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Abstract : Despite the rise in global refugee migration, probability panels surveying refugees remain
rare. The German IAB-BAMF-SOEP Survey of Refugees, conducted annually since 2016, provides valuable
panel data for research. In 2023, following Russia’s invasion of Ukraine, a sample of Ukrainian refugees
was added, along with a refreshment sample of refugees from other countries. This paper examines
household-, individual-, and interview-related determinants of panel retention across these two groups of
refugees. As a proof of concept, we apply the Kitagawa-Blinder-Oaxaca decomposition to assess whether
it offers analytical insight for comparative panel retention analysis beyond standard group-indicator
regression by separating compositional from non-compositional sources of retention differences. Although
initial participation was similar, Ukrainian refugees demonstrated significantly higher panel retention in
the second wave. To assess the source of this retention gap, we first analyse the determinants of panel
retention between the first and the second survey wave and then decompose the retention difference to
guantify how much of it stemmed from sample composition. Our findings indicate that the disparities in
panel retention between the two groups are almost entirely attributable to differences in sample
composition rather than to other factors, as confirmed by the decomposition analysis. Beyond providing
insights into panel retention determinants and the sources of retention gaps, the paper discusses the
additional value and challenges of applying the Kitagawa-Blinder-Oaxaca decomposition in comparative
panel retention analysis.

Introduction

Due to the increasing global refugee population, longitudinal studies of refugees are essential for
receiving societies to monitor integration processes and assess the needs of this vulnerable group.
However, surveying migrants, particularly refugees, presents various challenges (Méndez & Font, 2013;
Wenzel et al., 2022). Research indicates lower survey participation rates among migrants and ethnic
minorities, especially hard-to-reach populations like refugees and those with unprotected legal status
(Feskens et al., 2007; Lipps et al., 2013; Duvoisin et al., 2024). Probability-based panels of migrant
populations often experience lower retention rates compared to general population panels, with variations
among different migrant or ethnic groups (Cabrera-Alvarez et al., 2023; Jacobsen & Kiihne, 2021; Siegers
et al., 2022). This is partly due to socio-demographic differences, as certain characteristics correlate with
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higher non-response rates (Jacobsen & Siegert, 2023).

Attrition in a probability panel threatens data quality. Non-random attrition can introduce bias in survey
estimates and limit subgroup analysis (Feskens et al., 2007; Lipps et al., 2013; Lynn & Borkowska, 2018).
Representativeness depends on both the sampling process and the selectivity of non-response; while
probability sampling aims to ensure initial representativeness, selective non-response can erode it over
time (Groves et al., 2009; Massey & Tourangeau, 2012). While survey weights are used to address panel
attrition in general population surveys, the under-representation of subgroups is more pronounced in
surveys of migrants and refugees, necessitating adjustments to fieldwork procedures (Duvoisin et al.,
2024). In panels with hard-to-reach populations, weighting adjustments are limited when retention is
particularly low for certain subgroups: the few remaining cases receive very large weights, resulting in
unstable estimates. Moreover, if these remaining cases are themselves systematically different from
those who dropped out, weighting cannot correct for the residual bias (Vandecasteele & Debels, 2007).
Therefore, insights from analysing factors affecting panel retention are crucial for developing strategies to
maximise retention in specific groups, especially in the early waves of a panel, where retention is
typically lowest (Cabrera-Alvarez et al., 2023; Jacobsen & Siegert, 2023; Briicker et al., 2025). This paper
focuses on identifying the determinants of panel retention in a refugee panel study in order to inform
potential strategies that prevent panel drop-out, rather than to inform post-hoc weighting adjustments.

Studies examining panel retention of refugee populations are generally rare, particularly from a
comparative perspective. To date, we have only identified one study that compares panel retention
among a refugee sample, a sample of non-refugee migrants, and a general population sample in a
probability-based panel (Jacobsen & Siegert, 2023). However, no studies analyse panel retention
differences among refugee groups from different origins. This paper aims to address this research gap.
The starting point for this paper was the observation of varying participation rates between two groups of
refugees in the German IAB-BAMF-SOEP Survey of Refugees. In 2023, a new sample of Ukrainian refugees
and a refreshment sample of refugees from other countries were added to the existing panel. Initial
participation was somewhat higher among Ukrainian refugees, but retention in the second wave was
significantly higher in the Ukrainian sample compared to refugees from other countries. We distinguish
between Ukrainian refugees and refugees from other countries because these groups differ in several
structurally relevant aspects within the German context. Most importantly, they are subject to different
legal frameworks. While refugees from other countries typically entered Germany as asylum seekers and
are processed under the regular asylum system, Ukrainian refugees are granted temporary protection
under a separate legal regime. This resulted in different residential rights as well as different access to
the labour market, welfare services, and integration measures (Mickelsson, 2025). Additionally, adult
Ukrainian refugees are predominantly female, older, and have a high proportion of individuals with
tertiary education, while the group of refugees from other countries mainly consists of young males with
longer stays in Germany compared to Ukrainian refugees (Kosyakova, 2024). The non-Ukrainian refugee
sample is commonly treated as a single analytical category in research on refugee populations in
Germany, particularly in studies focusing on asylum-related migration as non-Ukrainian refugees from
different countries share a common legal framework.

