

time or social pressure to respond truthfully and attentively to questions about 

political views, which makes providing any answer a more optimal solution than 

nonresponse.  

H2: For opinion questions with familiar and simple response options, item 

nonresponse rates decrease when the survey mode is switched from 

interviewer-assisted to self-completion protocols. 

Data and methods 

Data 

Our analysis encompasses data from 27 countries that participated in Rounds 9, 

10, and 11 of the European Social Survey (ESS). In Round 9, all country surveys 

relied on the interviewer-assisted mode (CAPI). Due to COVID-19 disruptions, 

eight countries opted to switch to self-completion protocols in ESS10 with 

Push-to-Web priority, and in Round 11, all were back to interviewer-assisted 

modes. In Figure 1, we note the difference between interviewer-assisted 
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fieldwork execution and self-completion. While we take note of internal mode 

distinctions (paper vs. web for self-completion, and CAPI vs. web-video for 

interviewer-assisted protocols), our analysis does not investigate their potential 

effects, as the respondents were not randomly split across the modes. In 

addition, we also note that the assignment into either the mode-switch or 

no-switch categories was not randomised, reflecting the specific needs and 

restrictions faced by the countries participating in the pandemic-disrupted Round 

10. However, the eight mode-switchers are diverse geographically and in terms of 

broad socio-economic characteristics. Using the documented fieldwork durations 

and response rates from ESS Rounds 9–11, we noted that the Round 10 switchers 

do not constitute a distinct ‘procedural cluster’ compared to non-switchers. 

There is substantial overlap in fieldwork duration between the two groups in 

every Round (ESS9: 81–267 days for switchers vs 30–225 days for non-switchers; 

ESS10: 39–164 days vs 95–389 days; ESS11: 115–412 days vs 67–329 days) and in 

response rates (ESS9: 27.6–60.4% vs 34.9–69.4%; ESS10: 14.7–39.2% vs 

20.9–72.5%; ESS11: 23.7–42.6% vs 27.0–76.6%, respectively for mode-switching 

and non-swithcing countries). Thus, the countries in both groups prove consistent 

with the ESS design principles and documentation structure, which are based on 

strict random probability sampling and standardised methodological 

requirements (including a minimum target response rate). Furthermore, in all 

countries, both pre- and post-pandemic ESS Rounds utilised interviewer-assisted 

modes, allowing us to control their baseline characteristics. Thus, our models 

compare survey outcomes in the two country categories for each of the three 

Rounds. 
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Figure 1. Modes of data collection in the ESS rounds 9, 10, and 11 

We investigate item-nonresponse rates for two types of items in the ESS 

questionnaire. On the one hand, the items with complex response formats are 

principally featured in the household roster section. We selected three such 

question items: gender, year of birth, and the respondent's relationship to all 

other household members. On the other hand, we focused on three opinion 
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questions with the highest rates of item nonresponse: left-right self-placement, 

trust in the United Nations, and attitudes towards European Unification. 

As expressed in H1, for items with complex response formats, the 

item-nonresponse rates are expected to rise in the mode-switching countries in 

ESS10. However, there should be no contrast between their respective rates and 

the non-switching countries in ESS9 and 11, where all countries implemented 

interviewer-assisted modes. Conversely, as expressed in H2 for standard opinion 

items, the nonresponse rates should be lower for mode-switchers in ESS10. 

Furthermore, in those eight countries, the item-nonresponse rates are expected 

to be similar for ESS9 and 11, which both implemented similar 

interviewer-assisted protocols, and in non-switching countries, the 

item-nonresponse rates are expected to be similar in all three rounds.  

Outcome variables 

Item nonresponse measures for complex response option items 

Module F of the ESS questionnaire (household roster items) employs a multistage 

response process. Respondents are first required to report the total number of 

household members living in a dwelling and subsequently provide detailed, yet 

straightforward, factual data for each additional member. For each household 

member other than the respondent, the survey aims to collect information such 

as gender, year of birth, and the relationship of that person to the respondent. 

