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During the COVID-19 pandemic, there was a high demand for readily available but also reliable
survey data. Overall, a comprehensive assessment of how survey data were collected and what
their quality was remains missing. In this study, we provide a multi-dimensional quality assess-
ment of social science surveys conducted during the COVID-19 pandemic in Germany (N=686).
We assess survey quality based on three dimensions: accuracy (proxied by survey design), in-
terpretability (referring to the quality of documentation), and accessibility of data (referring to
the timely publication of results and data). Our results show that surveys varied considerably
in these three quality dimensions over time. We found that surveys followed different purposes
at different times of the pandemic: whereas early surveys focused on quickly producing results
and traded other aspects of survey quality for this goal, later surveys were more focused on
operating better-designed surveys and producing shareable data.
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1 Introduction

During the COVID-19 pandemic, survey data were an im-
portant source for social science research. These data en-
abled researchers to assess the attitudes and behaviour of the
general population during these challenging times (Pierce
et al., 2020). The insights gathered, particularly at the onset
of the pandemic, have been instrumental in assisting scien-
tists and policymakers in developing strategies to combat
the spread of the virus (e.g., Adams-Prassl et al., 2020;
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Arpino et al., 2021; Huebener et al., 2021; Munzert et al.,
2021).

The social sciences saw a significant rise in data collec-
tion activity as the pandemic unfolded as researchers rushed
to adapt to the rapidly evolving situation. These data col-
lection efforts included newly designed surveys specifically
aimed at gathering information during the pandemic (e.g.,
Betsch et al., 2020; Busemeyer, 2023; Fetzer et al., 2021;
Yamada et al., 2021). However, pre-existing or pre-planned
surveys were also administered without necessarily being
motivated by the COVID-19 outbreak (e.g., European So-
cial Survey European Research Infrastructure [ESS ERIC]
2023; Kapteyn et al. 2020; Kiihne et al. 2020).

The pandemic and political decisions such as quaran-
tines and travel restrictions posed challenges to traditional
face-to-face-based survey designs (e.g., Burton et al., 2020;
Gummer et al., 2020). As a consequence, some Surveys
had to adapt their survey design to ensure that data collec-
tion could be conducted during COVID-19. Although some
studies have acknowledged the adjustments made to their
data collection protocols, these reports are sparse and pri-
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marily originate from existing infrastructure programs like
the Survey of Health, Ageing, and Retirement in Europe
(SHARE) (A. Scherpenzeel et al., 2020), Understanding
Society Study in the UK (Burton et al., 2020), German In-
ternet Panel, German Family Demographic Panel (FReDA),
German Family Panel (pairfam) (Gummer et al., 2020), and
various labor market surveys carried out by the German In-
stitute for Employment Research (Sakshaug et al., 2020);
see also the special issue published by Survey Research
Methods (Kohler, 2020). These individual reports on data
collection practices focus on single or a few studies and dif-
fer widely in the information they convey. A comprehensive
overview of the data collection practices of social science
surveys during the COVID-19 pandemic is largely lacking.
Notable exceptions are two review reports on changing so-
cial research practices (Nind et al., 2021, 2022). However,
the reports neither include a quantitative assessment of re-
search practices, nor do they dive into the particularities
of different survey design decisions and aspects of survey
quality.

The existing research gap is unfortunate, since the survey
designs used to collect data during the COVID-19 pandemic
are unknown. As demonstrated by the Total Survey Error
(TSE) framework (e.g., Groves et al. 2009; Groves and Ly-
berg 2010; Lyberg and Weisberg 2016), survey design de-
termines the quality of the data obtained. Thus, without
a systematic assessment and comparison of survey designs,
the reliability of the data remains unclear on which impact-
ful political actions were taken during the pandemic, and
on which important social science research was based. We
see merit in investigating the constraints under which social
scientists were operating during the COVID-19 pandemic
and what trade-offs regarding different dimensions of sur-
vey quality they were facing. Furthermore, it remains an
open question as to whether data collection practices and,
thus, survey quality changed over the course of the pan-
demic (e.g., due to changing demands for data). If designs
changed, variations in substantive measures (e.g., vaccina-
tion preference) across the pandemic might be methodolog-
ical artifacts.

To address these pressing issues and gain deeper in-
sights into the quality of social science survey data, we
used a dataset published by the Survey Data Collection
and the COVID-19 Pandemic (SDCCP) project (Gummer
et al.,, 2024) on the design and quality of 686 academic
social science surveys conducted between March 2020 and
December 2021 in Germany. In our study, we investigated
two research questions (RQs):

RQ1. What was the quality of the social science surveys
conducted during the COVID-19 pandemic?

RQ2. How were the different dimensions of survey quality
associated with each other during the COVID-19 pandemic?

