
Survey Research Methods (2025)
Vol. , pp. 247-265
https://doi.org/10.18148/srm/2025.v19i2.8278
European Survey Research Association

©2025 Author(s)

CC BY 4.0

Predicting Survey Nonresponse with Registry Data in
Sweden between 1993 and 2023: Cohort Replacement

or a Deteriorating Survey Climate?

Sebastian Lundmark1 · Kim Backström2

1University of Gothenburg
2Åbo Akademi University

Declining response rates have remained a major worry for survey research in the 21st century. In
the past decades, it has become harder to convince people to participate in surveys in virtually
all Western nations. Worrisome, declining willingness to participate in surveys (i.e., response
propensities) may increase the risk of extensive nonresponse bias. Therefore, a better under-
standing of which factors are associated with survey nonresponse and its impact on nonresponse
bias is paramount for any survey researcher interested in accurate statistical inferences. Know-
ing which factors relate to low response propensities enables appropriate models of nonresponse
weights and aids in identifying which groups to tailor efforts for turning nonrespondents into
respondents. This manuscript draws on previous theories and research on nonresponse and in-
vestigates the risk of nonresponse bias, both cross-sectionally and over time, in two time series
cross-sectional studies administered in Sweden (the National SOM Surveys 1993-2023 and the
Swedish National Election Study 2022). Capitalizing on available registry data on all sampled
persons and their corresponding neighborhood-level contextual data, a meta-analytical analysis
of nine years of data collection finds that educational attainment, age, and country of birth
are among the strongest predictors of response propensities. However, contextual factors—such
as living in socially disadvantaged neighborhoods—also predict willingness to participate in
surveys. Furthermore, utilizing the three decades of data, the growing nonresponse could be
identified to be wholly attributable to a deteriorating survey climate rather than birth cohort
replacement or immigration patterns.
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1 Introduction

In the 21st century, survey nonresponse has been rising
(Groves, 2006; Kreuter, 2013; de Leeuw et al., 2018, 2020;
Luiten et al., 2020; Peytchev, 2013; Leeper, 2019), a trend
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that shows no signs of stopping (Brick & Williams, 2013).
Surveys are used to make inferences and generalizations
about a larger population based on a smaller sample rather
than studying the entire population (Neyman, 1934). How-
ever, a uniformly distributed nonresponse is a prerequi-
site for accurate inferences and generalizations based on
such samples (Groves & Lyberg, 2010). Worryingly, nonre-
sponse has been found to be positively associated with non-
response bias (i.e., nonresponse that skews the estimates ob-
tained; Cornesse & Bosnjak, 2018), a bias that can become
severe if the nonresponse is systematically related to un-
observed data (Couper & de Leeuw, 2003; Little & Rubin,
2002). However, some studies find that greater nonresponse
might only be weakly related to increased bias (Groves &
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Fig. 1

Response rates reported in GSS (U.S.), ALLBUS (Germany), and the SOM Institute (Sweden)
For compiled response rates, see GSS (2023), Schwemmer (2022), and Bergquist et al. (2023).
Response rates for the GSS and ALLBUS surveys correspond to RR5 (AAPOR, 2023), accord-
ing to Gummer (2019). The SOM survey response rates correspond to RR6 (AAPOR, 2023).

Peytcheva, 2008), especially when the correlation between
nonresponse and the inferential statistic is small (e.g., less
than r = 0.07, Hedlin, 2020).

Given that nonresponse is sometimes found to increase
bias and sometimes not, further understanding of individu-
als’ response propensities and the correlates of increasing
nonresponse and nonresponse bias is needed. Understand-
ing survey nonresponse and its impact on nonresponse
bias enables better statistical modeling and helps survey
researchers design interventions that efficiently counter-
act trends of increasing survey nonresponse. Furthermore,
given the decline in response rates in the Western world,
understanding whether the response rate decline is due to
a changing survey climate (i.e., a general decline in a po-
pulation’s willingness to participate in surveys) or cohort
replacement (e.g., older likely-to-participate cohorts exit-
ing the population and replaced by unlikely-to-participate
younger cohorts) will better prepare survey researchers to
combat nonresponse in the coming decades.

This study extends previous research on nonresponse,
the risk of nonresponse bias, and the survey climate by pre-
dicting nonresponse with individual and contextual registry
data from two time series cross-sectional studies admin-

istered to the Swedish population. Assessing decreasing
response rates, risk of nonresponse bias, and the survey
climate in Sweden serves as a typical case for studying sur-
vey nonresponse in Western liberal democracies (Yin, 2003,
p. 41) as response rates in the Swedish context have fol-
lowed the same trend of declining response rates as found
in major survey projects in other countries (see Fig. 1). The
response rates in the Swedish studies serve as a middle-
ground between the high response rate reported in, for ex-
ample, the American General Social Survey (GSS) and the
slightly lower rates reported in the German Social Survey
(ALLBUS). Focusing on this middle ground of response
rate, while capitalizing on the reliable registry data exis-
tent in Sweden, theories on response propensities should be
likely to be accurately assessed and generalizable to other
Western liberal democracies.

Lastly, using the complete records of several demo-
graphic characteristics across all sampled persons in the
Swedish data, the effect a predictor had on the response
propensities could be controlled for the impact of sev-
eral other predictors. Compared to many other studies on
response propensities (e.g., Boyle et al., 2021; Cavari &
Freedman, 2022; Keeter et al., 2017), the data presented
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in this manuscript, therefore, allowed for a more accurate
exploration of the impact that demographic factors had on
response propensities. The cross-sectional surveys analyzed
were collected within the Society, Opinion, and Media Sur-
veys (the SOM Surveys) between 1993 and 2023 (SOM
Institute, 2024) and in the Swedish National Election Study
(SNES) for the 2022 parliamentary election (SNES, 2023).
Benefiting from the long time series and available registry
data in the SOM Surveys, an assessment of a deteriorat-
ing survey climate and cohort replacement as causes of
increasing nonresponse and bias could be estimated for
a wider range of demographic characteristics (i.e., immi-
grant and birth cohorts) than before (e.g., Gummer, 2019).
Assessing cohort replacement’s impact on response propen-
sities should allow for more efficient future responsive and
adaptive survey designs (i.e., identifying whether surveys
should be adapted for specific cohorts of respondents or
a changing survey climate).

The manuscript is outlined as follows: First, different
theories explaining nonresponse and the survey climate,
predictors of nonresponse identified in previous research,
and how the risk of nonresponse bias and cohort change
relate to nonresponse are reviewed. Second, data and mea-
surements, description of the analytical plan, including
meta-analytical regressions, R indicators, dissimilarity in-
dices, and decompositions of change are discussed. Lastly,
the results of the analyses and their implications for survey
methodology and future research are presented.

2 Nonresponse in Surveys: Theories and Survey
Climate

Several theories have outlined what causes a sampled per-
son to exert the effort to participate in surveys (Dillman,
2020), of which social exchange theory (SET) and leverage-
salience theory (LST) have dominated the literature. SET
centers around the view that the perceived benefits (e.g., in-
centives, answer uniqueness), perceived costs (e.g., length,
complexity), and trust that the benefits will outweigh the
costs determine survey cooperation (Dillman et al., 2014,
p. 25). Similarly, LST holds three main components: lever-
age, salience, and valence (Groves et al., 2000). Leverage
relates to how vital an individual perceives a survey at-
tribute. Salience relates to whether the individual notices
those attributes or not. Valence determines whether the sur-
vey attribute’s leverage and salience nudge the individual
towards survey cooperation or nonresponse. However, the
same survey attribute may result in several different out-
comes on survey cooperation at the individual level, creat-
ing a need to study response propensities further to coun-
teract survey nonresponse better.