Let   denote the observed item-nonresponse for the household 𝑟𝑘
composition items (gender, year of birth, relationship to respondent, 

respectively) corresponding to the household member  (with ) 𝑘 𝑘 = 2,  3, …,  8
and let   denote the number of respondents for whom the question about the 𝑛𝑘
household member  is applicable (i.e., those households with at least  𝑘 𝑘
members). Note that the size of the household may exceed 8 (in the ESS the 

maximum is set up to 15); however, we excluded all such cases due to a limited 

number of respondents reporting more than 8 household members. For each 

applicable household member, the indicator   takes a value of 1 if the response 𝑟𝑘
is classified as a nonresponse (missed information) and 0 otherwise. To calculate 
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item nonresponse outcomes for these complex format items; we first compute 

the average nonresponse rate for each household member position , which we 𝑘
denoted  . The overall item nonresponse rate for individual country-survey and 𝑟𝑘
all three outcomes related to complex questions, i.e., ,  ,  𝐼𝑁𝑅𝑔𝑛𝑑𝑟 𝐼𝑁𝑅𝑦𝑒𝑎𝑟 𝐼𝑁𝑅𝑟𝑠ℎ𝑖𝑝𝑎
is then calculated as a weighted average across the applicable households: 

 𝐼𝑁𝑅{𝑔𝑛𝑑𝑟;𝑦𝑒𝑎𝑟;𝑟𝑠ℎ𝑖𝑝𝑎} = 𝑘=2
8∑ 𝑛𝑘𝑟𝑘
𝑘=2

8∑ 𝑛𝑘
This formula ensures that each household member’s position contributes to the 

overall rate proportionally to the number of respondents for whom that position 

is applicable. To illustrate this principle, consider a scenario where a small 

proportion of households include a fourth member. In this case, the nonresponse 

rate for the fourth member, denoted by   will contribute proportionally less to 𝑟4
,   or , than the nonresponse rate for the second 𝐼𝑁𝑅𝑔𝑛𝑑𝑟 𝐼𝑁𝑅𝑦𝑒𝑎𝑟 𝐼𝑁𝑅𝑟𝑠ℎ𝑖𝑝𝑎

member , which applies to a larger group of respondents.   𝑟2
Item nonresponse measures for standard opinion items 

In the case of the opinion items, the approach was initiated by identifying a set of 

core ESS variables that were consistently administered across ESS Rounds 9, 10, 

and 11 (a complete list is available in the Supplementary Online Materials; 

hereafter SM). For each of these items, cases of nonresponse (missing answers) 

were identified, and a binary indicator    was created for each respondent  on 𝐼𝑖𝑗 𝑗
each item . Here,   indicates a nonresponse (i.e., missing or invalid 𝑖 𝐼𝑖𝑗 = 1
answer) and  denotes a valid response. The share of missing data for each 𝐼𝑖𝑗 = 0
item in each country-survey in ESS9 was then computed by averaging these 

binary indicators. Finally, the items were ranked according to their nonresponse 

rates, and the three items with the highest overall rates were selected for further 

analysis (namely, left-right political self-placement: , trust in the United 𝑙𝑟𝑠𝑐𝑎𝑙𝑒
Nations: , and attitudes toward European unification: ).  𝑡𝑟𝑠𝑡𝑢𝑛 𝑒𝑢𝑓𝑡𝑓
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Finally, for three selected items and country-surveys from ESS9, 10, and 

11, separately, we calculated the item nonresponse rate by averaging binary 

indicators  across all respondents. Mathematically, for each item , the item 𝐼𝑖𝑗 𝑖
nonresponse is defined as:  𝐼𝑁𝑅{𝑙𝑟𝑠𝑐𝑎𝑙𝑒;𝑡𝑟𝑠𝑡𝑢𝑛;𝑒𝑢𝑓𝑡𝑓} = 1𝑁 𝑗=1

𝑁∑ 𝐼𝑖𝑗
where  represents the number of respondents in a given country. This 𝑁
straightforward approach yields the proportion of respondents who did not 

provide a valid answer for a particular item. 

Analytical procedure 

We employed a Bayesian modelling framework using the ‘brms’ package 

(Bürkner, 2017, 2018) in R (R Core Team, 2021). This approach enables a flexible 

specification of the likelihood function, hierarchical random effects, and the 

derivation of complete posterior distributions for the parameters of interest.  