In the next section, we provide a background on sur-
vey data quality frameworks and derive a multi-dimensional
perspective on quality for our study. We also detail how sur-
vey design impacts the accuracy of survey data. We then
introduce our data, measures, and methods. After present-
ing our results, we conclude with closing remarks and an
outlook for future research opportunities.

2 Background

In the literature, survey quality is a multi-dimensional con-
cept covered by a number of theoretical frameworks such as
the TSE framework (e.g., Biemer & Lyberg, 2003; Groves
et al., 2009; Lyberg & Weisberg, 2016), Total Survey Qual-
ity (TSQ) framework (Biemer 2010), and FAIR framework
(Wilkinson et al., 2016). The TSE is a well-established con-
cept that provides a systematic overview of survey error
sources. According to the TSE, high-quality survey data
is characterized by minimized errors in survey statistics.
The TSQ framework builds on the TSE framework and ex-
tends it in dimensions other than accuracy. According to
Biemer (2010), the TSQ framework is not uniformly ap-
plied and, thus, may differ across institutions. However, the
most commonly used dimensions (in addition to accuracy)
are credibility, comparability, usability/interpretability, rel-
evance, accessibility, timeliness/punctuality, completeness,
and coherence. In addition to the TSQ framework, the per-
spective of data users is captured by the FAIR Principles
(Wilkinson et al., 2016). These principles formulate the re-
quirements for ensuring optimal data management that in
turn facilitates the reuse of data. The four FAIR principles
require data and metadata to be findable, accessible, inter-
operable, and reusable.

In practice, however, the empirical assessment of survey
quality is limited due to the difficulties related to the oper-
ationalization of quality dimensions. Consequently, reports
evaluating the survey quality of all surveys in a specific do-
main are rare. Moreover, they are published mainly by the
data producers themselves and are restricted to data from
a single/small number of surveys (e.g., for the European So-
cial Survey: ESS ERIC Core Scientific Team 2022; for the
Sample Survey of Income and Expenditure: Statistisches
Bundesamt [Destatis] 2021).

For the purpose of our study, we derived an applied
survey quality framework from the TSE, TSQ, and FAIR
frameworks. Our framework covers three dimensions: accu-
racy, interpretability, and accessibility. We relied on quality
dimensions (and measures, see below) that can be assessed
using publicly available survey information. We decided to
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include dimensions that cover the data producers’ and data
users’ perspectives to acknowledge the constraints and de-
mands imposed by the COVID-19 pandemic.

2.1 Accuracy

Defined as the difference between the survey estimate and
the underlying “true” value, accuracy of data is a key
quality aspect and a necessary condition for correct infer-
ences drawn from the data. For this reason, data producers
pay great attention to optimizing accuracy. According
to the TSE framework (e.g., Biemer & Lyberg, 2003;
Groves et al., 2009; Lyberg & Weisberg, 2016), accuracy
is maximized by the minimization of survey errors arising
throughout the data collection process. In practice, accu-
racy can be evaluated through the comparison of survey
estimates with known true values (i.e., benchmarks). Ex-
amples of this approach include vote choice in election
studies (e.g. Kennedy et al., 2018; Sohlberg et al., 2017;
Sturgis et al., 2018), more recently the evaluation of the
COVID-19 vaccination coverage estimates (Bradley et al.,
2021; Nguyen et al., 2023), and other characteristics for
which benchmarks exist, for instance, from population cen-
suses. Studies applying this approach are described in the
following subchapter. All the accuracy studies we list share
a common emphasis on and confirmation of the crucial role
that survey design plays in shaping accuracy.

2.1.1 Literature Review: The Relationship Between
Survey Design and Accuracy

According to the TSE framework, accuracy is directly
associated with survey design. While the complexity of
the design may vary significantly across surveys, two im-
portant characteristics—sampling procedure and survey
mode—constitute the integral components of every data
collection. In the following, we provide a literature-based
assessment of the impact of sampling and mode on accu-
racy.

Sampling procedures can be divided into two main
groups: probability- and non-probability-based samples.
As a result of the different selection approaches, probabil-
ity and non-probability surveys may differ to the extent to
which the sample enables drawing conclusions about the
target population. The literature comparing both sampling
procedures is based mainly on the comparison of sur-
vey estimates with external population benchmarks. Based
on this approach, a number of studies have shown that
probability surveys of different modes are more accurate
than non-probability web surveys. More concretely, these
studies included comparisons of non-probability surveys

with probability personal surveys (Malhotra & Krosnick,
2007; Rohr et al., 2024; A. C. Scherpenzeel & Bethlehem,
2011; Sturgis et al., 2018), probability telephone surveys
(Chang & Krosnick, 2009; Maclnnis et al., 2018; Sohlberg
et al., 2017; Yeager et al., 2011) as well as probability web
surveys (Chang & Krosnick, 2009; Maclnnis et al., 2018;
Rohr et al., 2024; Yeager et al., 2011). In contrast, some
studies found that probability surveys did not consistently
outperform non-probability ones. Instead, the performance
relative to the probability survey varied by the provider of
the non-probability sample (Kennedy et al., 2016) and by
the examined variables (Chan & Ambrose, 2011; Loosveldt
& Sonck, 2008; Steinmetz et al., 2014).