SET and LST are often used to understand how to con-
vert nonrespondents to respondents, for example, using Re-
sponsive and Adaptive Survey Designs (RASD) by tailoring
survey requests based on individual or contextual charac-
teristics (Schouten et al., 2017; Tourangeau et al., 2017).
But to apply RASD, one first needs to understand whether
declining response rates are due to cohort replacement or
a worsening survey climate. That is, suppose that nonre-
sponse has increased even though the protocol of a repeated
cross-sectional survey (e.g., sampling method or the num-
ber of reminders) has been kept identical over time. In
such a case, a deteriorating survey climate could explain
the declining response rates. However, the decline could
also be caused by the composition of the population (e.g.,
high response propensity cohorts being exchanged with low
response propensity ones). In the context of SET, a dete-
riorating survey climate could lead to sample persons no
longer trusting that the benefits outweigh the costs of par-
ticipating in the surveys, or in the context of LST, general
interest in the survey topic might not effectively leverage
survey participation as a new cohort enters the population
(e.g., new birth cohorts or immigrants being disinterested in
the topic). Predicting response propensities helps improve
nonresponse adjustments and RASD, offering insights into
how nonresponse may evolve, given the sharp decline in
response rates since the 1990s (Brick & Williams, 2013;
Gummer, 2019).

3 Predictors of Nonresponse in Surveys

Several explanations for the global increase in survey non-
response has been proposed based on the theories such as
the SET and LST. These can be divided into nonresponse
predictors at the individual and contextual levels. At the in-
dividual level, factors such as educational attainment, age,
migrant status, sex, income, welfare status, illiteracy, and
marital status have often been suggested as predictors of
nonresponse and to correlate with attitudinal characteristics
predictive of nonresponse (Keeter et al., 2006; 2017; Rogel-
berg & Luong, 1998; Groves & Couper, 1998; Shaghaghi
et al., 2011; Bates, 2017; Kreuter et al., 2010). Among
these individual factors, educational attainment has been the
most prominent (Keeter et al., 2017). Spending less time in
the educational system correlated with higher nonresponse
(Keeter et al., 2006; Rogelberg & Luong, 1998; van Wees,
2019), and relatedly, illiteracy appears predictive of non-
response (Shaghaghi et al., 2011). Additionally, suffering
from economic hardship, such as having a lower house-
hold income or being a benefit recipient, predicted nonre-
sponse (Abraham et al., 2006; Bates & Mulry, 2011; Brick
& Williams, 2013; Groves & Couper, 1998; Shaghaghi
et al., 2011). Furthermore, income level tends to correlate
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with educational attainment (Breen & Chung, 2015; Naito
& Nishida, 2017), adding a possible double curse of low
income and low educational attainment on decreasing re-
sponse propensities.

Similarly, less political interest and political knowledge
predicted greater nonresponse, even in surveys with only
a partial focus on politics (Keeter et al., 2006; Keeter et al.,
2017). Furthermore, as with income, educational attainment
appears to be a strong predictor of political interest and
political knowledge (Coffé & Michels, 2014; Rapeli, 2022),
indicating yet another reason for education to be one of the
most important factors for response propensities.

Generally, younger age has been found predictive of
greater nonresponse (van Wees et al., 2019; Eisele, 2017).
Bates (2017) found that young adults were harder to reach
than other groups due to moving more frequently and being
more likely to rent their homes. However, the choice of sur-
vey mode may play a part here. For example, younger peo-
ple seem to prefer online survey modes over other modes
(Bates, 2017; Hartman & McCambridge, 2011). Further-
more, greater nonresponse among younger people corre-
lated with higher nonresponse from individuals suffering
from economic hardships (Abraham et al., 2006; Bates &
Mulry, 2011; Brick & Williams, 2013). In addition, younger
people have been found to be less politically interested and
knowledgeable than others (García-Albacete, 2014; Rapeli,
2022), potentially increasing the risk of nonresponse.

Furthermore, being foreign-born (Bates, 2017; Eisele,
2017; Shaghaghi et al., 2011; van Wees et al., 2019) or
a non-citizen (Kreuter et al., 2010) have predicted non-
response. For example, Bates and Mulry (2011) found that
a greater nonresponse among immigrants was linked to lan-
guage barriers, unfamiliarity with the survey organization,
and fearing the organization behind the survey. These find-
ings align with other findings indicating that lower social
and political trust was linked to greater nonresponse (Brick
& Williams, 2013; Couper & de Leeuw, 2003; Shaghaghi
et al., 2011). Inferred from other research topics, immi-
grants should also be expected to be less politically inter-
ested and knowledgeable than natives (Fennema & Tillie,
2001; González-Ferrer, 2011).

Lastly, males have been found to be slightly less likely
than females to complete questionnaires (van Loon et al.,
2003; Rogelberg & Luong, 1998), as were widowed peo-
ple, people living in childless and single-person households
(Abraham et al., 2006; Bergstrand et al., 1983; Groves,
2006), and those socially excluded (Keeter et al., 2017).
Forms of social exclusion have, in turn, been associated
with lower social trust (Twenge et al., 2007), and low-trust-
ing individuals can be expected to be more critical toward
the survey organization, which also have been found to cor-
relate with nonresponse (Keeter et al., 2006).

However, research have identified that factors at the con-
textual level may be predictive of nonresponse. Areas where
a greater share of accommodations were rentals, the in-
come level was lower, a greater share of the population re-
ceived benefits, unemployment was high, or the education
level was low were all found to predict greater nonresponse
(Bates & Mulry, 2011; Brick & Williams, 2013). In con-
trast, Brick and Williams (2013) found that a higher crime
rate was associated with a greater likelihood of completing
surveys. Nevertheless, Brick and Williams (2013) under-
lined that they studied crime rates at the national level over
time, allowing for the possibility that local variations in
crime rates may have gone unnoticed.

In a Swedish context, the above-listed contextual fac-
tors coincide with areas the Swedish Police have identi-
fied as socially disadvantaged. These disadvantaged areas
tended to have a greater proportion of immigrants, peo-
ple in economic hardship, lower trust in authorities, and
a greater proportion of crimes (especially organized crime)
than other areas in Sweden (Swedish Police, 2015). Such
contextual data may, therefore, be important to leverage
when designing RASDs and following SET and LST to
improve response rates, especially when focusing on hard-
to-reach populations to decrease the risk of nonresponse
bias.