The analysis focused on item-nonresponse measures ranging from 0 to 1. 

We first attempted to distinguish the outcome variables that exhibited 

substantial zero inflation (i.e., a notable proportion of country surveys with no 

item nonresponse) from those that did not, but our preliminary analyses did not 

detect inflation of zeros in the data (see Table SM1 and Table SM7 in SM). Thus, 

we specified a standard beta family model for all items with complex response 

options and all three standard opinion items (we transformed outcome variables 

by adding a small constant 1×10⁻⁶ to any zero values, which is necessary as the 

beta distribution cannot accommodate exact zero but has no effect on the 

results).  

To account for the nested structure of the data (surveys nested within 

countries), random effects were included, with random intercepts for each 

country and random slopes for the ESS Round within each country. This 

hierarchical approach acknowledges the possibility that countries may differ in 

their baseline levels of item nonresponse and that these levels may change 

across rounds. Modelling such heterogeneity explicitly allows for more precise 

estimates of the overall effects of changing data collection mode. 
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To evaluate the impact of the transition to self-completion protocols in 

Round 10 on item nonresponse, compared to countries maintaining 

interviewer-assisted modes of data collection, a ‘country group’ variable was 

introduced to distinguish countries using self-completion protocols in R10 from 

those using interviewer-assisted protocols in all three rounds. Model 1 (a 

baseline model) controlled for the basic covariates and estimated the main 

effects of the ESS Round and country group for each dependent variable. In 

contrast, Model 2 (the model of primary interest for testing the hypotheses) 

included the interaction between these two factors to determine whether the 

effects depended on the data collection mode. Rounds 9 and the group of 

countries utilising interviewer-assisted modes of data collection in all three 

rounds served as the reference categories. Detailed mathematical formulas for 

two Bayesian regression models under the beta family assumption are provided 

in the Appendix. 

All models were fitted with four Markov Monte Carlo chains, each running 

for 4,000 iterations (1,000 of which were warmups). Two control parameters 

were set: “max treedepth” = 15 and “adapt delta” = 0.99. The purpose of these 

parameters was to improve sampler efficiency and reduce the risk of divergent 

transitions, thus enhancing the reliability of the posterior estimates. A fixed 

random seed was also used to ensure the reproducibility of all results presented 

in this paper (see the replication code in SM; however, for replicating the exact 

results in the “brms” package in R, the same operating system: macOS 15.3.1, 

rstan: 2.32.6, and same clang++ compiler version: 16.0.0 for Stan is required). 

Subsequently, a posterior summary and credibility intervals were employed to 

quantify the strength of evidence for differences in item nonresponse across 

rounds and data collection modes. Implementing a Bayesian approach offers 

several advantages, chief among them providing complete probability 

distributions for parameters. This is particularly valuable when estimating 

potentially small or uncertain differences across countries and rounds.  
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Results 

To test the hypotheses, our analysis examines the interaction between 

ESS9, 10, and 11, and membership in a country group (eight mode-switching 

countries vs. nineteen non-switchers). In the results section, we provided a 

graphical visualisation of the interaction terms and the Bayesian regression 

parameters as well as tables with all regression terms and 95% credible intervals; 

however, the complete outputs, including convergence diagnostics, and trace 

plots for every model and each Markov chain, can be found in Sections 2.1 and 

2.2 of the SM. Notably, all models converged, as evidenced by all R-hat 

convergence diagnostic values approximately equal to 1. Furthermore, the 

effective sample sizes (both Bulk and Tail) were sufficiently large for most 

parameters, indicating that the posterior estimates are founded on robust 

sampling and are less susceptible to instability in the tails or central region of the 

parameter’s distribution.  