Expanding on these individual studies, systematic stud-
ies have been conducted that synthesize findings concerning
the accuracy of probability and non-probability surveys of
previous research. For example, a meta-analysis of 110 sur-
veys concluded that probability surveys are more accurate
than non-probability surveys (Cornesse & Bosnjak, 2018).
Furthermore, a comprehensive overview of empirical evi-
dence confirmed that this conclusion holds across different
countries and topics (Cornesse et al., 2020).

Finally, we would like to note that weighting is a com-
monly employed method with the potential to improve ac-
curacy. Although a few studies have found a positive effect
of weighting on the accuracy of non-probability samples
(Steinmetz et al., 2014; Wang et al., 2015), in the majority
of studies, weights did not consistently and sufficiently im-
prove the accuracy of estimates (Chang & Krosnick, 2009;
Loosveldt & Sonck, 2008; Maclnnis et al., 2018; Malhotra
& Krosnick, 2007; Yeager et al., 2011).

Overall, taking the above-listed literature into account,
we conclude that probability surveys are more accurate than
non-probability surveys.

Regarding the survey mode, today, non-probability sur-
veys are conducted typically as web surveys. In contrast,
probability surveys rely on a variety of modes (or their
combinations) such as web, telephone, mail, and face-to-
face surveys. The evaluation of how the survey mode af-
fects accuracy is a complex issue, since the survey mode can
cause both measurement- and representation-related survey
errors. Consequently, the potential trade-offs between sur-
vey errors leave the overall effect of the mode unclear. To
circumvent this difficulty, in the following, we describe
the literature on the two branches of error that the TSE
includes—representation and measurement—as well as on
the effect of the survey mode on overall accuracy (i.e., the
total error, not differentiating between representation and
measurement).

On the representation branch of the TSE framework, one
of the main issues related to the survey mode is the potential
exclusion of certain groups of the target population. This
exclusion leads to bias if the excluded group systemati-
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cally differs from those included in the survey sample. One
widely discussed specific group is the offline population
that differs from the online population in various socio-
demographic characteristics (Blom et al., 2017; Leenheer
& Scherpenzeel, 2013; Revilla et al., 2016). This system-
atic difference between the offline and online population is
of high relevance for web surveys, which need to ensure
that the offline population is not excluded from the survey.
This inclusion could be achieved by the provision of an on-
line device or an alternative survey mode. However, Bach
et al. (2024) found that the provision of a device did not
significantly change the univariate and multivariate survey
estimates. Cornesse and Schaurer (2021) concluded that the
provision of an alternative mode has a comparatively larger
effect on sample accuracy. The advantage of a mixed-mode
survey as compared to a solely-web survey has been con-
firmed further by a study by Pforr and Dannwolf (2017)
that shows the prevalence of bias in the latter survey de-
sign, which cannot be corrected with nonresponse weights.

On the measurement branch of the TSE framework,
the presence of an interviewer plays a decisive role. Two
measurement errors that are widely discussed in relation
to the presence of an interviewer are social desirability
bias, which is respondents’ tendency to provide socially
desirable answers (e.g., Krumpal, 2013; Phillips & Clancy,
1972; Tourangeau & Yan, 2007) and satisficing, which
is respondents’ behaviour aimed at reducing the required
cognitive effort by providing satisfactory answers (e.g.,
Krosnick, 1991; Krosnick et al., 1996). With respect to
social desirability bias, several studies have found a greater
prevalence in interviewer-based surveys as compared to
self-administered surveys (Cernat et al., 2016; Hope et al.,
2022; Tourangeau et al., 2013). In addition, a meta-analysis
by Dodou and de Winter (2014) did not find any difference
in the level of social desirability bias between the self-
administered modes of paper-based and computer-based
surveys. Regarding satisficing, studies have shown that
self-administered surveys are more prone to satisficing be-
haviour than interviewer-administered surveys (see Cernat
and Revilla 2021 for a comparison of face-to-face and web
interviews; Hope et al. 2022 for a comparison of computer-
assisted personal interviews, telephone, and web).

Finally, the literature examining the effect of a survey
mode on the total survey error is rare; to our knowledge,
only one such study exists (Felderer et al., 2019). In this
study, the authors evaluated the combined bias of nonre-
sponse and measurement error in a survey that randomly
assigned respondents to a telephone or web survey. Their
results show that the combined bias is smaller in the tele-
phone survey than in the web survey. In line with the above-
described literature, the web survey showed a comparatively
larger nonresponse bias (representation branch) that was not

outweighed by the comparatively smaller measurement er-
TOr.