Given the legal, temporal, demographic, and sampling differences, we consider it analytically appropriate
to treat Ukrainian refugees and refugees from other countries as two distinct comparison groups, while
grouping the latter together due to their shared institutional context. Since the overall study design and
most fieldwork procedures (including questionnaires and postpaid incentives) were consistent across the
two samples, we expect that differences in the composition of these two subsamples (e.g. socio-
demographic and interview-related characteristics) account for the variation in panel retention. However,
other factors beyond differences in observable compositional sample characteristics could also contribute



to the panel retention gap. It should be noted that the compositional differences between the two
subsamples are not incidental but reflect systematic migration-related selection processes: the socio-
economic and demographic profile of Ukrainian refugees in Germany is shaped by the particular
circumstances of displacement in 2022, while the REF sample reflects a longer and more heterogeneous
migration history under a different legal framework. The analyses in this paper take this composition as
given without modelling the origins of those compositional differences.

As an initial step, we analyse participation of Ukrainian and non-Ukrainian refugees in the first and second
waves of data collection. Our approach involves estimating the probability of participation in the second
wave using a linear probability model for both samples separately. The outcomes of this model are then
used to analyse how much of the difference in panel retention can be attributed to differences in sample
composition using the Kitagawa-Blinder-Oaxaca (KBO) decomposition method (Blinder, 1973; Kitagawa,
1955; Oaxaca, 1973). This method allows us to decompose the retention differential gap into the
following components: the explained part due to differences in observable compositional sample
characteristics, the unexplained part due to differences in how the two samples respond to these
characteristics (portion of differential attributable to differing coefficients), and the unexplained portion of
the differential not captured by the model. In contrast to more common methods of comparing panel
retention (e.g. regression models with a group indicator), this method provides insights into how much of
the gap is attributable to differences in compositional characteristics versus how much is due to the
varying effects of those characteristics.

Given the scarcity of probability-based panel studies focusing on refugee populations, empirical evidence
on panel retention in this field remains limited. The goal of our study is to address this research gap by
providing valuable field-based insights from a comparative perspective and analysing household,
individual, and interview-related factors relevant to panel retention across different refugee groups. We
apply the KBO decomposition as a proof-of-concept to assess whether it offers additional analytical insight
into retention gaps in comparative panel studies beyond that provided by a group indicator regression.
The paper is structured as follows: it begins with a brief overview of the insights from previous research
and the hypotheses regarding panel retention predictors. This is followed by a presentation of the data
and methods, along with the results section. Finally, the paper concludes with a discussion of the main
findings and the applied methods, along with practical recommendations and an outlook for future
research.

Participation in panel surveys of refugees

So far, there are only a few studies focusing on panel retention among refugee populations (e.g. Jacobsen
& Siegert, 2023; Décieux et al., 2025). In general, survey participation is influenced by factors such as
survey design, respondents’ socio-demographic characteristics, motivation, interviewer attributes, and
the interaction between interviewers and respondents (Groves et al., 1992). Previous research indicates
that certain socio-demographic factors and household characteristics decrease panel retention, similar to
those affecting initial non-response (Lipps, 2009; Rothenblhler & Voorpostel, 2016). Factors such as being
male, young, having low income, poor health, and residing in urban areas contribute to this trend (Becker,
2022; Behr et al., 2005; Cabrera-Alvarez et al., 2023; Feskens et al., 2007). Differences in survey
response rates between native and migrant populations, as well as among various migrant groups, can be
at least partly attributed to socio-demographic variations (Jacobsen & Siegert, 2023; Morales & Ros,
2013).

From the respondent’s perspective, motivation is crucial for cooperation in surveys, in addition to socio-



demographic characteristics (Groves et al., 1992). The leverage-salience theory (Groves et al., 2000)
posits that individuals participate when the rewards of participation outweigh the costs. For refugees,
surveys on relevant topics may be seen as rewarding opportunities to share their experiences, provided
the respondent burden is manageable. The social exchange theory (Dillman et al., 2014) emphasises the
reciprocal motivation for survey participation. Refugees may view their participation as gratitude for the
protection received, especially in the early years after arrival (Jacobsen & Siegert, 2023).

Interviewers play a vital role in motivating participation, especially when they share ethnic backgrounds
or are bilingual (Blohm & Diehl, 2001; Kappelhof, 2014), e.g. by reducing respondent burden due to
language mismatch. Based on the compliance principle of liking, several studies (Blohm & Diehl, 2011;
Lipps, 2010; West et al., 2020) have explored how interviewer characteristics affect survey participation,
yielding inconsistent results. Generally, increased interviewer experience correlates with higher
cooperation rates in face-to-face surveys (Jackle et al., 2012; Lynn et al., 2014). Additionally, previous
research indicates that interviewer continuity significantly influences panel retention (Behr et al., 2005;
Jacobsen & Siegert, 2023; Kuhne, 2018; Lynn et al., 2014).

Based on the findings from previous research, we derive the following hypotheses for our analysis of
factors affecting retention in a refugee panel:

H1: Household income and individual socio-demographic characteristics affect participation in the second
wave, with households having higher income as well as female, older, healthier, and more highly
educated household informants being more likely to continue participation.

H2: Intentions for permanent stay in Germany are associated with a higher probability of participation in
the second wave.

So far, stay intentions have not been included in the analysis of survey participation in the studies we
reviewed. Drawing on the leverage-salience theory (Groves et al. 2000), we expect that persons with
permanent stay intentions perceive their participation as more meaningful and salient, as they are more
likely to be affected by the developments in the host country.

H3: Respondent burden factors, such as language mismatch and lengthy interviews, are associated with a
lower probability of participation in the second wave.

H4: Households interviewed by the same interviewer in both waves, as well as households interviewed by
experienced interviewers, are more likely to participate in the second wave.