Figure 2 provides a visual summary of interaction effects, displaying the 

predicted posterior average values of the probability of item-nonresponse 

occurrence on the y-axis for each combination of round and country groups. The 

three panels in the upper row show the effects of switching to self-completion for 

questions with complex response options, while the lower row does the same for 

the three standard opinion questions with end-labelled 0-to-10 response 

formats. 
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Figure 2. Interaction terms (ESS round x Country group) for testing the impact of switching to self-completion protocols  
in R10 on item nonresponse in complex response options and simple opinion items  
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Figure 2 supports H1, as for household roster items with complex or 

unfamiliar response formats, we found that mode-switching countries 

demonstrate a clear spike in item nonresponse in Round 10 when self-completion 

protocols were in use, compared to their own interviewer-assisted baseline in 

Rounds 9 and 11, as well as compared to non-switching countries. Conversely, the 

pattern we found aligns with H2 for standard opinion items. In self-completion 

countries, we found that item nonresponse is lower in Round 10 (particularly for 

left–right self-placement and trust in the UN), before rising again once 

interviewer-assisted modes resume in Round 11. We provide detailed results for 

testing H1 and H2 in the following sections.   

Item nonresponse and items with complex response options 

Tables 1-3 summarise Bayesian regressions (with posterior odds ratios and 

credible intervals with 95% posterior probability) for all three questions 

constituting a battery of cognitively demanding complex response format items, 

i.e., for the gender of household members, the year of birth of household 

members, and the relationship of household members to the respondent. 

Table 1. Posterior Odds Ratios with 95% Credible Intervals for item nonresponse rate in questions on the gender of 

household members as the outcome variable  

   
Predictors  

Model 1 Model 2 

Odds 
Ratios 

CI (95%) Odds 
Ratios 

CI (95%) 

Intercept  0.009 0.005 – 0.017 0.009 0.005 – 0.017 
Round 10 vs. 9  1.833 0.879 – 3.751 0.919 0.448 – 1.950 
Round 11 vs 9  2.308 1.245 – 4.359 3.561 1.778 – 6.994 
Self-completion modes in Round 10  2.033 0.952 – 4.478 1.993 0.792 – 4.974 
Round 10 x  
Self-completion modes in Round 10 

- - 7.559 2.268 – 24.267 

Round 11 x  
Self-completion modes in Round 10 

- - 0.278 0.080 – 0.990 

ICC  0.70 0.29 
N Countries 27 27 
N surveys  81 81 

Marginal R2 / Conditional R2  0.064 / 0.689 0.491 / 0.667 

Table 2. Posterior Odds Ratios with 95% Credible Intervals for item nonresponse rate in questions on the age of household 

members as the outcome variable  
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Predictors  

Model 1 Model 2 

Odds 
Ratios 

CI (95%) Odds 
Ratios 

CI (95%) 

Intercept  0.021 0.013 – 0.034 0.022 0.013 – 0.036 
Round 10 vs. 9  2.716 1.698 – 4.321 2.058 1.195 – 3.739 
Round 11 vs 9  1.759 1.053 – 3.072 2.500 1.385 – 4.484 
Self-completion modes in Round 10  2.340 1.240 – 4.327 2.033 0.852 – 4.616 
Round 10 x  
Self-completion modes in Round 10 

- - 2.164 0.895 – 5.424 

Round 11 x  
Self-completion modes in Round 10 

- - 0.342 0.115 – 1.002 

ICC  0.39 0.26 
N Countries 27 27 
N surveys  81 81 

Marginal R2 / Conditional R2  0.298 / 0.641 0.495 / 0.689 

 

Table 3. Posterior Odds Ratios with 95% Credible Intervals for item nonresponse rate in questions on the relationship of 

household members to the respondent as the outcome variable  

   
Predictors  

Model 1 Model 2 

Odds 
Ratios 

CI (95%) Odds 
Ratios 

CI (95%) 

Intercept  0.014 0.007 – 0.023 0.015 0.008 – 0.025 
Round 10 vs. 9  1.803 0.937 – 3.360 0.989 0.501 – 1.919 
Round 11 vs 9  1.900 1.134 – 3.194 2.293 1.270 – 4.187 
Self-completion modes in Round 10  1.679 0.826 – 3.605 1.300 0.525 – 3.134 
Round 10 x  
Self-completion modes in Round 10 

- - 6.620 2.330 – 
20.441 

Round 11 x  
Self-completion modes in Round 10 

- - 0.584 0.191 – 1.757 

ICC  0.69 0.30 
N Countries 27 27 
N surveys  81 81 

Marginal R2 / Conditional R2  0.056 / 0.691 0.415 / 0.671 

  