In summary, the previous literature suggests that the sur-
vey mode has multiple effects on data quality. Regarding
the representation-related errors, surveys conducted solely
via the web risk bias due to the exclusion of an offline po-
pulation. Regarding the measurement-related errors, self-
administered modes (including web surveys) perform bet-
ter than interviewer-administered modes in terms of social
desirability bias, but worse in terms of satisficing. The com-
parison of different self-administered modes does not show
significant differences between web and other modes. Re-
garding the overall effect of the survey mode on data qual-
ity, the literature indicates that the combined bias is lower
in telephone surveys than web surveys. All findings con-
sidered, we conclude that among probability surveys, web
surveys are less accurate than surveys conducted in other
mode(s).

2.2 User-Centred Quality Dimensions

Moving from the perspective of data producers to data
users, the second dimension incorporated into our frame-
work is interpretability. According to the TSQ framework
(Biemer, 2010), interpretability requires that the survey is
clearly documented and that the metadata are well man-
aged. This enables data users to comprehend the applied
method and, consequently, evaluate the quality of the sur-
vey (Jedinger et al., 2018). Studies examining the data user-
centred dimensions of survey quality are relatively scarce.
Interpretability in form of the quality of methodological
documentation has been assessed by two studies focus-
ing on cross-national surveys in Europe (Jabkowski, 2023;
Jabkowski & Kotczynska, 2020) and a study encompassing
multiple continents (Kotczynska & Schoene, 2018). These
studies have concluded that documentation quality varies
across projects but has improved over time. Another study
by Eder and Jedinger (2019) measured the quality of the
methodological metadata of national election studies as part
of the FAIR framework assessment, and found a generally
satisfactory provision of metadata. Notably, all these stud-
ies focused on well-established large-scale surveys. To our
knowledge, the only study that comprehensively evaluated
the quality of reporting among diverse surveys is Stefkovics
et al. (2024). This study, which examined the survey re-
porting in high-ranked journals between 2011 and 2021,
concluded that the reporting level was generally high and
stable over time. However, it also found that researchers
tended to omit certain descriptors of survey design charac-
teristics and performance (e.g., response or other outcome
rates) (Stefkovics et al., 2024).
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The third dimension of our framework is accessibility,
which denotes the publication of results and data and their
timeliness. The publication of results and data is an im-
portant quality indicator in the TSQ framework (Biemer,
2010) and in the FAIR framework (Wilkinson et al., 2016).
The publishing of data and results in a swift and timely
manner has gained further importance during the COVID-
19 pandemic (Moretti & Santi, 2020). Regarding the acces-
sibility of results, to the best of our knowledge, no studies
have analysed the extent and speed of survey results pub-
lication. However, with regard to the publication of results
in general, evidence exists that the pandemic accelerated
the publication process of COVID-19 related journal ar-
ticles in disciplines such as medicine (Forti et al., 2021;
Horbach, 2020) and ecology (Forti et al., 2021). Regard-
ing the publication of data in general, Eder and Jedinger
(2019) investigated the case of election studies and showed
that all the examined studies provided data access, usually
upon registration. We are not aware of any studies that have
evaluated the accessibility and timeliness of data for a large
set of diverse surveys and with a focus on their association
with survey design.

3 Data and Methods

3.1 Data

We used a dataset on survey designs and quality collected
by the SDCCP project (Gummer et al., 2024). Our analyses
are based on data release v1.0.0 of the SDCCP dataset (von
Glasenapp et al., 2024). The SDCCP data aims at covering
all social science and public health surveys of the general
population conducted in Germany between March 1st, 2020
and December 31st, 2021. To identify eligible surveys, we
systematically searched multiple national and international
data archives, data research centers, and survey listings. In
addition, in the screening, we included surveys we found
through the web. In total, we screened 896 records and in-
cluded 717 surveys in the final dataset. These surveys were
conducted as part of 183 survey programs (e.g., waves of
a panel) and were clustered within these programs. On av-
erage, a survey programme included 3.92 surveys. The dis-
tribution of surveys within survey programs was skewed
(skewness = 4.65) with a median and mode of 1 (mini-
mum = 1, maximum = 59). 55% of the survey programs
included only one survey. The dataset includes 5 high-fre-
quency survey programs with more than 30 surveys. See
our methods section for how we handled the clustered data
structure.

All surveys in the SDCCP dataset were manually coded
by expert coders between November 2022 and the end of

May 2023. The coding was based on information available
on project websites, study documentations, and fieldwork
reports. The coding scheme obtained extensive informa-
tion on the survey design and the survey quality dimen-
sions relevant here. Tests of double-coding subsets of the
dataset indicated excellent intercoder reliability (categori-
cal variables: average Brennan and Prediger’s coefficient =
0.87; continuous variables: average intra-class correlation =
0.99). Further information on the sample selection, the cod-
ing process, and the variables included in the dataset can
be found in the data descriptor (Gummer et al., 2024) and
dataset (von Glasenapp et al., 2024).