4 Dissimilarity, Nonresponse Bias, and Cohort
Replacement

Whereas nonresponse rates have increased in Western so-
cieties (Brick & Williams, 2013), it is less clear whether
nonresponse bias has followed that trend (Curtin et al.,
2000; Groves & Peytcheva, 2008; Keeter et al., 2000; Stoop,
2005). Cornesse and Bosnjak (2018) studied data from
69 published articles and found a positive association be-
tween nonresponse and nonresponse bias. On the other
hand, Groves and Peytcheva (2008) found no substantive
relationship between response rates and the amount of non-
response bias when studying 59 other studies. Similarly,
through simulations, Hedlin (2020) found that nonresponse
bias seemed to increase only when response rates fell be-
low 30%. Above this “safe area,” nonresponse appeared
to only marginally bias estimates (Hedlin, 2020). Given
these inconsistent findings, investigating the relationship
between predicted individual response propensities, non-
response bias, and response rates may provide insights for
survey methodologists. However, it is important to note that
nonresponse bias is estimate-specific (Bethlehem, 2002).
That is, the degree of bias changes based on the variables
estimated. So, whereas the previous chapter showed that
demographic aspects may be important predictors of non-
response, there is no guarantee that these predictors lead to
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bias in specific estimates. Therefore, it is more accurate to
use the term “risk of nonresponse bias” when discussing
bias not specific to a certain estimate and we adopt such
nomenclature here.

The relationship between declining response rates and
nonresponse bias can also be studied by modeling whether
dissimilarities between respondents and sampled persons
(or the population of which statistical inferences are to be
made) have increased over time. Modeling changes in dis-
similarity between respondents and nonrespondents over
time enables the assessment of whether these changes are
due to likely-to-participate cohorts exiting the population
and replaced with unlikely-to-participate cohorts (cohort re-
placement) or whether the changes stem from other sources
(e.g., a deteriorating survey climate) (Brick & Williams,
2013; Gummer, 2019). In such models, a cohort comprises
individuals who share a characteristic or experience within
a period; for example, people born during a specific period
(i.e., birth cohorts). When studying birth cohorts’ response
propensities, it is important to consider the interplay of age,
period, and cohort effects (Yang & Land, 2013). Age effects
result from individuals aging, period effects result from ex-
ternal factors at a point in time (e.g., a societal crisis), and
cohort effects are the results of the unique experiences of
a group.

When analyzing cross-sectional data from a single time
point, age and cohort effects are confounded. However, this
confound can be counterbalanced by using repeated cross-
sectional data over longer time-periods and by estimating
age-period-cohort analyses (Yang & Land, 2013, 16–17).
Gummer (2019) assessed cohorts in the ALLBUS and GSS
1980–2012 through such an analysis and found that changes
in dissimilarities were most likely due to a deterioration of
the survey climate and not cohort replacement.

Assessing how birth cohorts enter and exit a population
and how their response propensity change as they age, age-
period-cohort analyses can decompose the response propen-
sities in what is attributable to aging in general (age), what
is attributable to specific cohorts entering or exiting the po-
pulation (cohort), and what is attributable to society-wide
fluctuations or changes influencing survey participation (pe-
riod). A society fluctuation may be election years when in-
dividuals may be more likely to complete questionnaires
(however, assessing period effects is beyond the scope of
this manuscript). The three effects (age, period, and cohort
effects) are necessarily linearly related to each other but
can—through analyses—be separated into individual con-
tributions to changes in response propensities.

The literature review suggested that older age may lead
to higher response propensities. This means that individuals
in a cohort may become more likely to complete question-
naires as they age. A potential explanation for decreasing
response rates could be that likely-to-respond older birth

cohorts exit the population (e.g., have died or moved) and
are replaced by more reluctant-to-respond younger birth co-
horts. This would show up in an age-cohort-period analysis
as a between cohort change (BCC). If sampled persons, in
general, change their perceptions of the benefits and costs
of survey participation (which the SET posits predict re-
sponse propensity) or change their perceptions of what sur-
vey attributes are salient and hold leverage (which LST
posits predict response propensity), one would instead find
a within cohort change (WCC) as the primary explanation
for declining response rates.

This age-period-cohort logic can be applied to other co-
horts as well. For example, cohorts of immigrants, where
unlikely-to-participate immigrants from some geographical
areas replace likely-to-participate immigrants from other
geographical areas (in a migration-period-cohort analysis).
Such a cohort replacement may be especially likely to af-
fect response propensities in countries like Sweden, where
the share of the foreign-born population increased rapidly
in the past two decades, from 11% of the population being
foreign-born in 2000 to 21% foreign-born in 2023 (Statis-
tics Sweden, 2024).

Studying nonresponse predictors and cohorts allows us to
decipher whether the increase in nonresponse (and the risk
of nonresponse bias due to heterogeneous response propen-
sities and low response rate) is due to a deteriorating survey
climate or cohort replacement.

5 Research Questions

Based on our overarching purpose of mapping what predicts
response propensities and assessing the risk of nonresponse
bias in surveys to improve future studies’ ability to employ
RASD approaches according to, for example SET and LST,
four research questions were explored:

RQ1 What individual and contextual factors predict re-
sponse propensities?

RQ2 Have the predictors of response propensities changed
over time?

RQ3 Has the risk of nonresponse bias increased over time?

RQ4 Are changes in the risk of nonresponse bias due to
cohort replacement or a changing survey climate?
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6 Methods and Materials

6.1 Sample 1

Sample 1 was collected by the SOM Institute, University
of Gothenburg, through annually administered surveys be-
tween 1993 and 2023 (SOM Institute, 2024). The SOM
Institute has since 1986 administered omnibus-style self-
administered paper-and-pencil questionnaires to a simple
random sample of people living in Sweden. Since 2012, re-
spondents were offered to complete the questionnaire both
online and on paper and since 2017 also offered a condi-
tional incentive in the form of a lottery scratcher ticket. The
survey questions covered public opinion, attitudes, and be-
havior toward news media, politics, and society. All survey
questions were created in collaboration with researchers and
several Swedish government agencies, and the SOM Insti-
tute developed all questions administered. Each question-
naire started with questions on news media consumption
and then covered the topics of the collaborating researchers
and government agencies.

Each annual sample was a simple random sample of
the Swedish population drawn from the Swedish Tax Au-
thority registry. Any person registered as living in Sweden
between the ages 16 and 85 could be sampled with the
exclusion of individuals with classified registration infor-
mation (e.g., part of witness protection programs). Institu-
tionalized individuals (e.g., in prison or similar) could be
sampled. Between 2021 and 2023, the sample was extended
to include individuals aged 86–90 years old, but to facili-
tate comparison, respondents older than 85 were excluded
from our analyses. For the response propensity analyses,
only data from 2015–2023 was used because registry data
for socially disadvantaged areas and country of birth could
not be appended to the other years.

6.2 Sample 2

Sample 2 was collected by the Swedish National Election
Studies (SNES), University of Gothenburg, and adminis-
tered before and after the Swedish parliamentary election
2022 (SNES, 2023). Since 1956, SNES have administered
face-to-face questionnaires to random samples of people el-
igible to vote and registered as living in Sweden. In 2018,
SNES completed its conversion from face-to-face (that had
started in 2014) to self-administered online and paper-and-
pencil questionnaires. To make Samples 1 and 2 compara-
ble (keeping survey mode identical), only SNES data from
2022 was included in the analyses (2018 SNES data did not
include accurate registry data due to legal obstacles).