Interviewer gender and age serve as control variables in the analyses.

H5: Multi-person households with full participation in the first wave are more likely to participate in the
second wave than incomplete households.

In household panels, multiple members with varying motivations are invited to participate, which can
result in partial unit non-response (PUNR). The relationship between PUNR and panel retention remains
largely unclear in contemporary research. In line with the leverage-salience theory (Groves et al., 2000),
full participation by all eligible household members may represent a higher perceived reward, while PUNR
could indicate higher perceived costs (e.g. time required for interviews).



Migrant populations differ from the general population in their residential profiles. A significant challenge
in surveying these groups is non-location due to high geographic mobility and poor address quality
(Kihne et al., 2019; Jacobsen & Kihne, 2021). In face-to-face panel surveys, various contact channels are
available to update addresses after the first wave, but challenges like non-contact and non-cooperation
persist (Lipps et al., 2013). Factors contributing to non-contact include urban residency preferences and
barriers in shared accommodations (Feskens et al., 2007; Lipps et al., 2013; Méndez & Font, 2013). While
Ukrainian refugees have less restrictive legal status regarding residency, we do not anticipate significant
differences in contact barriers between the two samples, but we include accommodation type and
municipality size as potential factors affecting panel retention.

The analysis of the panel retention predictors serves as a foundation for our second research goal, which
aims to explore the source of the panel retention gap across two samples by testing the following
hypothesis:

H6: Given the differing sample compositions of Ukrainian and non-Ukrainian refugees, particularly with
regard to education, household composition, and interviewer continuity, we expect that the difference in
panel retention between the first and second waves can be largely explained by differences in observed
characteristics of the sample composition, rather than by differences in how the two samples respond to
certain characteristics in terms of panel retention or due to unexplained variation. Specifically, we expect
the higher share of household informants with tertiary education as well as a higher share of complete
multi-person households in the Ukrainian (UKR) sample alongside a higher rate of interviewer continuity,
to contribute positively to the endowment component.

Data

The study uses the data of the M9 sample of the IAB-BAMF-SOEP Survey of Refugees (IAB-BAMF-SOEP
Survey of Refugees, 2026). The IAB-BAMF-SOEP Survey of Refugees is a register-based probability
household panel that includes refugees and asylum seekers who arrived in Germany from 2013 onwards.
Conducted collaboratively by the Institute for Employment Research (IAB), the Federal Office for Migration
and Refugees (BAMF), and the Socio-Economic Panel (SOEP), it is one of the largest refugee panels
globally, covering a wide range of topics (Bricker et al., 2025). The first wave of data collection began in
2016, with regular refreshment samples added, including the latest in 2023, which consists of two
subsamples: Ukrainian refugees (UKR sample) who arrived between June and August 2022, and refugees
from other countries (REF sample) who arrived between January 2017 and August 2022. Both subsamples
were drawn from the Central Register of Foreigners (AZR).

The survey employs a mixed-mode approach, primarily using face-to-face interviews (CAPI). Households
are approached by interviewers, who select an “anchor person” to provide household information. All
adult members are invited for a personal interview lasting about 45 minutes, with first-time participants in
addition completing a biography interview. Respondents can also complete surveys on a tablet while the
interviewer is present or online at a later time. The survey is available in German, English, Arabic, Farsi,
Turkish, Ukrainian, and Russian.

Before the start of the fieldwork, households received an invitation letter containing study information, a
data protection sheet, and a request to complete a short contact questionnaire online or on paper. This
pre-recruitment survey collects contact information and preferences for interview timing and language.
The REF sample received a prepaid €5 cash incentive in the invitation letter, along with a reminder letter
three weeks later if they did not participate. The UKR sample did not receive an incentive but received



two reminders at intervals of three weeks. Face-to-face fieldwork occurred between June 2023 and
January 2024, conducted by the survey agency infas. Respondents in both samples received a €20 cash
conditional incentive after completing their personal interviews. Initial participation in the pre-recruitment
survey (Table 1) was higher in the REF sample (23.8%) compared to the UKR sample (19.7%), likely due
to the prepaid incentives. However, the actual first wave participation was higher for the UKR sample than
the REF sample: 10.9% and 9.5% respectively. This trend continued into the second wave, with 7.6% of
the initial wave 1 gross sample (or 68.8% of eligible first-wave respondents) in the UKR sample
participating, compared to 5.1% (or 55.1%) in the REF sample (Tables 1 and 2). The non-participation
patterns of the REF and the UKR sample in the second survey wave are largely comparable, with
temporary soft refusals accounting for the largest share of non-participation: 23.9% in the REF sample,
and 15.1% in the UKR sample (Table 2). While hard refusals are less common, they are considerably more
frequent in the REF sample (8.0%) than in the UKR sample (3.6%), indicating higher levels of permanent
panel attrition among non-Ukrainian refugees. Furthermore, non-contact and address-related problems
affect 5.6% of Ukrainian and 7.4% of non-Ukrainian households, reflecting the challenges that residential
mobility poses for longitudinal surveys of refugee and migrant populations.