3.2 Measures

3.2.1 Dependent Variables

We distinguish between different survey designs catego-
rized with regard to sampling and survey mode. With
respect to sampling, we differentiate between probabil-
ity-based surveys (if each member of the population has
a known and non-zero probability of being selected) and
non-probability-based surveys (if the probability of se-
lection is zero or unknown). Combining the categories
of sampling with the survey mode, we define the fol-
lowing survey design groups: (1) non-probability & web,
(2) probability & web, (3) probability & telephone, and
(4) probability & mixed-mode. Due to their low prevalence
during our observation window and the correspondingly
low case numbers, we combined personal interviews and
paper interviews into a fifth category: (5) probability &
personal interview or (self-administered) paper interview. !

Regarding the dimension of interpretability, we created
an additive index based on five binary variables that re-
flected the availability of information on key survey design
features—target population, concrete sampling procedure,
sample size, date of data collection (at the day level), and
any outcome rate.> Each variable takes the value of 1 if

! This category comprises two very different modes and continues to
have low case numbers. Therefore, the possibilities for interpreting this
category separately in the context of the subsequent correlation analy-
ses are very limited. Although it is included in the following (regres-
sion) analyses, we will not provide an analysis of its content.

2 In addition to these 5 categories, one survey program (with three
surveys) was conducted as a non-probability mixed-mode survey. We
excluded this program from the analysis due to the small number of
observations in this category.

3 The variable “any outcome rate” comprises response rates, comple-
tion rates, break-off rates, and any general information regarding the
proportion of completed interviews. Although not every survey design
allows for the computation of all the rates listed, information on at least
one can be calculated for each survey in our dataset. More detailed in-
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information is available and O otherwise. As a result, the
values of the additive interpretability index lie in the range
between 0 (no information available) and 5 (information on
all considered variables available).

To determine accessibility, we assessed whether and
when first results and survey data were published. We
recorded this variable as the time in months between the
beginning of fieldwork and the publication of first results
or of the dataset. Regarding the accessibility of first results,
we considered any type of publication such as scientific
articles, reports, and summaries on project websites.

3.2.2 Independent Variables

The month of the fieldwork start served as a measure for
assessing calendar time effects and, together with the survey
design (see above), was included as a central independent
variable in the subsequent analyses.

3.3 Methods

To answer RQ1 (“What was the quality of the social science
surveys collected during the COVID-19 pandemic?”), we
provide an overview of each survey quality dimension and
assess how they developed over time between March 2020
and December 2021. Given the different specifications of
each dimension, we applied diverse approaches. To assess
survey designs, we plotted the frequency of survey design
choices across time. Regarding interpretability, we showed
the development of the mean index score, and with respect
to accessibility, we examined the proportion of surveys for
which results or data have been published up to a certain
point in time.

To answer RQ2 (“How were the different dimensions
of survey quality associated with each other during the
COVID-19 pandemic?”), we investigated the relationship
between survey design and the user-centered quality dimen-
sions interpretability and accessibility. For this purpose, we
utilized different regression methods. In all the regression
models, we used the respective data user-centred quality
indicator as the dependent variable, and the calendar time
(i.e., fieldwork start date) and survey design as independent
variables. We built the models stepwise, first only including
the fieldwork start dates and then adding survey design cha-
racteristics. We decided on stepwise modelling to be able
to assess which parts of the variance of data quality was
accounted for by design characteristics. Based on the pro-

formation on the variables can be found in the data descriptor (Gummer
et al., 2024).

perties of the dependent variable, we selected the regression
method.

Regarding interpretability, we used linear models to es-
timate the effects of calendar time and survey design. To
account for the clustering of single surveys in survey pro-
grams, we decided to rely on mixed models.

Regarding accessibility, we utilized (discrete-time) event
analysis models (Singer & Willett, 2003) in which the de-
pendent variable is binary and indicates whether the event
‘publication’ (of the results or data, respectively) occurred
between two time points or not. We estimated the transi-
tion rate using a logit link function. The time that a survey
has already been exposed to the risk of event occurrence
corresponds to the so-called process time. As is typical for
this approach, we included a measure of process time in
all the event-history regression models in addition to the
variables of interest (calendar time and survey design). As
the starting point of process time, we chose the month in
which the fieldwork began. This time ends as soon as a pub-
lication is recorded for the first time. If no publication was
observed by the end of the observation window (in our case
the end of May 2023), the respective survey observation is
right-censored. Regarding the date of the data publication,
we modelled the process time using a linear specification.
With respect to the first publication of results, we modelled
the process time by using a quadratic specification based on
the logarithm of the process time.* Regarding all the event
history regressions, we used mixed models with cluster-ro-
bust standard errors to account for the clustering of single
surveys in survey programs.