 The magnitude of the interaction effects for the Round 10 × 

self-completion modes of data collection (see models with the second 

specification) varied across three items. For the gender of the household 

members, the odds of a missing answer incresed over 7 times (OR = 7.56, with 

95% CI ranging from 2.28 to 24.27) In estimating the interaction term for the item 
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missingness to the year of birth, the estimate was more modest, and the interval 

overlapped the odds ratio of 1 (OR = 2.16, 95% CI: 0.90–5.24). However, 

regarding the relationship with the respondent, the odds were over six times 

higher (OR = 6.61, 95% CI: 2.33–20.44). Notably, the comeback to the face-to-face 

modes in Round 11 resulted in a substantial decrease in the odds for each item, 

indicating a near-complete restoration of baseline nonresponse levels in Round 9. 

Overall, the findings indicate that transitioning from interviewer-assisted 

to self-completion protocols in ESS10 significantly increased item nonresponse in 

all three household roster items. Specifically, in countries that employed 

interviewer-assisted protocols in all ESS rounds, the predicted levels of item 

nonresponse remained relatively stable, suggesting that 

interviewer-administered modes are not associated with substantial fluctuations 

across Rounds 9, 10, and 11. Conversely, countries' mode-switching to 

self-completion in ESS10 exhibited a substantial increase in nonresponse, as 

evidenced by the odds ratios for the interaction terms for all three variables 

above 1.0, with 95% posterior probability. This result suggests that 

self-completion modes of data collection may have a notable impact beyond 

baseline differences. When the eight countries reverted to interviewer-assisted 

protocols in ESS11, their predicted item nonresponse levels returned to the lower 

values observed in ESS9.  

The results corroborate the hypothesis (H1) that switching the survey 

mode from interviewer-assisted to self-completion results in higher nonresponse 

rates for questions with unfamiliar and complex response options. Furthermore, 

the transition to self-administered surveys in one round generates a discernible 

‘dip-and-rebound’ effect, whereby nonresponse rates for the eight 

mode-switching countries return to the baseline values of ESS9 when they switch 

back to interviewer-administered surveys in ESS11. 

Item nonresponse and standard opinion items 

For opinion questions with familiar and standard response scales, the three 

Bayesian regression models reveal a distinctly different effect of switching from 

interviewer-assisted to self-completion data collection modes (see Tables 4-6). 
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Table 4. Posterior Odds Ratios with 95% Credible Intervals for item nonresponse rate in questions on the left-right political 

orientation as the outcome variable  

   
Predictors  

Model 1 Model 2 

Odds 
Ratios 

CI (95%) Odds 
Ratios 

CI (95%) 

Intercept  0.162 0.103 – 0.259 0.136 0.086 – 0.210 
Round 10 vs. 9  0.688 0.517 – 0.921 0.893 0.699 – 1.168 
Round 11 vs 9  0.850 0.691 – 1.052 0.890 0.700 – 1.153 
Self-completion modes in Round 10  0.650 0.285 – 1.485 1.280 0.559 – 2.815 
Round 10 x  
Self-completion modes in Round 10 

- - 0.359 0.217 – 0.603 

Round 11 x  
Self-completion modes in Round 10 

- - 0.832 0.531 – 1.274 

ICC  0.84 0.81 
N Countries 27 27 
N surveys  81 81 

Marginal R2 / Conditional R2  0.068 / 0.922 0.081 / 0.880 

 

Table 5. Posterior Odds Ratios with 95% Credible Intervals for item nonresponse rate in questions on trust in the United 

Nations as the outcome variable  

   
Predictors  

Model 1 Model 2 

Odds 
Ratios 

CI (95%) Odds 
Ratios 

CI (95%) 

Intercept  0.101 0.072 – 0.147 0.083 0.060 – 0.113 
Round 10 vs. 9  0.641 0.468 – 0.871 0.909 0.719 – 1.164 
Round 11 vs 9  0.851 0.708 – 1.033 0.885 0.713 – 1.108 
Self-completion modes in Round 10  0.561 0.285 – 1.083 1.154 0.657 – 2.057 
Round 10 x  
Self-completion modes in Round 10 