Table 1: Overview of participation

UKR UKR (%) REF REF (%)
Gross sample wave 1 6,720 22,331
Participation pre-recruitment survey 1,321 19.7 5,321 23.8
Participation wave 1 (pre-recruited) 735 10.9 2,126 95
Participation wave 2 (pre-recruited) 514 7.6 1,131 5.1

Table 2: Break-down of participation in wave 2 (pre-recruited)

UKR UKR (%) REF REF (%)
Participation 514 68.8 1,131 55.1
Soft refusal (temporary drop-out) 113 15.1 490 23.9
Hard refusal (panel drop-out) 27 3.6 165 8.0
Non-contact & address-related issues 42 5.6 152 7.4
Other non-participation 51 6.8 116 5.6
Total 747 2,054

Source: IAB-BAMF-SOEP Survey of Refugees v41 (DOI: 10.5684/soep.core.v41eu).

Note: Percentages are shares of column totals (gross sample wave 2 (pre-recruited)) and do not follow
AAPOR response rate definitions. The number reported under “Total” is not identical to the number of
households that participated in wave 1 in Table 1, as some households may drop out of the panel
between waves due to eligibility criteria, while new split-off households may be added in subsequent
waves.

Methods

The main purpose of our analyses is to compare second-wave participation between households of
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Ukrainian and non-Ukrainian refugees in Germany, and to identify relevant determinants of participation
in the second wave, as well as compositional and possibly other unexplained differences between the
groups regarding their decision whether to continue participating or not. Therefore, our selection basis is
participation in the first wave in 2023 and eligibility to participate in 2024. To ensure comparability, we
restrict our analyses to households in the M9 refreshment sample of the IAB-BAMF-SOEP Survey of
Refugees that participated in the pre-recruitment survey and whose anchor persons completed the
household, the personal, and the biography interview for refugees to have all information needed for the
analyses. In total, 675 households of Ukrainian refugees and 1,594 households of refugees from other
countries were included in the analyses. These restrictions are driven by data requirements and result in
a more engaged analytic sample than the full first-wave sample, which should be kept in mind when
interpreting the results.

We go beyond a simple treatment-control comparison, i.e. fitting a single model on the pooled sample
with a UKR/REF indicator. Such a specification would implicitly impose common slope coefficients across
groups, unless all covariate interactions with group membership are included. In contrast, the
decomposition approach estimates separate models for each group, allowing the full vector of coefficients
to differ. This enables us to decompose the outcome gap into differences in characteristics (known as the
“endowment effect”) and differences in coefficients (known as the “coefficient effect”). The retention
probability of household ¢ interviewed by interviewer J in the first wave is estimated using a linear
probability model. All covariates in the model are first-wave information, except for the interviewer
continuity. The dependent variable HHREt‘r’lillﬂdij equals one if the household has participated in 2024,
i.e. at least the household questionnaire was completed, and zero otherwise. The model is specified as

(1) HHRetained;; = a + @3 + L{HHInt; 2003 = HHInt; op24} - YEij 4

where @ is the constant, *iJ is a row vector containing the determinants presented below, 7 is a column
vector of coefficients, | is the coefficient for interviewer continuity, and “ij is the disturbance term with
E[fij] = (. The indicator function signals stability in the assignment of the household interviewer
between survey waves. Robust standard errors are clustered at the interviewer level, as an interviewer
may interview more than one household. The determinants of participation in the second wave were
derived from previous research summarised in the second section of this paper. The first (1 UKR) and the
second (2 REF) model include characteristics applicable for both samples. The third model (3 REF ext.)
includes additional individual characteristics applicable only to the REF sample, as there is no variation in

these characteristics for the UKR sample.

We employ a linear probability model as the decomposition method described below is derived for linear
regression models (Blinder, 1973; Kitagawa, 1955; Oaxaca, 1973). Nonlinear decompositions for binary
outcomes exist (Fairlie, 2005), but we focus on the linear specification for the ease of interpretation. We
use the full model specification for the UKR sample (excluding REF-specific regressors) to conduct a

Kitagawa-Blinder-Oaxaca (KBO) decomposition™™, Although this method was originally conceptualised to
decompose wage differentials across different population groups, it can be applied to other contexts.

Suppose we want to estimate the retention probability for households in the UKR and the REF samples,
respectlvely Let PUKR and PREF be the column vectors of coefficient estimates fitted by equation (1)
(including T for simplicity). Further, let - TUKR and REF be the row vectors of the regressor sample
means (including the mean of the indicator variable for change of household interviewer, i.e. the within-
group rate of keeping the same interviewer). Let “UKR and “REF pe the estimated constants.



HHREtE’L—illEElE_I;I{R — HHRnt.a_inmlE_m.;p
= @UKR + TUKRDUKR — @REF — TREF DREF
2) = [TUKR — TrEF) ¥ bUKR + ZREF X (bUKR — DREF) + (@UKR — @REF ).

By expanding the second line of equation (2), we get the KBO decomposition into the following terms:

The first term (“endowment effect” or effect due to characteristics, reported as “characteristics” in Table
5) describes the part of the differential driven by differences in their compositional characteristics
TUKR — TREF evaluated at UKR’s levels of returns to these characteristics. A positive (negative) effect
means a positive (negative) impact on the difference in average retention between the UKR sample and
the REF sample due to the given characteristics of households, which are captured by the regressors.

The second term (“coefficient effect” or effect due to varying effects of these characteristics across
groups, reported as “effects of characteristics” in Table 5) describes the part of the differential driven by
differences in coefficients PUKR — DREF evaluated based on REF's characteristics. This presents a
hypothetical scenario where a UKR household, given REF’'s average characteristics, decides whether to
continue participation. A positive (negative) effect indicates a corresponding positive (negative) impact on
average retention across the two samples.

The third term (“shift coefficient”) represents the unexplained portion of the differential that is not
captured by differences in covariates.