The SNES 2022 included three different versions of the
questionnaire of which Version 1 was administered before
the election (AAPOR RR1 = 35%), and Version 2 after the
election (AAPOR RR1 = 34%), and were administered by
Statistics Sweden (SCB). The simple random samples for
Versions 1 and 2 were drawn prior to the election 2018
and were invited to complete questionnaires in both the
election 2018 and 2022 as part of a panel study. Version 3
(AAPOR RR1 = 45%) was a simple random sample drawn
prior to the 2022 election, administered after the election,
and administered by the SOM Institute. Sampled persons
in Version 3 were offered a lottery scratcher ticket con-
ditional incentive, whereas no incentives were offered for
Versions 1 and 2. Across all three versions, the questions re-
lated to political media consumption, political attitudes, and
political behavior. All three simple random samples were
drawn by Statistics Sweden. Any person eligible to vote in
the Swedish national parliamentary election of 2018 (Ver-
sions 1 and 2) or 2022 (Version 3) and registered as living
in Sweden was allowed to be sampled, with the exclusion
of individuals with classified registration information (e.g.,
part of witness protection programs). Institutionalized in-
dividuals (e.g., in prison or similar) could be sampled. To
be eligible to vote in the national parliamentary election,
a person had to be a Swedish citizen aged 18 or older on
the day of the election.

6.3 Measurements

6.3.1 Individual Factors

Responded A variable called responded was coded 1 for
sampled persons who answered more than 80% of the el-
igible questions and 0 for sampled persons who answered
80% or fewer of the eligible questions (following AAPOR,
2023, Response Rate 1, RR1).

Sex Sampled persons’ legal sex was extracted from the
Swedish Tax Authority registry, and females were coded 1
and males 0. A midwife registered the sex of any newborns
in Sweden, and the Swedish Migration Agency recorded
the sex of anyone seeking residency in Sweden. Individuals
could change their registered legal sex by submitting a form
to the Swedish Tax Authority.

Age Sampled persons’ years of birth were extracted from
the Swedish Tax Authority registry, midwives registered the
date and year of birth of any newborns born in Sweden, and
the Swedish Migration Agency recorded the age of anyone
seeking residency in Sweden. Age was coded to range from
16–85.
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Foreign-born Sampled persons’ country of birth was ex-
tracted from the Swedish Tax Authority registry, and an
individual born in Sweden whose parents were registered
as living in Sweden had Sweden reported as their country of
birth. The Swedish Migration Agency recorded the country
of birth of anyone seeking residency in Sweden. Dummy
variables for “born in Sweden,” “born in the Nordics,” “born
somewhere in Europe,” and “born somewhere outside of
Europe” were created.

Marital status Marital status was extracted from the Swedish
Tax Authority registry. Individuals who had never been mar-
ried (i.e., had never submitted a marriage certificate to the
Tax Authority) were registered as never married, individu-
als currently married were registered as married, divorced
individuals who were currently not re-married were regis-
tered as divorced, and individuals currently not married and
whose spouse had died were registered as widow/widower.
Dummy categories were created for “never married,” “mar-
ried,” “divorced,” and “widow/widower.”

Citizenship Sampled persons’ citizenship was extracted
from the Swedish Tax Authority registry. Parents reported
any newborn’s citizenship, and the Swedish Tax Authority
decided on its eligibility. The Swedish Migration Agency
recorded the citizenship of anyone seeking residency in
Sweden. Individuals may have more than one citizenship
registered. A dummy variable was coded 1 for sample per-
sons who held Swedish citizenship (regardless of whether
they also held any other citizenship) and 0 otherwise.

Education Sampled persons’ level of education was ex-
tracted from the Education Registry handled by Statistics
Sweden. All schools, universities, colleges, and vocational
schools reported which individuals had completed courses
to Statistics Sweden. Thus, anyone who had participated
in a formal education in Sweden was included in the reg-
istry. Foreign-born individuals reported their level of educa-
tion through a mailed or in-person questionnaire adminis-
tered by the Swedish Migration Agency or Statistics Swe-
den. Records of education may, therefore, be less accu-
rate for immigrants. Dummy variables for “Did not fin-
ish elementary (less than 9 years),” “Elementary (com-
pleted),” “Upper-secondary (started or completed),” “Post-
upper-secondary (less than 2 years),” and “Post-upper-sec-
ondary (2 years or longer)” were created. Only Sample 2
had access to registry data on education level, in which 1%
of the sampled persons had no information on education
and were coded as missing in the analyses (60% of those
missing were born in Sweden, and 40% were not born in
Sweden).

6.3.2 Contextual Factors

Metropolitan Areas Living area was extracted from the
Swedish Tax Authority registry. Sampled persons regis-
tered as living in the three major Swedish cities (Stock-
holm, Gothenburg, and Malmö) were coded as 1 and 0
otherwise.

Socially Disadvantaged Areas In 2015, the Swedish police
identified 53 neighborhoods in Sweden as socially disad-
vantaged, at risk of becoming extremely socially disadvan-
taged, or extremely socially disadvantaged. To be classified
as socially disadvantaged, the area had to have a high crime
rate, including widespread organized crime, and be charac-
terized by inhabitants distrusting the police and government
authorities. The more organized crime and the less trust in
government authorities, the more likely the area was to be
identified as “extremely socially disadvantaged.” The areas
identified by the police were matched to sample persons’
zip codes for the years 2015–2023 and were coded into four
socially disadvantaged dummy categories: “not socially dis-
advantaged,” “socially disadvantaged,” “at risk of becoming
extremely socially disadvantaged,” and “extremely socially
disadvantaged.” Zip codes that could be matched to the dis-
advantaged areas was only recorded for Sample 1.

6.3.3 Analysis Plan

Response Propensities To assess response propensities, the
standardized parameters of an OLS regression were esti-
mated for each year that data was collected, predicting
whether the respondent completed the questionnaire with
the individual and contextual characteristics (see Eq. 1).

yi = ˇ1 sex dummy + ˇ2 age dummies

+ ˇ3 foreign-born dummies

+ ˇ4 marital status dummies + ˇ5 citizenship dummy

+ ˇ6 education dummies

+ ˇ7 metropolitan area dummy

+ ˇ8 socially disadvantaged area dummies + "
(1)

A benefit of using registry data over comparing a respond-
ing sample to a benchmark sample or population statistics,
is that registry data on all sampled persons allow one to
assess the effect on response propensities of one predictor
controlled for the impact of a multitude of other predic-
tors (e.g., see Gundgaard et al., 2008; Lindström, 1986).
Thus, compared to studies assessing response propensities
for each characteristic separately (Boyle et al., 2021; Cavari
& Freedman, 2022; Keeter et al., 2017), Eq. 1 served as



254 SEBASTIAN LUNDMARK, KIM BACKSTRÖM

a more valid approach for uncovering which characteristics
play a predictive role in response propensities.

To strengthen the analyses, Eq. 1 was estimated for each
year separately and then included in a meta-analytical re-
gression model. To make the effect of each predictor com-
parable and to ensure comparability over the entire time-pe-
riod, all estimates were standardized, and standardized be-
tas were entered into the meta-analytical regression models.
Separate models for each year enabled the estimated param-
eters to be sensitive to idiosyncratic differences in response
propensities stemming from a specific year, which could
then be accounted for by the meta-analytical regression.
Furthermore, a meta-analytical regression allowed for the
assessment of whether the estimated effect size of a pre-
dictor significantly varied over the years (for Sample 1) or
versions (for Sample 2). Alternative estimation techniques
to meta-analytical regression are conceivable. For exam-
ple, pooling all observations and estimating a multilevel
regression model nesting observations within years of data
collection would allow for adding predictors of changes to
the survey protocols. But exploring such a model rendered
identical results to those shown in this manuscript (the al-
ternative model can be found in the SOM, section S2.1.).