- - 0.243 0.142 – 0.411 

Round 11 x  
Self-completion modes in Round 10 

- - 0.864 0.586 – 1.264 

ICC  0.64 0.67 
N Countries 27 27 
N surveys  81 81 

Marginal R2 / Conditional R2  0.068 / 0.922 0.081 / 0.880 
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Table 6. Posterior Odds Ratios with 95% Credible Intervals for item nonresponse rate in questions on attitudes towards 

European unification as the outcome variable  

   
Predictors  

Model 1 Model 2 

Odds 
Ratios 

CI (95%) Odds 
Ratios 

CI (95%) 

Intercept  0.082 0.060 – 0.110 0.079 0.057 – 0.107 
Round 10 vs. 9  0.589 0.417 – 0.814 0.701 0.482 – 0.995 
Round 11 vs 9  0.845 0.677 – 1.070 0.883 0.679 – 1.164 
Self-completion modes in Round 10  1.029 0.612 – 1.770 1.151 0.655 – 2.090 
Round 10 x  
Self-completion modes in Round 10 

- - 0.550 0.276 – 1.094 

Round 11 x  
Self-completion modes in Round 10 

- - 0.869 0.526 – 1.398 

ICC  0.58 0.57 
N Countries 27 27 
N surveys  81 81 

Marginal R2 / Conditional R2  0.105 / 0.659 0.125 / 0.661 

 

 An investigation of the Bayesian posterior estimates led to the conclusion 

that the interaction term between Round 10 and self-completion modes has 

substantially decreased the odds of item nonresponse. Specifically, for the 

left-right self-placement, the odds ratio was reduced by approximately two-thirds 

(OR = 0.36, 95% CI: 0.21–0.60). For the United Nations, the reduction was 

three-quarters (OR = 0.23, 95% CI: 0.14–0.41), and for the European unification 

item, the reduction was around one-half (OR = 0.55, 95% CI:  0.28–1.09).  In the 

latter case, however, the credibility interval included 1, so the effect was 

negligible with the 95% posterior probability. 

The regression results indicate that implementing self-completion modes 

of data collection in ESS10 was associated with a lower predicted probability of 

item nonresponse occurrence (even if negligible in the last item). In countries 

that transitioned to self-completion protocols in Round 10, nonresponse declined 

for standard opinion items. However, when these countries returned to 

interviewer-assisted modes of data collection in Round 11, their item 

nonresponse levels returned to those closer to (or occasionally below) those in 

Round 9. These findings corroborate the hypothesis (H2) that switching to 

self-completion reduces item nonresponse rates for standard opinion questions 
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with familiar and simple response formats. Notably, this effect constitutes a 

mirror image of the effect attested for questions with complex and unfamiliar 

response options, with a corresponding rebound effect in ESS11 to the baseline 

values of ESS9. 

Discussion and Conclusions 

Switching from an interviewer-assisted to a self-administered mode of 

survey execution constitutes a major challenge for cross-national projects aiming 

to provide reliable comparative data over time. Mode-divergent item 

nonresponse rates constitute only a part of a larger conundrum, and the two 

types of question formats in our analysis are merely two contrasting examples of 

differential nonresponse patterns. Our analysis demonstrated how the switch to 

self-completion mode in ESS10 affected data quality, while item nonresponse 

remained stable for countries that did not change from interviewer-assisted to 

self-completion mode. We focused on the contrast between items with 

unfamiliar and complex response options for the ESS respondents, where the 

incidence of nonresponse increases in the absence of the interviewer, and items 

with familiar and simple response formats, for which a corresponding decline in 

nonresponse rates can be observed. A plausible interpretation of this decline is 

that it results from weak satisficing, indicating that it is not a good sign for survey 

quality; respondents find it easier to be less attentive when self-administering 

than they would in the presence of an interviewer. Conversely, when it comes to 

complex and unfamiliar items, the absence of the interviewer makes it less likely 

for the respondent to engage with such parts of the questionnaire attentively. 