It is important to note that in our application the KBO decomposition serves as a descriptive accounting
tool. The endowment and coefficient components do not represent causal effects, as the compositional
characteristics are not exogenous but reflect migration-related selection processes that may have an
impact on participation behaviour. The decomposition therefore quantifies how much of the observed
retention gap is statistically associated with compositional differences and should be interpreted
descriptively rather than causally. It should be noted, however, that in experimental or quasi-
experimental settings where group membership or compositional characteristics can be treated as
exogenous, a causal effect can be decomposed.

Results

The following three subsections summarise our results. We first report the sample descriptives, followed
by the regression results, and conclude with the decomposition analysis.

Sample descriptives

The description in Table 3 indicates that the samples of Ukrainian and non-Ukrainian refugees differ
significantly in socio-demographic and interview-related characteristics. Ukrainian refugees are more
likely to be female, have a high formal education, and live in private accommodations, but report poorer
health status compared to the non-Ukrainian refugees. The median age of Ukrainian refugees is 43, while
it is 35 for refugees from other countries. Additionally, Ukrainian refugees have a lower proportion of
households in the third income tercile, single-person households, and households with children under 10



years. Approximately 90% of non-Ukrainian refugees express permanent stay intentions in Germany,
whereas only 65% of Ukrainian refugees do, with further 18% undecided. The UKR sample includes only
households that arrived in Germany since 2022, while the REF sample shows more variation in stay
duration, with 61% having arrived in 2019 or earlier. The REF sample includes refugees from various
countries, primarily Syria, Turkey, Iran, and Afghanistan.

Major differences also exist in interview-related characteristics. The REF sample has a higher proportion of
partially completed households (25% vs. 18% for UKR sample) and a lower proportion of households
interviewed by the same interviewer in both waves (interviewer continuity, 21% vs. 34% for UKR sample).
There is a higher proportion of language matches between the anchor person’s native language and the
interview language in the UKR sample (48% vs. 34% for REF sample). About 55% of interviewers in the
UKR sample are female, compared to 24% in the REF sample. Interviewers in the UKR sample are
generally older and less experienced, with only 10% having worked in previous waves of the panel, as
Ukrainian refugees were included in the IAB-BAMF-SOEP Survey of Refugees for the first time in 2023.

Table 3: Descriptive statistics: sample composition



UKR (n = 675) REF (n = 1,594)

M sD M sD Diff. in M
Interviewer continuity 0.335 0.472 0.205 0.403 -0.130*
All CAPI 0.644 0.479 0.656 0.475 0.011
Interview duration
1. tercile 0.388 0.488 0.302 0.459 -0.086"
2. tercile 0.342 0.475 0.330 0470 -0.012
3. tercile 0.270 0.444 0.368 0.482 0.098*
Language match 0.481 0.500 0.337 0473 -0.145"
HH composition/PUNR
Single-HH 0.206 0.405 0.324 0.468 0.118*
Complete multi-HH 0.612 0.488 0.422 0.494 -0.190*
Incomplete multi-HH 0.182 0.386 0.254 0435 0.072*
Private accommodation 0.763 0.426 0.700 0.458 -0.063*
Young children in HH 0.277 0.448 0.381 0.486 0.104*
Municipality size
Large (500,000+) 0.348 0.477 0.348 0476 -0.001
Medium (100,000-499,999) 0.370 0.483 0.352 0478 -0.018
Small (<100,000) 0.281 0.450 0.301 0.459 0.019
Female 0.610 0.488 0.352 0478 -0.258*
Age group
<30 0.145 0.353 0.274 0.446 0.129*
30-49 0.551 0.498 0.602 0.490 0.051
50-64 0.204 0.404 0.111 0.314 -0.093*
65+ 0.099 0.299 0.013 0.111 -0.087*
Log HH income
1. tercile 0.338 0.473 0.265 0441 -0.073*
2. tercile 0.335 0.472 0.279 0.449 -0.056*
3. tercile 0.240 0.427 0.321 0.467 0.081*
No answer 0.087 0.283 0.135 0.342 0.047*
Education
Low (ISCED 0-2) 0.126 0.332 0.402 0.490 0.276*
Medium (ISCED 3-4) 0.230 0.421 0.335 0472 0.105*
High (ISCED 5-8) 0.644 0.479 0.240 0.427 -0.405*
No answer 0.000 0.000 0.023 0.151 0.023*
Self-rated health
Poor 0.136 0.343 0.131 0.338 -0.005
Satisfactory 0.396 0.489 0.194 0.396 -0.201*
Good 0.468 0.499 0.674 0.469 0.206*
Stay intentions in Germany
Permanent 0.652 0.477 0.901 0.299 0.249*
Not permanent 0.169 0.375 0.053 0.223 -0.116*
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No answer 0.179 0.384 0.046 0.210 -0.133*

Female interviewer 0.547 0.498 0.238 0.426 -0.308*
Interviewer’s age group

<30 0.080 0.271 0.176 0.381 0.096*
30-49 0.486 0.500 0.519 0.500 0.034
50+ 0.434 0.496 0.305 0.461 -0.129*
Experienced interviewer 0.102 0.303 0.446 0497 0.344*
Year of arrival in Germany

2022+ 0.074 0.262
2020-2021 0.313 0.464

<2019 0.613 0.487

Legal status

Protection granted 0.513 0.500
Suspension of deportation 0.261 0.439

Other or not determined 0.106 0.308

No answer 0.120 0.326

Country of origin

Afghanistan 0.107 0.310

Iran 0.125 0.331

Syria 0.201 0.401

Turkey 0.173 0.378

Other 0.395 0.489

Source: IAB-BAMF-SOEP Survey of Refugees v41 (DOI: 10.5684/soep.core.v41eu).
Note: *p<0.05. Precision of differences in means are obtained by Welch’s t-tests.