R Indicators Risk of nonresponse bias was assessed by es-
timating R indicators (Schouten et al., 2009). R indicators
are an expression of the standard deviation (SD) of prob-
abilities of responses of units in the population. The R in-
dicators were estimated by first fitting a logistic regression
equation of the parameters of sex, age, being foreign-born,
marital status, citizenship, education, living in a metropoli-
tan area, and living in a socially disadvantaged area (see
Eq. 1), and then estimating Eq. 2 using those parameters
(Eq. 2 is equivalent to Eq. 12. in Schouten et al. 2009, and
the adjusted R indicators in the R script created by de Heij
et al., 2015).

1 − 2

v
u
u
t

1

N − 1

N
X

i=1

si

�i

. O�i − O�/2 (2)

Where ρ is the estimated response probabilities of the n ele-
ments. The R indicators yield a value ranging from 0 (com-
plete bias) to 1 (no bias). Complete bias corresponds to
the responding sample being orthogonally different from
the nonresponding sample on all predictors entered in the
model. Conversely, no bias means no difference between
the responding and nonresponding samples on the predic-
tors in the model. We see this measure as an indicator of
the risks of nonresponse bias. The 95% confidence inter-
vals of the R indicators were estimated following Eq. 24 in
Schouten et al. (2009).

Dissimilarity Indices and Decompositions of Change To as-
sess whether decreasing response propensities were due to
cohort replacement or a deteriorating survey climate, cor-
rected dissimilarity indices and decomposition of change
were estimated following the method described in Gum-
mer (2019). The dissimilarity index estimates how much
the distribution of the responding sample in a demographic
variable needs to be changed to resemble the distribution of
that variable in the full population. To calculate a dissimi-
larity index, one first estimates the difference of the relative
frequencies r between the responding sample (rs

ci ) and the
population (pci ) within specific cohorts c in the survey i.
The formula jrs

ci −pci j
2

estimates a cohort-specific dissimilar-
ity (dci ) for the survey. The cohort-specific dissimilarities
are then added up, yielding an overall dissimilarity index
for the ith survey:

D�
i =

c
X

1

ˇ
ˇrs

ci − pci

ˇ
ˇ

2
(3a)

For example, the dissimilarity for the birth cohort
born 1910–1919 for the 1993 SOM survey was calcu-
lated by comparing the relative frequency of respondents
(rs

.1910−1919/.1993/) to the population (p.1910−1919/.1993/) in
1993, which gave the cohort-specific dissimilarity for that
cohort and survey (d.1910−1919/.1993/). The same procedure
was then done for all other birth cohorts, and then the
cohort-specific dissimilarities were added up to give the
dissimilarity index for 1993 (D�

1993).
However, D�

i does not account for differences in cohort
size, meaning that small cohorts may greatly impact dis-
similarity. Gummer (2019) suggested accounting for this by
estimating a corrected dissimilarity index following Eq. 3b:

Di =
c

X

1

pci � dci (3b)

Here, the corrected dissimilarity index (Di) uses the es-
timated cohort-specific dissimilarities (dci) and multiplying
them by the respective cohort population share (pci) be-
fore adding up the total dissimilarity. For example, the
1910–1919 birth cohort comprised only 1% of the popula-
tion in 2003, whereas the 1960–1969 birth cohort accounted
for 18%. Without accounting for differences in the relative
size of the cohorts, biases in the two cohorts would have an
equal impact on overall dissimilarity.

Furthermore, it is possible to calculate the change in
dissimilarity between two time points following Eq. 4a:

�D =
c

X

1

pc1 � dc1 −
c

X

1

pc0 � dc0 (4a)
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Here, the overall change in dissimilarity (ΔD) is calcu-
lated by estimating the changes in cohort-specific dissim-
ilarities (�dc = dc1 − dc0) and population shares (�pc =
pc1 − pc0) for time points 1 and 0. For example, we can
calculate changes in dissimilarity and population shares
for the 1910–1919 birth cohort in dissimilarity and popu-
lation shares between the 2002 and 1997 SOM surveys.
Due to generational replacement, we can reasonably as-
sume that the birth cohort 1910–1919’s population share
has decreased. Still, it is unclear whether the cohort’s dis-
similarity has increased without looking at data on sample
persons.

Finally, the changes in dissimilarity between two time
points can be decomposed to identify changes within and
between cohorts following Eq. 4b:

�D =
c

X

1

pc1 + pc0

2
� �dc

„ ƒ‚ …

WCC

+
c

X

1

dc1 + dc0

2
� �pc

„ ƒ‚ …

BCC

(4b)

These changes in dissimilarity can then be decomposed
into within cohort changes (WCC) (e.g., deteriorating sur-
vey climate or changes to the survey protocol) and between
cohort changes (BCC) (i.e., cohort replacement). A posi-
tive WCC indicates that cohorts became more reluctant to
complete the questionnaire overall, leading to an increased
dissimilarity. A positive BCC indicates that some cohorts
with a higher response propensity left the population (e.g.,
older birth cohorts), while cohorts with a lower response
propensity remained or joined the population (e.g., younger
birth cohorts), increasing dissimilarity. The total change in
dissimilarity is the sum of WCC and BCC. It is important to
note that WCC and BCC can counteract each other; a neg-
ative WCC may balance out a positive BCC and vice versa.
See the online appendix in Gummer (2019) for a more de-
tailed discussion of the formulas and a practical example of
how to conduct the calculations.

6.4 Identified Differences and Justification of Sample 1
and 2

Educational level was not recorded in Sample 1 and was not
included in models fitted to the data for Sample 1. Similarly,
Sample 2 only included Swedish citizens and did not record
zip codes, so citizenship and socially disadvantaged areas
were not included in models fitted to Sample 2. Lastly, only
the last parliamentary election was included in the analyses
of Sample 2, rendering a corrected dissimilarity index im-
possible to estimate. Sample 2, albeit restricted to a single
time-point, complemented Sample 1 by adding the predic-
tor educational attainment. Thus, Sample 2 served as an ex-

tension and robustness test of the results obtained through
Sample 1 by assessing whether the identified predictors in
the time series of Sample 1 replicated in size and predictive
ability of response propensity even when controlling for ed-
ucational attainment. Using these two samples to identify
predictors of response propensities should serve as strong
empirical evidence of which demographic factors relate to
response propensities despite their independent limitations.

6.5 Transparency and Openness

None of the evaluation criteria, statistical methods, research
questions, and coding of measurements were preregistered
prior to analyses and should be considered exploratory
(Logg & Dorison, 2021). All analysis syntax to reproduce
the results can be found at https://osf.io/g3esh/. Data for
Sample 1 is available upon request (University of Gothen-
burg, SOM Institute, 2024), and data for Sample 2 will be
made available after the Swedish Parliamentary Election in
2026 (SND, 2024).

7 Results

7.1 Response Propensity

Sample 1 The consistently strongest predictor of response
propensity over the nine years (2015–2023) was age (see
Fig. 2). The older the sampled persons were, the more likely
they were to complete the questionnaire (ˇpooled = 0.17, p <
0.001, 95% CI[0.16, 0.18]). However, over time, age be-
came a slightly stronger predictor of response propensities
(see the SOM, Figure S1) supported by a Cochran’s Q statis-
tic for heterogeneity, indicating a heterogeneous effect size
across the data collections (Q(8) = 41.95, p < 0.001) and
an I2-statistic that indicated that 81% of the variation of the
standardized betas were due to effect heterogeneity.