3.3.1 Handling of Missing Data

Regarding the surveys included in the SDCCP data, infor-
mation about all the relevant variables was not publicly
available for all the surveys. Consequently, we applied list-
wise deletion and excluded all observations for which no
information was available on the fieldwork start date, sam-
pling, or mode. After deleting cases with missing data (4%
of the original dataset), we were left with 686 surveys.
Likely, this information is not missing at random. Assum-
ing that missing information is linked to lower survey data
quality, listwise exclusion of these cases from the analysis
may lead to an overestimation of survey quality. Further-
more, the accessibility dimension was affected by missing
information (usually concerning the month of publication),
which further restricted the sample sizes for these analyses.

4 We made decisions in favor of these two modelling options based on
a comparison with the unparameterized transition rate and on a com-
parison of the Akaike Information Criterion (AIC) and Bayesian Infor-
mation Criterion (BIC) across different modelling alternatives.
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Consequently, the analyses of the accessibility of results
were based on 483 surveys (an exclusion of 33% of the
original dataset), and the analyses of the accessibility of
data were based on 590 surveys (an exclusion of 18% of
the original dataset).> Survey design groups differ in their
degree of missing information, and these differences seem
to be driven by probability-based telephone surveys—that
when compared to other survey designs—more frequently
lack information on the publication date of results and less
frequently lack information on the publication date of data.

To examine whether our approach of handling missing
information on the date of publication affected our findings,
we conducted robustness checks using additionally the full
dataset. These checks suggest that the main findings are
not significantly biased by the restriction of the dataset. We
provide more details on the robustness check in the Results
section.

3.3.2 Handling of Clustered Data Structure

In our main analytical sample, the 686 surveys are clustered
in 165 survey programs. As in the full dataset, this distri-
bution is skewed (skewness = 4.41) with a mean of 4.15,
and median and mode of 1. The main analytical sample
includes 5 high-frequency survey programs with more than
30 surveys each. Given our goal to evaluate the German
survey landscape with all cases following our definition of
a survey, we decided to not exclude any observations. In-
stead, we acknowledge the clustered structure of our data
through mixed models with clustered standard errors.

4 Results

4.1 Survey Quality of Social Science Surveys During
the Pandemic

Our data showed that among data collections conducted
in Germany between March 2020 and December 2021, the
most frequently used survey design was non-probability sur-
veys conducted in the web mode (48% of all the surveys in
the dataset). The second largest group of survey designs in
our observation period consisted of probability surveys that
utilized the telephone as a survey mode (38%). Only a com-
paratively small proportion of the surveys (less than 10%
each) relied on other modes of probability-based sampling
designs—web, personal/paper, and mixed-mode.

5 The mean and standard deviation regarding the independent variables
based on each of the three analytical samples is provided in the ap-
pendix (Table Al).

Interpretability refers to the information available on sur-
vey design characteristics and survey performance. For our
entire dataset, we found a mean interpretability score of
3.78. Additionally, the majority of surveys (67%) scored 4
or 5 on the interpretability index (range O to 5). In other
words, these surveys provided the larger part of the infor-
mation required for external researchers and data users to
evaluate the survey design features and performance. A no-
table exception to the availability of information is the out-
come rate, which is the least-available component of our
index with only 21% of surveys providing the information.
This is surprising, since outcome rates (of any kind), in
our view, are quite well-known and popular among survey
researchers. Furthermore, there may be a difference in the
reporting standards of outcome rates between probability
and non-probability surveys. While 28% of the probabil-
ity surveys provided information on at least one outcome
rate, only 15% of the non-probability surveys did so. Both
the overall finding on the comparatively low frequency of
outcome rates reporting and the difference by sampling pro-
cedure resembled the results of a study on the quality of re-
porting on survey design in top journals (Stefkovics et al.,
2024).

Regarding the accessibility of first results and survey
data, whether and when (i.e., how quickly) the outputs are
made available to researchers and the public are the deci-
sive factors. Fig. 1 provides insights into the accessibility of
results and survey data across our entire dataset by display-
ing the cumulative probability of the event occurrence (i.e.,
inverted survival functions) of both outcomes as a total and
separately by survey design categories. These graphs reflect
the probability that the event of interest has occurred up to
a particular point in time.

With regard to results, our analyses point to a rapid publi-
cation practice in many cases: for more than half of the sur-
veys (52%), first results already were published within two
months after the start of fieldwork. Within one year after the
fieldwork start, first results had been published for almost
three-quarters of the surveys (74%). For 19% of all the sur-
veys in the entire dataset (not excluding cases with known
publication but an unknown date), however, no results were
detectable at all during the coding process of the SDCCP
dataset used for this analysis. Concerning survey design,
we observed two different patterns of results publication.
First, the group comprising probability telephone surveys,
probability personal interview or (self-administered) paper
interview, and non-probability web surveys resembled the
overall development of rapid as well as an overall high
share of publication. Second, probability web and mixed-
mode surveys published their results at a considerably lower
pace and extent. Overall, the rapid publication of first re-
sults for the majority of the sample is in line with our prior
reasoning that early data collection efforts were stimulated
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a) Accessibility of results (N = 483)
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b) Accessibility of data (N = 590)
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by a high demand for knowledge during an unprecedented
Crisis.