Regression results

The results of the linear probability models are presented in Table 4 (the significance level is set to 5%).
The largest coefficients for both samples are attributed to interviewer continuity between the first and
second waves. The coefficients remain stable across models, indicating that the regressor is likely
uncorrelated with others.

No detectable effects were found for being a pure face-to-face household or the anchor’s personal
interview duration. However, a positive effect exists in the UKR sample for the match of the interview
language with the anchor person’s native language. For both samples, PUNR negatively affects
participation in the second wave. Factors such as municipality size, household income, presence of
children under the age of 10, and type of accommodation do not significantly affect participation.

Table 4: Determinants of household participation in the second wave
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(1 UKR) (2 REF) (3 REF ext.)
Est. SE Est. SE Est. SE
Interviewer continuity 0.285* 0.027 0.237* 0.026 0.231* 0.026
All CAPI -0.019 0.038 -0.004 0.029 0.003 0.030
Interview duration (Ref. 2. tercile)
1. tercile 0.005 0.035 -0.015 0.031 -0.014 0.031
3. tercile 0.019 0.034 -0.001 0.029 -0.006 0.029
Language match 0.058" 0.029 -0.014 0.026 -0.009 0.027
Household composition (Ref. complete multi-HH)
Single-HH -0.029 0.044 0.014 0.041 0.013 0.042
Incomplete multi-HH -0.123* 0.051 -0.104* 0.034 -0.101* 0.034
Private accommodation 0.041 0.040 0.022 0.028 0.033 0.031
Young children in HH 0.012 0.038 0.016 0.033 0.010 0.033
Municipality size (Ref. large (500,000+))
Medium (100,000-499,999) -0.004 0.034 0.039 0.029 0.041 0.029
Small (<100,000) -0.024 0.040 0.006 0.032 0.007 0.032
Female 0.051 0.027 0.027 0.027 0.031 0.027
Age group (Ref. 30-49)
=30 -0.076 0.049 0.005 0.029 0.001 0.030
50-64 -0.017 0.051 0.056 0.042 0.056 0.042
65+ 0.027 0.053 -0.044 0.115 -0.048 0.115
Log HH income (Ref. 2. tercile)
1. tercile -0.015 0.053 0.030 0.034 0.028 0.034
3. tercile -0.016 0.041 -0.039 0.033 -0.041 0.033
No answer -0.052 0.065 -0.028 0.040 -0.023 0.041
Education (Ref. high (ISCED 5-8))
Low (ISCED 0-2) -0.112*  0.0486 -0.018 0.033 0.004 0.035
Medium (ISCED 3-4) -0.044 0.037 -0.053 0.034 -0.032 0.035
No answer -0.095 0.087 -0.050 0.087
Self-rated health (Ref. good)
Poor -0.085 0.047 -0.021 0.037 -0.017 0.038
Satisfactory 0.020 0.032 0.004 0.032 0.006 0.032
Stay intentions in Germany (Ref. permanent)
Not permanent -0.066 0.046 -0.117*  0.0586 -0.115*  0.056
Mo answer 0.063 0.041 -0.026 0.061 -0.027 0.061
Female interviewer 0.042 0.034 0.042 0.029 0.043 0.029
Interviewer's age group (Ref. 30-49)
<30 -0.033 0.069 0.015 0.033 0.017 0.033
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50+ 0.036 0.033 0.018 0.030 0.014 0.030

Experienced interviewer 0.045 0.069 0.055* 0.026 0.058* 0.026
Year of arrival in Germany (Ref. £2019)

2020-2021 0.099* 0.050
2022+ 0.010 0.029

Legal status (Ref. protection granted)

Suspension of deportation -0.012 0.033
Other or not determined 0.042 0.041
No answer -0.079 0.042
Country of origin (Ref. other)
Afghanistan 0.015 0.045
Iran -0.018 0.042
Syria -0.017 0.038
Turkey 0.061 0.040
Constant 0.627* 0.074 0.561* 0.058 0.522* 0.066
Observations 675 1,594 1,594
R? 0172 0.069 0.078
F Statistic 4.797* 4.008* 3.459*

(df = 28, 646) (df = 29; 1,564) (df = 38; 1,555)
Chow test F=1.023;p=0.432

Source: IAB-BAMF-SOEP Survey of Refugees v41 (DOI: 10.5684/soep.core.v41eu).

Note: *p<0.05. A Chow test is performed by fitting an LPM on the pooled sample of UKR and REF using the
covariates from model (1 UKR), excluding the 37 REF households with missing information on education. A
separate model for REF is fitted after excluding these cases.

Regarding individual characteristics of the anchor person, gender, age, and self-reported health status do
not correlate with participation in the second wave. In the UKR sample, low education levels are linked to
lower participation likelihood, which does not apply to the REF sample. The absence of permanent stay
intentions reduces retention probability in the REF sample, but not in the UKR sample. Households whose
anchor person arrived in Germany in 2020-2021 are more likely to participate in the second wave than
those who arrived in 2019 or earlier. No significant effects of country of origin or legal status on
participation were found in the REF sample, providing empirical support for treating non-Ukrainian
refugees as a single analytical category: with respect to panel retention, the null results suggest that the
shared institutional framework outweighs within-group differences across origin groups.