This was the case in the ESS household roster items, which are crucial for 

estimating many survey measures relating to a household situation. A higher 

item nonresponse rate in self-completion surveys for questions about household 

members poses a risk to the comparability of mode-mixing survey data over time 

and their internal reliability. 
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Study limitations 

The limitations of our study need to be acknowledged. Although the analysis is 

based on a quasi-experimental design, in which countries that switched to 

self-completion in ESS10 come from a variety of European regions, economic 

contexts, and welfare regimes, their decisions to implement self-completion were 

not random. The potentially confounding but unmeasured factors in this design 

include unequal capacities of survey infrastructures, socio-cultural or other 

country-specific characteristics. These factors may be correlated with some 

unobserved characteristics of survey administration or respondent behaviour and 

cannot therefore be ruled out as potential sources of bias. 

Unfortunately, the available ESS data does not allow for testing our 

satisficing-based interpretation of the differential item nonresponse patterns. 

Given that they constitute a problem for data quality, and given the much better 

capacity for monitoring the response process in computer-based 

self-administered surveys, high-quality projects should strive to make available a 

standardised paradata set including last-question time, item latency distribution, 

browser focus changes (Mathews et al., n.d.; Schenk & Reuß, 2024; Vehovar et 

al., 2024). Such paradata availability would identify hidden satisficing behaviours 

that raw item nonresponse cannot capture, thereby providing a more 

comprehensive cross-mode quality metric. Furthermore, as both strong and weak 

satisficing emerge in real time, leveraging latency patterns, scroll depth, and 

break-off traces allows survey organisations to intervene on the spot. A shift 

towards responsive and adaptive survey designs (Einarsson et al., 2024) should 

be considered when pivoting to self-completion modes. Some cross-national 

applications have already been piloted in large projects such as SHARE and the 

ESS. The real-time analysis of paradata can facilitate the identification of specific 

types of satisficing respondents, thereby moderating mode-specific response 

behaviours and enhancing the uniformity of data quality across diverse data 

collection methods in longitudinal, multi-wave, cross-national studies.  
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Study implications 

Our study has implications for the new era of survey research, when survey data 

requires additional insight and support from new technology tools (Groves, 2011) 

- more recently referred to as ‘smart surveys’ (Schouten et al., 2025). Moving 

survey data collection online requires changes in the survey logic and embedding 

more ‘smart features’, including interactive digital tools replacing the interviewer 

that can be more effective in keeping respondents engaged, yet would not 

introduce social desirability bias, and crucially could make survey responding a 

less daunting task. 

Just as interviewer presence once did, automated prompts, attention 

checks, or conversational bots alter the respondent’s involvement in surveys. To 

mitigate weak satisficing, survey execution protocols should implement real-time 

attention checks (Gummer et al., 2018; Newman et al., 2021; Ternovski & Orr, 

2022). Timing attention checks and adaptive ‘speed-bump’ prompts are widely 

recommended to turn potential nonrespondents into engaged respondents, 

mitigating the risks highlighted by our finding related to self-administration 

effects on standard opinion items. This approach has been shown to identify 

cases of inattention and improve data quality (Oppenheimer et al., 2009) and 

combine them with timing-based ‘speed bump’ prompts that appear when 

paradata reveal ultra-fast completion or straight-lining (Hillygus & LaChapelle, 

2022). These layered interventions can transform potential weak satisficing 

nonrespondents into attentive respondents. This directly addresses the spurious 

dip in item nonresponse as it prevents careless answers from silently replacing 

legitimate skips. 

When it comes to complex and unfamiliar question items and other 

questionnaire parts that traditionally require interviewer elicitation, the tendency 

to employ strong satisficing can also be mitigated by existing and emerging 

technologies, such as virtual assistants capable of providing instructions and 

explanations to confused respondents. In this respect, the recent applications of 

experimental 'AI interviewers,' e.g., Wuttke et al. (2025), seem particularly 

important. Preliminary field trials have demonstrated that large language model 

AI interviewers can replicate a substantial proportion of the clarifying role 
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typically performed by human interviewers, while maintaining web efficiency. 