The second strongest predictor was the sampled per-
sons country of birth (see Fig. 2). Sampled persons not
born in Europe were statistically significantly less likely
to complete the questionnaires (ˇpooled = –0.16, p < 0.001,
95% CI[–0.17, –0.14]) than persons born in Sweden. Sim-
ilarly, sampled persons born somewhere else in Europe but
outside the Nordics were also less likely to complete the
questionnaire (ˇpooled = –0.09, p < 0.001, 95% CI[–0.10,
–0.09]), whereas those born in the Nordics but not in Swe-
den were only slightly less likely to complete the question-
naire (ˇpooled = –0.01, p < 0.001, 95% CI[–0.02, –0.01]) than
persons born in Sweden. Furthermore, the predictive ability
of not being born in Sweden on questionnaire completion
was heterogeneous over time for those born outside Europe

https://osf.io/g3esh/
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Heterogeneity between groups: p = 0.000

Extremely socially disadvantaged, DL (I 
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2 �=�80.9%,�Q�=�41.95�on�8�df,�p�<�0.001)
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2 �=�67.3%,�Q�=�24.47�on�8�df,�p�=�0.002)

Born somewhere outside Europe, DL (I 

2 �=�87.9%,�Q�=�66.25�on�8�df,�p�<�0.001)

Born somewhere else in Europe, DL (I 

2 �=�71.3%,�Q�=�27.84�on�8�df,�p�<�0.001)
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2 �=�0.0%,�Q�=�6.15�on�8�df,�p�=�0.630)
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Fig. 2

Summary predicted response propensities between the years 2015–2023. Diamonds represent the summary meta-analytical
regression coefficients obtained from the parameters of nine independent OLS regression models, one model for each year
between 2015 and 2023. The widths of the diamonds represent the 95% confidence intervals of the summary meta-analytical
regression coefficients. A diamond to the left of the horizontal line over zero meant that the predictor decreased response
propensities, and a diamond to the right indicates that the predictor increased response propensities. No sampling weights
were applied to any of the data collections. The full meta-analytical regression can be found in SOM, Figure S1. Source:
SOM Institute (2024)

(Q(8) = 66.25, p < 0.001; I2 = 88%) and those born in Eu-
rope outside the Nordics (Q(8) = 27.84, p < 0.001; I2 =
71%), but was homogenous for those born in the Nordics
(Q(8) = 6.15, p = 0.63; I2 = 0%).

The heterogeneity of the prediction for those born out-
side of the Nordics stemmed from the fact that sampled
persons from those countries became less and less likely
to complete the questionnaire compared to persons born
in Sweden (see Fig. 3 and SOM, Figure S1). Visual-
izing these trends for age and migrant status, plotting
the standardized regression coefficients in a scatter plot
and fitting a regression line, showed the strengthening of
the predictive ability of being born outside the Nordics
(bborn somewhere outside Europe = –0.007, p < 0.001, 95% CI[–0.01,
–0.00]; bborn in Europe, not the Nordics = –0.004, p < 0.001, 95%
CI[–0.01, –0.00]) (see Fig. 3). In contrast, age’s predictive
ability did not reveal the same statistically significant lin-
ear increase in response propensities over the nine cross-
sections (bage = 0.003, p < 0.12, 95% CI[–0.00, 0.01]) (see
Fig. 3).

In addition to age and being an immigrant, several other
factors predicted response propensities. Compared to sin-
gles, married sampled persons were more likely to complete

the questionnaires (ˇpooled = 0.09, p < 0.001, 95% CI[0.08,
0.10]), widows/widowers were slightly less likely to com-
plete them (ˇpooled = –0.02, p < 0.001, 95% CI[–0.03,
–0.02]), whereas divorcees did not differ compared to single
persons in their response propensities (ˇpooled = –0.00, p =
0.53, 95% CI[–0.01, 0.00]). Also predictive of response
propensities, females were more likely than males to com-
plete the questionnaires (ˇpooled = 0.03, p < 0.001, 95%
CI[0.03, 0.04]), as were Swedish citizens (ˇpooled = 0.04,
p < 0.001, 95% CI[0.03, 0.05]) compared to non-citizens.

In addition to individual characteristics, sampled persons
who lived in socially disadvantaged areas (ˇpooled = –0.02,
p < 0.001, 95% CI[–0.02, –0.01]), in areas at risk of becom-
ing extremely socially disadvantaged (ˇpooled = –0.01, p <
0.001, 95% CI[–0.02, –0.01]), and in extremely socially dis-
advantaged areas (ˇpooled = –0.03, p < 0.001, 95% CI[–0.03,
–0.02]), were slightly less likely to complete the question-
naires than those not living in a disadvantaged area. Con-
trolling for socially disadvantaged areas, sampled persons
living in metropolitan areas were more likely to complete
the questionnaires (ˇpooled = 0.02, p < 0.001, 95% CI[0.02,
0.03]) than those living in smaller cities or rural areas.
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Fig. 3

Increased predictive ability of age and country of birth from
2015–2023. Dots represent the standardized OLS regression
parameter obtained from nine independent OLS regression
models, one model for each year between 2015 and 2023.
Bars represent 95% confidence intervals of the predictor.
The lines represent an OLS regression fitted line predict-
ing the standardized betas with the year of data collection.
Source: SOM Institute (2024)

In line with findings that OLS regressions and nonparam-
etric regressions most often yield identical results even for
binary outcomes (Hellevik, 2009; Gomila, 2021), a robust-
ness check estimating the models using probit regression
yielded identical conclusions of statistically significant pre-
dictors of response propensities and identical relative ranks
of the predictors as the OLS-regression results presented
here (see SOM, section S2.2.).

Sample 2 The strongest predictor of response propensities
in Sample 2 was educational level (see Fig. 4). Compared
to sampled persons who had not completed elementary
school (i.e., less than 9 years completed in school), sam-
pled persons who had attended at least 2 years of post-upper
secondary education (e.g., at the university or some other
higher education) were much more likely to complete the
questionnaire (ˇpooled = 0.32, p < 0.001, 95% CI[0.28, 0.34]).
Sampled persons who had completed only some post-upper-
secondary (ˇpooled = 0.13, p < 0.001, 95% CI[0.11, 0.15]),
who started or had completed upper-secondary (ˇpooled =
0.14, p < 0.001, 95% CI[0.11, 0.17]), and who completed
elementary school (ˇpooled = 0.06, p < 0.001, 95% CI[0.04,
0.09]) were also more likely to complete the questionnaire.

Surprisingly, despite the differences in methodology, re-
sponse rates, and being able to control for sampled per-
sons’ educational level, the sizes of the predictors of re-

sponse propensities were remarkably similar in Sample 2
as in Sample 1 (see Fig. 4). In Sample 2, age was again
among the strongest predictors, where the older the sam-
pled person was, the more likely they were to complete the
questionnaire (ˇpooled = 0.20, p < 0.001, 95% CI[0.18, 0.22]).
Similarly, despite including only Swedish citizens, sampled
persons not born in Europe were statistically significantly
less likely to complete the questionnaires (ˇpooled = –0.13,
p < 0.001, 95% CI[–0.14, –0.12]) as were those born some-
where else in Europe outside the Nordics (ˇpooled = –0.08,
p < 0.001, 95% CI[–0.10, –0.07]) compared to those born
in Sweden. Those born in the Nordics but not in Sweden
were not less likely to complete the questionnaire (ˇpooled =
–0.00, p = 0.73, 95% CI[–0.03, 0.02]).