Interviewer experience positively affects household retention in the REF sample, but this effect is
negligible for the UKR sample due to most interviewers being newly recruited. Interviewer gender and age
do not significantly influence participation.

The models explain a modest share of the variation in household retention, with R? values of 0.172 for the
UKR model, 0.069 for the REF model, and 0.078 for the extended REF model. This is not unusual for
models predicting survey participation behaviour, where a large share of variation reflects idiosyncratic
household-level factors that are difficult to capture with observable characteristics. The decomposition
results presented below should be interpreted in this light.

Decomposition
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The decomposition results in Table 5 show that the average retention rates for the UKR and REF samples
are 76% and 63%, respectively, resulting in a retention differential of 13.4 percentage points. This
difference is almost entirely attributed to variations in characteristics (endowment effect, 13.2 percentage
points), with almost no difference in how these characteristics influence retention decisions (coefficient
effect, 0.2 percentage points). Although the decomposition is performed using the model specification
shown in the first two columns of Table 4, Table 5 only reports the covariates that significantly contribute
to the retention differential.

Table 5: Decomposition of the retention differential

Average retention rates

Est. SE
UKR (n = 675) 0.761* 0.024
REF (n = 1,557) 0.627* 0.015
Difference 0.134* 0.028
Due to characteristics 0.132* 0.038
Due to effects of characteristics 0.002 0.040
Amount attributable to
TOTAL characteristics effects of
characteristics
Est. SE Est. SE
HH interviewer
Same 0.024 0.019* 0.008 0.005 0.004
Not same 0.000 0.019* 0.008 -0.019 0.017
TOTAL 0.024 0.038 -0.014
HH composition/PUNR
Single-HH -0.008 -0.003 0.004 -0.005 0.013
Complete multi-HH 0.019 0.010* 0.005 0.009 0.013
Incomplete multi-HH 0.004 0.005 0.003 -0.001 0.010
TOTAL 0.015 0.012 0.003
Education
Low (ISCED 0-2) -0.009 0.017* 0.008 -0.026* 0.013
Medium (ISCED 3-4) 0.012 -0.001 0.003 0.013 0.010
High (ISCED 5-8) 0.028 0.021* 0.009 0.007 0.007
TOTAL 0.031 0.037 -0.006
Stay intentions in Germany
Permanent -0.049 -0.000 0.005 -0.049 0.030
Not Permanent -0.007 -0.007 0.004 -0.000 0.003
No answer 0.012 0.009* 0.004 0.003 0.002
TOTAL -0.044 0.002 -0.046
Shift coefficient 0.066 0.060

Source: IAB-BAMF-SOEP Survey of Refugees v41 (DOI: 10.5684/soep.core.v41eu).

Note: *p<0.05. 37 REF households with unknown employment status of the anchor person are dropped
from the sample. The overall retention rates are estimated as group means. The values in the “Amount
attributable to / TOTAL” column are the sum of the “characteristics” and “effects of characteristics”
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components shown in the two columns to the right. Consequently, they are not independent point
estimates and do not have their own standard errors. The same reasoning applies to the “TOTAL” rows.

About four percentage points of the retention differential arise from 34% of households in the UKR sample
retaining the same interviewer between waves, compared to 21% in the REF sample. This difference is not
due to one group valuing interviewer continuity more than the other. Similarly, the lower proportion of
PUNR in the UKR sample contributes one percentage point to the retention differential. However, the
difference in how the two samples deal with the PUNR shows no significant impact on retention.

About an additional four percentage points of the retention differential arise from differences in education
between the two samples. When examining anchor persons with low formal education, a more complex
picture emerges. Although the endowment effect for low formal education is positive, its coefficient effect
is negative. This indicates that, despite a higher proportion of anchor persons with a low education
degree in the REF sample contributing to the retention differential, the households with low educated
anchor persons in the UKR sample face a greater risk of dropping out than their REF counterparts. In the
UKR sample, anchor persons with low education have a more detrimental impact on retention. However,
this effect cancels out in the total contribution to the retention differential.

Lastly, uncertainty about stay intentions in Germany is more pronounced in the UKR sample, which
reduces the retention differential. This effect is driven by differences in characteristics rather than by
differences due to the effect of this characteristic, as the intention to leave Germany does not
significantly affect retention probability for the UKR sample compared to the REF sample.

As the shift coefficient is not statistically significantly different from zero, there is no tangible residual
effect of possible unexplained variation.

Discussion and conclusion

The first goal of this paper is to provide field-based insights into panel retention between the first and
second waves of data collection in a probability-based household panel of refugees in Germany,
approached from a comparative perspective. To achieve this goal, we compared the participation of
Ukrainian refugees and refugees from other countries within the same survey over two waves and
analysed the determinants of panel retention in these groups.

In contrast to our first hypothesis (H1), our analyses indicate that, except for education in the Ukrainian
sample, socio-demographic characteristics (e.g. age, gender, income) are not the primary factors
influencing continued participation. Instead, other individual factors, such as long-term stay intentions in
the host country, along with interview-related characteristics, were found to be more relevant. Although
the survey adhered to the same fieldwork procedures, interviewer training, and questionnaires, the
interview-related characteristics did vary between the two groups. In a self-completion setting, these
differences may diminish, resulting in a smaller panel retention gap.