This approach has been shown to reduce nonresponse to cognitively demanding 

items without incurring additional costs; however, the key design issues identified 

are transparency and the ability to fall back on human assistance.  
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Appendix. Mathematical formulas for Bayesian regression models 

As all outcomes did not display zero inflation, we used a simple model with the 

beta family. Let   denote the item-nonresponse measure for survey i in country 𝑌𝑖𝑗
j: 

. 𝑌𝑖𝑗 ∼ 𝐵𝑒𝑡𝑎 α𝑖𝑗, β𝑖𝑗( )
In the “brms” R package, the beta distribution is parametrised by a mean  and µ𝑖𝑗
a precision term , such that: and a precision term , such that: ϕ ϕ

  α𝑖𝑗 = µ𝑖𝑗 ϕ
and   β𝑖𝑗 = 1 − µ𝑖𝑗 ( )ϕ
thus, 

. 𝑌𝑖𝑗 ∼ 𝐵𝑒𝑡𝑎 µ𝑖𝑗 ϕ , 1 − µ𝑖𝑗 ( )ϕ( )
The link function for  is , while  is estimated as . µ𝑖𝑗 𝑙𝑜𝑔𝑖𝑡 µ𝑖𝑗 ( ) = η𝑖𝑗 ϕ 𝑙𝑜𝑔 (ϕ)
 

Specification of Model 1 

Model 1 incorporates the main effects of the ESS round and country group 

(interviewer-assisted vs. self-completion), with random intercepts and random 

slopes for the ESS round: η𝑖𝑗 =  β0 + γ0𝑗   + β1 + γ1𝑗  ( ) 𝐼 𝑅𝑜𝑢𝑛𝑑 = 10( )𝑖𝑗 +  β2 + γ2𝑗  ( )  𝐼 𝑅𝑜𝑢𝑛𝑑 = 11( )𝑖𝑗 + β3 𝐼 𝑆𝐶 𝐺(
where: 

●  is a vector of regression parameters. β
●  and  are dummy variables (Round 9 is  𝐼 𝑅𝑜𝑢𝑛𝑑 = 10( )𝑖𝑗  𝐼 𝑅𝑜𝑢𝑛𝑑 = 11( )𝑖𝑗 

the reference category). 
●  is 1 if country j used self-completion in Round 10, and 0 𝐼 𝑆𝐶 𝐺𝑟𝑜𝑢𝑝( )𝑗 

otherwise. 
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● ,  and  denote country-specific random effects drawn from a γ0𝑗   γ1𝑗   γ2𝑗   
multivariate normal distribution  γ0𝑗   γ1𝑗    γ2𝑗    ( )~𝑁 0, Σ( )

where  is the covariance matrix capturing correlations among the intercept and Σ
slope deviations across countries. 

Specification of Model 2 

Model 2 extends Model 1 by adding an interaction between the ESS Round and 

country group, thereby permitting the effect of Round 10 or Round 11 to differ 

for self-completion vs. face-to-face countries: η𝑖𝑗 =  β0 + 𝑏0𝑗   + β1 + γ1𝑗  ( ) 𝐼 𝑅𝑜𝑢𝑛𝑑 = 10( )𝑖𝑗 +  β2 + γ2𝑗  ( )  𝐼 𝑅𝑜𝑢𝑛𝑑 = 11( )𝑖𝑗 + β3 𝐼 𝑆𝐶 𝐺(
where all symbols remain as previously. 

 

 

   

 

34 


	 
	Switching to Self-Completion Protocols Impacts Item Nonresponse Patterns. Lessons from the European Social Survey rounds 9, 10 and 11 
	 
	 
	Switching to Self-Completion Protocols Impacts Item Nonresponse Patterns. Lessons from the European Social Survey rounds 9, 10 and 11 
	Introduction 
	Theoretical frameworks 
	Hypotheses 
	Nonresponse to household enumeration items 
	Nonresponse to standard opinion items 

	Data and methods 
	Data 
	Outcome variables 
	Item nonresponse measures for complex response option items 
	Item nonresponse measures for standard opinion items 

	Analytical procedure 

	 
	Results 
	 
	Item nonresponse and items with complex response options 
	Item nonresponse and standard opinion items 

	Discussion and Conclusions 
	Study limitations 
	Study implications 
	Acknowledgments 
	Disclosure statement 
	Funding 
	References 

	Appendix. Mathematical formulas for Bayesian regression models 
	Specification of Model 1 
	Specification of Model 2 