In contrast to the publication of results, the accessibil-
ity of survey data was comparatively slow and started at
a lower level than publishing first results. About 6 months
after the start of fieldwork, however, we observed a sub-
stantial increase in publication activity, which subsequently
declined later. Overall, the data from 14% of all the surveys
were released within 6 months after the start of fieldwork,
while the proportion within 12 months after fieldwork start
was 38%. It is noteworthy that only 64% of the surveys that
started fieldwork between March 2020 and December 2021
had published their data by the time our SDCCP dataset
was coded. Compared to the accessibility of first results
(published by 81% of the surveys), this figure indicated
that during the COVID-19 pandemic, survey data collec-
tion was more focused on generating results than collecting
data for reuse and sharing. However, an analysis by survey
design revealed that this trend was primarily driven by non-
probability web surveys, where only 36% published data.
Among probability-based surveys, the rate of data publica-

tion ranged between 72% for telephone surveys and 88%
for mixed-mode surveys.

Regarding our analysis of the development over time,
the development of the number of surveys over time is pa-
rticularly revealing (Fig. 2). The peak in the first months of
our observed period suggests that a high number of surveys
was fielded at the beginning of the COVID-19 pandemic
in Germany. A possible explanation for this development
was the high demand for data in the early phase of the cri-
sis. As the analysis by survey design indicates, the initial
surge in the number of fielded surveys was mainly driven
by nonprobability web surveys. In contrast, the number of
probability-based surveys remained relatively stable over
the observed period.

Fig. 3 shows how the quality of the surveys developed
over time. Panel (a) shows that the distribution of applied
survey designs varied considerably across time between
March 2020 and December 2021. On the one hand, the
group of non-probability web surveys vastly dominated the
survey landscape in the first months of the pandemic. This
dominance may be related to the comparatively higher flex-
ibility and speed of how such surveys can be implemented
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Number of fieldwork starts over time, N = 686

and fielded. Furthermore, this group of designs also pre-
vailed in December 2020 and 2021, indicating a possi-
ble seasonal effect. On the other hand, probability surveys
gained in frequency over time and reached their highest
prevalence in the first half of 2021. We suspect that the de-
layed emergence of the probability surveys is likely a result
of the setup time required to field these kinds of surveys.

Panel (b) in Fig. 3 shows how the interpretability of sur-
vey data developed over time. Overall, our findings show
that data collected early in the COVID-19 pandemic had,
on average, a lower interpretability score compared to those
collected later. More specifically, the interpretability score
increased considerably from its lowest level in March 2020
to September 2020 and subsequently levelled off at a com-
paratively high level with some fluctuations. The slight in-
verted-U-shaped form that we observed might indicate that
surveys collected at the end of the year also scored lower
in interpretability, thus, providing less information for data
users. In this regard, note that the low scores at the end
of 2021 could merely reflect some variation or seasonal
effects, so that the interpretation as a trend should be ap-
proached with some caution.

The lower panels in Fig. 3 showcase the development
of accessibility regarding results (c) and data (d)S. The for-
mer shows a particularly high propensity for quickly pub-
lishing first results among surveys that started data col-
lection shortly after the outbreak of the pandemic (i.e.,
March and April 2020), with around 50% of those publish-
ing their results. Subsequently, the propensity to publish
quickly decreased between May and October 2020. This
pattern was consistent with the assumption that the onset
of the COVID-19 pandemic and the related demand for
rapid information influenced data producers to publish first
results more quickly. After reaching a low point in Novem-
ber 2020, the propensity to publish results quickly increased
again to a high level for surveys that started data collec-
tion in February to April 2021. This pattern could reflect
a renewed increased need for information that came with
the two successive pandemic infection waves in Germany,
the so-called second wave (approximately October 2020 to
February 2021) and third wave (approximately March 2021

¢ In both analyses, we examined the proportion of surveys for which
first results or data have been published up to a certain point in time.
We considered the second month after the start of fieldwork as the ref-
erence for analyzing the accessibility of first results, since the rapid
availability of findings was particularly important during the COVID-
19 pandemic. For the analysis of data accessibility, the 12th month
served as the reference.
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a) Survey design distribution (N = 686)
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Quality of social science surveys over time

to May 2021) (Schilling et al., 2022). Subsequently, the
propensity to publish decreased towards the end of 2021.