Our second hypothesis (H2) is confirmed for the REF sample. An absence of permanent stay intentions in
Germany is negatively associated with participation in the second wave. In line with the leverage-salience
theory of survey participation (Groves et al., 2000), the perceived reward of participation might be
greater for households intending to stay in Germany, as the study’s outcomes hold more significance for
them. To improve coverage of households with temporary stay intentions, advance letters should
emphasise the importance of continued participation regardless of stay intentions. Related to this, it



should be noted that the situation of Ukrainian refugees differs from that of other refugees, as they
receive more generous protection status as compared to refugees from other countries (Mickelsson,
2025). In line with the social exchange theory of survey participation (Dillman et al., 2014), the higher
participation rates in both waves among Ukrainian refugees may reflect acts of reciprocity and gratitude.
However, given the current developments and changing policies regarding Ukrainian and other refugees
in Germany, further research is needed to analyse how these changes might affect panel retention in the
future.

Our third hypothesis (H3) posited that a higher respondent burden, measured by language mismatch and
lengthy interview, would decrease participation in the second wave. This hypothesis is partly confirmed
for the Ukrainian sample, where alignment between the anchor person’s native language and the
interview language positively affects participation. In contrast, this effect is absent in the REF sample,
likely due to limited language options to cover a wide range of languages and the fact that participants
have generally spent more time in Germany, allowing them to learn German. Offering survey materials
and conducting interviews in various languages is crucial for recently arrived refugees and migrants.
Although this approach incurs additional costs, promising advancements in automated translation (e.qg.
Zavala-Rojas et al., 2024) may provide cost-effective alternatives, especially for self-completion modes.

Our fourth hypothesis (H4) is confirmed for both samples. Consistent with previous research, interviewer
continuity positively affects participation in the second wave. Interviewers with prior experience in the
survey were associated with higher participation rates in the REF sample. In our analysis, interviewer
continuity exhibits the strongest effect on panel retention across both samples. It should be noted,
however, that interviewer continuity is not randomly distributed and may be correlated with unobserved
household characteristics that independently influence retention. Consequently, the estimated effect of
interviewer continuity may partly reflect household-level selection rather than a genuine interviewer
effect and should therefore be interpreted with caution. Retaining the same interviewers across waves is
advisable, though it is not always feasible. Given the recent challenge of interviewer shortages and the
shift to online data collection, the impact of this transition on retention in previously face-to-face panels
remains uncertain. For instance, an analysis of a CAWI follow-up for soft refusals and non-contacts in the
IAB-BAMF-SOEP Survey of Refugees (Blchner et al., 2025) demonstrates that offering an online mode of
data collection was especially effective among households that experienced an interviewer change
between two waves. Regarding PUNR, both samples indicate that incomplete households, where not all
eligible members participated in the first wave, are more likely to drop out in the second wave, confirming
our fifth hypothesis (H5). Our findings suggest that PUNR negatively impacts household participation,
highlighting the need for strategies to minimise it, such as personalised outreach to eligible members and
additional incentives for complete data. Future research should address and explore the mechanisms
underlying PUNR in household surveys and its impact on panel retention.

The second goal of our paper is to extend the standard regression analysis of panel retention predictors
by integrating a decomposition method to enable a more nuanced analysis of the retention gap. Our
analyses began by observing differing panel retention rates in the Ukrainian and non-Ukrainian samples of
refugees. We anticipated that the differences in panel retention primarily result from variations in sample
composition. Applying the KBO decomposition allowed us to disentangle the sources of group differences
in panel retention and to distinguish between differences attributable to differences in observable sample
composition characteristics, differential effects of these characteristics, and unobserved factors on panel
retention. The results of the decomposition support our main hypothesis (H6), confirming that the
differences in retention arise almost entirely from variations in sample characteristics rather than from
differing effects of these characteristics or other unexplained factors. Consistent with H6, the higher rate
of interviewer continuity and the lower proportion of incomplete multi-person households in the UKR



sample emerged as the primary contributors to the endowment component. Tertiary education also
contributed positively to the endowment component as expected, though the decomposition revealed an
additional complexity: low-educated anchor persons in the UKR sample face a substantially higher
dropout risk than their REF counterparts, a pattern that partially offsets the compositional advantage. In
this sense, the method provided important analytical clarity: it confirmed that the retention gap largely
reflects structural differences in sample composition, which is consistent with the substantial
heterogeneity between the two groups.

Against the criterion we set out, namely whether the KBO decomposition adds analytical clarity beyond a
group-indicator regression, the results are positive: the method quantified the characteristics and effects
of characteristics split, confirmed the primary source of the retention gap, and surfaced the education
asymmetry that would have remained invisible in a pooled model. That said, the analytical value of the
KBO decomposition for the analysis of survey participation and panel retention may be particularly
pronounced in settings where groups are more similar in their observable characteristics but still exhibit
participation differences. In such cases, the decomposition could provide deeper insights into sources of
panel retention going beyond compositional differences. In our case, the strong compositional divergence
between samples limits the scope for identifying such differences; nevertheless, the method strengthens
the robustness and interpretability of our findings by confirming the primary source of the gap observed.

Endnotes

[i] The method is limited to linear, non-hierarchical models. We conducted a sensitivity analysis by
estimating multilevel models with interviewer-level random intercepts, which indicated only minor
interviewer effects in the REF sample, negligible relative to residual variation, supporting the adequacy of
a single-level specification.

[ii] We use the user-written Stata implementation of the KBO decomposition written by Jann (2008) that
provides the normalisation method outlined by Yun (2005). Approximate variance estimators for the
decomposition are provided using the delta method (see Jann (2008) for the derivation).
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