Compared to singles, married sampled persons were
more likely to complete the questionnaires (ˇpooled = 0.08,
p < 0.001, 95% CI[0.06, 0.09]), whereas widows/widowers
(ˇpooled = –0.01, p = 0.29, 95% CI[–0.02, 0.01]) and di-
vorcees (ˇpooled = 0.00, p = 0.96, 95% CI[–0.02, 0.00])
were not more likely than single persons to complete the
questionnaire. In contrast to Sample 1, females in Sample 2
were less likely (ˇpooled = –0.02, p = 0.03, 95% CI[–0.04,
–0.00]) than males to complete the questionnaires. Sampled
persons living in metropolitan areas were not more likely
to complete the questionnaires (ˇpooled = –0.01, p = 0.61,
95% CI[–0.04, 0.02]) than those living in smaller cities or
rural areas.

7.1.1 Nonresponse Bias

Sample 1 Even though several characteristics predicted re-
sponse propensities, and some linearly increased in effect
size over time, overall bias did not become clearly exac-
erbated (see Fig. 5). Estimating the adjusted R indicators
for each of the nine years, the estimated bias ranged from
0.66 (in 2023) to 0.70 (in 2015), with bias increasing only
slightly each year between 2015–2023 (with a fitted OLS
line of adjusted R indicator values over years: byear = –0.004,
p = 0.02, 95% CI[–0.007, –0.001]). The correlation between
the adjusted R indicators and the response rate was moder-
ate (r = 0.26), suggesting that the risk for nonresponse bias
might be somewhat related to decreasing response rates.

Sample 2 Supporting the results of Sample 1, overall bias
did not become exacerbated by a lower response rate in
Sample 2 (see Fig. 6). Estimating the adjusted R indicators
for each of the survey versions in Sample 2, the estimated
bias ranged from 0.64 in the version with the highest re-
sponse rate to 0.67 in the version with the lowest response
rate. Pearson’s r between the adjusted R indicators values
and RR1 was r = –0.94, albeit with only 3 observations the
coefficient should be interpreted cautiously.
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Heterogeneity between groups: p = 0.000
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Fig. 4

Summary predicted response propensities SNES 2022. Diamonds represent the summary meta-analytical regression coeffi-
cients obtained from the parameters of three independent OLS regression models, one model for each version of the ques-
tionnaire. The widths of the diamonds represent the 95% confidence intervals of the summary meta-analytical regression
coefficients. A diamond to the left of the horizontal line over zero meant that the predictor decreased response propensities,
and a diamond to the right indicates that the predictor increased response propensities. No sampling weights were applied
to any of the data collections. The full meta-analytical regression can be found in SOM, Figure S2. Source: SNES (2023)
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Bias (adjusted R indicators) and the response rate for the
years 2015–2023. Adjusted R indicators values were based
on the discrepancy between respondents and nonrespon-
dents regarding sex, age, being foreign-born, marital status,
citizenship, living in a metropolitan area, and living in a so-
cially disadvantaged area, and estimated through logistic
regression. Source: SOM Institute (2024)
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Bias (adjusted R indicators) and the response rate for the
three different editions of the Swedish National Election
Study 2022. Adjusted R indicator values were based on
the discrepancy between respondents and nonrespondents
regarding sex, age, being foreign-born, marital status, edu-
cation, and living in a metropolitan area, and estimated
through logistic regression. Source: SNES (2023)
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7.2 Survey Climate or Cohort Replacement?

Since 1993, the dissimilarity between birth cohorts steadily
increased, starting at D1993 = 0.50 to more than triple the
amount in the year 2023 at D2023 = 1.74 (byear = 0.05, p <
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Fig. 7

Corrected dissimilarity index for birth cohorts (Panel A, 5-year intervals) or being foreign-
born or not (Panel B, 1-year intervals) between 1993–2023. The corrected dissimilarity index
was estimated by comparing respondents (RR1) to the full population. Source: SOM Institute
(2024).

0.01, 95% CI[0.03, 0.07]), (see Fig. 7, Panel A). Similarly,
assessing the years of data where the country of birth of
the sampled persons was available (2015–2023), the dis-
similarity between those foreign-born or born in Sweden
increased statistically significantly linearly over the entire
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period starting at D2015 = 3.16 in 2015 to D2023 = 4.82 in
2023 (byear = 0.22, p < 0.001, 95% CI[0.16, 0.27]).

Decomposing these increased dissimilarities into within
cohort and between cohort changes, the results highly fa-
vored that changing survey climate was the leading cause
for the increased dissimilarity rather than less-likely-to-
respond cohorts replacing more-likely-to-respond cohorts.
That is, as a birth cohort aged (e.g., those born between
1970–1979 going from their mid-thirties in 2008 to their
mid-forties in 2018), their willingness to participate in-
creased at a similar pace as what the pace of increased
willingness was for other generations going from their
forties to their fifties (e.g., as when those born between
1960–1969 went from their forties to fifties). Meanwhile,
the deteriorating survey climate made all birth cohorts less
willing to participate in surveys. The deterioration of the
survey climate over each five-year interval between 1993
and 2023 showed that the survey climate became worse be-
tween 1998 and 2013 (WCC2003–1998 = 0.03; WCC2008–2003 =
0.08; WCC2013–2008 = 0.05), while the dissimilarity be-
tween cohorts remained completely stable (BCC2003–1998 =
–0.00; BCC2008–2003 = 0.00; BCC2013–2008 = 0.01) (see Fig. 8,
Panel A). During the same period, the changing survey
climate was noticeable, where response rates decreased
steadily from 62% (RR1) in 1993 to 43% in 2023, with
almost an identical survey protocol across the entire pe-
riod (only two changes were introduced: paper-and-pencil
and web mixed-mode was introduced in 2012, and incen-
tives were introduced in 2017). Between 2013 and 2018,
a momentary improved WCC occurred (WCC2018–2013 =
–0.03, BCC2018–2013 = 0.00), likely caused by incentives
being added to the survey protocol in 2017, leading to an
increase in response rates (see Fig. 8, Panel A). However,
the incentives caused just a temporary uptick from the
overall deteriorating survey climate, in the very next five-
year interval, the WCC increased again despite no changes
to the survey protocol (WCC2023–2018 = 0.03, BCC2023–2018 =
0.00).

Similarly, over the nine one-year intervals where coun-
try of birth was recorded (2015–2023), the survey climate
was again found to deteriorate over time (see Fig. 8a,
Panel B). In six instances, the within cohort change indi-
cated a deteriorating survey climate (WCC2016–2015 = 0.07;
WCC2017–2016 = 0.20; WCC2018–2017 = 0.13; WCC2019–2018 =
0.39; WCC2021–2020 = 0.37; WCC2023–2022 = 0.14), whereas
the immigrant cohort replacement had only a little posi-
tive impact on the decreasing bias (BCC2016–2015 = –0.02;
BCC2017–2016 = –0.03; BCC2018–2017 = 0.01; BCC2019–2018 =
–0.05; BCC2021–2020 = –0.01; BCC2023–2022 = –0.03) despite
the Swedish population going from 17.02–21% foreign-
born in those nine years. The outlying period occurred be-
tween 2020 and 2019, where the survey climate temporarily
appeared to improve since no changes were made to the

survey protocol between those years (WCC2020–2019 = –0.22,
BCC2020–2019 = 0.00). In contrast to the effect that adding
incentives to the protocol had on the birth cohort analyses,
adding incentives did not appear to have the same impact
on WCC when analyzing birth country cohorts (where
we expected a negative WCC, we saw the same positive
WCC2017–2016 = 0.20 as the years prior to the changed survey
protocol) (see Fig. 8).

8 Conclusions

The exploration in the present manuscript confirmed previ-
ous research findings indicating that educational attainment,
age, and country of birth are strong predictors of response
propensities. However, unlike most previous studies, this
confirmation was obtained even though the impact of each
indicator could be controlled for the impact of other in-
dicators such as marital status, area of living, citizenship,
and sex of the sampled persons. Diversifying efforts to con-
vert nonrespondents to respondents can be an efficient way
to combat declining response rates (Peytchev et al., 2022).
When analyzing response propensities of different groups
while simultaneously controlling for each contributing fac-
tor, the results of the present manuscript aid future survey
researchers in identifying where the most urgent efforts to
combat nonresponse should be invested. We argue that such
efforts should be directed toward those with less formal
education, younger persons, and persons not born in the
country being studied. Doing so will likely be an efficient
way to offset portions of the decline in response rates and
its potential for nonresponse bias.

Furthermore, even though the sampling methods and in-
centivization of respondents differed between the two sam-
ples investigated, our analyses revealed almost identical im-
pact of the predictors on response propensities across both
samples. This robustness emboldens us to argue that our
results likely translate to other Western countries and per-
haps even other survey modes than paper-and-pencil/online
questionnaires.

Another finding of relevance in this manuscript was that
individual-level registry data appeared superior to contex-
tual data for determining response propensities. Given the
findings in previous research on contextual factors’ impact
on response propensities, one would expect that socially
disadvantaged areas in Sweden would have had a strong
effect on response propensities (Bates & Mulry, 2011;
Brick & Williams, 2013; Keeter et al., 2006). However, the
meta-analysis showed that socially disadvantaged areas had
only a minor negative effect on response propensities, with
much smaller effects than the individual-level predictors.
Our findings underline the unavoidable risk of ecologi-
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Decomposition of change and the response rate for birth cohorts (Panel A, five-year intervals) and being foreign-born or
not (Panel B, one-year intervals) between 1993–2023. Corrected dissimilarity index estimated by comparing respondents to
the full population. WCC means within cohort change, BCC means between cohort change, and RR1 means response rate
according to AAPOR, RR1. Source: SOM Institute (2024)

cal fallacies when using contextual registry data without
individual-level data.

However, while the increasing nonresponse among spe-
cific groups poses a great challenge for survey research-
ers wanting to conduct highly powered sub-group analyses,
the analyses also showed that declining response rates in
medium response rate environments (i.e., between 30–50%
RR1) only moderately correlated with greater nonresponse
bias risks in terms of estimated R indicators. This serves as
an empirical confirmation of simulated studies that have ar-
gued that nonresponse bias should be relatively unaffected
by decreasing response rates as long as those response rates
exceed 30% (Hedlin, 2020). Thus, it appears that the re-
sponse rates above 30% may indeed exist within a “safe
area” of strong influence on nonresponse bias (at least in
terms of bias from educational attainment, age, country of
birth, sex, citizenship, marital status, urban/rural living, and
living in socially disadvantaged areas).

However, further benefiting from the three-decade-long
data analyzed, dissimilarity index analysis revealed that the
20-percentage point drop in response rate between 1993
and 2023 was wholly attributable to a deteriorating survey
climate and not due to that likely-to-respond birth cohorts
died off and were replaced by unlikely-to-respond younger
birth cohorts. These findings align with our meta-analytical

regressions results that indicated that higher age predicted
responses more strongly, meaning that sampled persons be-
came more likely to respond as they aged. In contrast, all
birth cohorts became less likely to respond in general, even
though they aged during the three decades of data, leading
to an increased dissimilarity. Thus, even though our meta-
analyses showed that older people were a lot more likely
to complete questionnaires, perhaps due to having a more
established position in society and more free time, the dis-
similarity indices showed that the survey climate deterio-
rated for all birth cohorts. That is, even though a specific
birth cohort became more likely to complete questionnaires
as they grew older, they did so at the same pace as other
younger birth cohorts.

Similarly, analyzing the country of birth, the results
showed that growing dissimilarity between the responding
and nonresponding sample in terms of where they were
born was attributable to a deteriorating survey climate
rather than due to new and more survey reluctant immi-
grants (e.g., due to language difficulties) immigrating to
Sweden. This may be especially surprising given the large
influx of new immigrants after the European refugee crisis
in 2015, where the Swedish population grew an entire per-
centage point in a single month (November 2015). These
new immigrants appeared en masse in the samples from
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2016 and onwards, and our analyses showed no indication
that cohort replacement caused the increased dissimilarity.
Still, the sharp increase in dissimilarity over time among
immigrants warrants further study.

That the survey climate has deteriorated is, of course, bad
news for survey research. Unfortunately, the analyses and
data in the present manuscript are not equipped to root out
causes of the negative trends in the survey climate other
than indicating that cohort replacement is not the likely
culprit. We urge future research to focus on uncovering the
causes of the deteriorating survey climate and exploring
interventions aimed at repairing the damage to the climate
that has already happened.

A few caveats to our conclusions are warranted. We have
studied nonresponse and the risk of nonresponse bias using
rich registry data and have found little support that increas-
ing nonresponse leads to an increased risk of nonresponse
bias. However, we only had access to registry data on edu-
cation for a single time point. Whereas the results from both
of our samples supported our conclusions, studies on other
samples and survey modes are needed.

Furthermore, whereas most of our analyses used data
from the SOM survey, the methodological changes during
the study period confounded the effect of the deteriorating
survey climate on WCC. For example, the introduction of
lottery incentives in 2017 improved WCC, while the intro-
duction of mixed mode in 2012 did not have any such clear
impact. Still, whereas we cannot determine the exact im-
pact that these two methodological changes had on WCC,
our faith remains in that our results support that the survey
climate has worsened, and that cohort replacement (BCC)
had a negligible impact on nonresponse.

Finally, our findings do not necessarily eliminate the
risk of other types of underlying structural biases between
respondents and nonrespondents. Previous studies have
shown that many sociodemographic variables are related
to vital attitudinal indicators, such as political knowledge,
political interest, political trust, and social trust (Coffé &
Michels, 2014; Keeter et al., 2006, 2017; Rapeli, 2022).
However, since there is no registry data on these variables,
we cannot determine whether the increasing nonresponse
was uniformly distributed across, for example, different
levels of political trust. Other analyses, such as nonre-
sponse follow-up surveys or experimentally studying the
effect of trying to leverage the survey protocol to facilitate
responses from hard-to-reach groups according to SET and
LST should be conducted in the future. Also, following
Peytchev and Peytcheva (2007), measurement error should
be studied to determine if leveraging the survey protocol to
facilitate responses from hard-to-reach respondents instead
results in increased measurement error.

However, given the currently deteriorating survey cli-
mate, from a survey methodological and democratic per-

spective, it is important to continue studying changes in
response propensities and exploring new interventions on
how to increase the willingness to participate in surveys
both for surveys in general as well as for the respondents
who are less willing to do so.
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