Regarding the accessibility of survey data, Panel (d) in
Fig. 3 shows a positive trend in the propensity to publish
data as the pandemic progressed. Accordingly, surveys that
began their field phase in March to August 2020 showed
a comparatively low propensity to publish data within one
year of data collection, with an overall minimum of 24%
reached by the surveys fielded in April 2020. In contrast,
the publication propensity of surveys that were fielded later
was considerably higher in most months, with the propor-
tion frequently exceeding the 40% mark from August 2021
onwards. Compared to our previous findings on the acces-
sibility of first results, this finding indicates that surveys
conducted early during the COVID-19 pandemic were de-
voted to gaining quick insights, while the later surveys were
more dedicated to producing reusable data.

b) Interpretability (N = 686)
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4.2 Associations Between Dimensions of Survey
Quality

Table 1 details our results regarding the association between
survey design and the user-centred quality dimensions (i.e.,
interpretability and accessibility). For this purpose, we used
the interpretability of the survey data (Models 1 and 2), the
accessibility of results (Models 3 and 4), and the accessi-
bility of survey data (Models 5 and 6) as dependent vari-
ables. In addition to considering the time of data collection
(month of the fieldwork start), we included the survey de-
sign in the models as an independent variable. Models 1, 3,
and 5 served as null models assessing the effect of calendar
time regarding the respective quality dimension.

Applying linear mixed models, we found the inverted-
U-shaped relationship between fieldwork start and inter-
pretability (Model 1), which already was unveiled in Fig. 3.
Using event history models, we could replicate the non-lin-
ear wave-like relationship between fieldwork start and the
accessibility of results (Model 3). Similarly, we were able
to replicate the steadily increasing quadratic concave-down
relationship between fieldwork start and the accessibility of
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data (Model 5) (see Figure A1l in the appendix for a visual-
ization of the predicted values conditional on calendar time
for all the regression models).

Models 2, 4, and 6 provided additional information on
the relationship between survey design and the other two
data user-centred quality dimensions. With respect to in-
terpretability (Model 2), we found that probability surveys
were more likely to provide relevant information compared
to non-probability surveys. These findings are in line with
our expectation that collecting these more costly surveys is
associated with more effort invested in making these data
usable for third parties. Further, our results indicate that

Table 1

especially probability surveys that only relied on the web
mode were able to provide thorough information. Since cer-
tain survey designs (e.g., those with non-probability sam-
pling) are limited in the number of calculable outcome
rates, we conducted a robustness check with a reduced inter-
pretability index excluding the variable “any outcome rate”
(see Table A2 in the appendix for detailed results). Although
the regression coefficients became weaker in the model with
the restricted index, the direction and conclusions were not
affected. The only exception were probability mixed-mode
surveys that no longer showed better interpretability than
non-probability surveys in the restricted model.

Effect of period and survey design on interpretability (Models 1 & 2), accessibility of results (Models 3 & 4), and

accessibility of data (Models 5 & 6).

Interpretability Accessibility of results Accessibility of data
1 2 3 4 5 6
Fixed effects (Survey level)
(Fieldwork start month) 0.502 0.521 -0.015 -0.019 0.095%#* 0.0977#%*
(0.843) (0.810) (0.032) (0.031) (0.030) (0.031)
(Fieldwork start month)? -0.000 —0.000 0.0127%% 0.011%* -0.002 -0.003
(0.001) (0.001) (0.006) (0.006) (0.004) (0.004)
(Fieldwork start month)> — - —0.001%** —0.001%** - -
- - (0.001) (0.001) - -
Survey design (Ref. Non-probability)
Probability & telephone  — 0.245% - 0.241 - 0.633
- (0.145) - (0.384) - (0.488)
Probability & web - 0.798% - -1.309%* - -0.131
- (0.383) - (0.780) - (0.657)
Probability & mixed- - 0.126 - —2.003%%* - 0.635
mode - (0.318) - (0.843) - (1.098)
Probability & personal or — 0.189 - —1.516%* - 2.190*
paper - (0.276) - (0.733) - (1.286)
Constant —178.058 -185.913 —4.864%** —4.537%** —8.675%* —8.669%*
(308.172) (296.251) (0.508) (0.479) (3.403) (3.809)
Random effects (Survey program level)
Variance—constant 0.850 0.735 7.643%%% 6.775%%% 65.624 62.138
0.114) (0.113) (2.064) (1.806) (58.833) (63.863)
Variance—residual 0.099 0.093 - - - -
(0.025) (0.023) - - - -
AIC 851.194 806.325 1795.236 1792.978 2134.869 2134.369
BIC 873.848 847.103 1840.292 1863.781 2193.835 2222.818
N surveys 686 686 483 483 590 590
N observations 686 686 4613 4613 11,740 11,740

Models 1 & 2: b coefficients of linear mixed models. Models 3—-6: mixed logit coefficients of time-discrete event history models. Cluster-robust
standard errors in parentheses. Models 3—6 additionally account for process time (coefficients omitted)

wxkp < 0.01, #%p < 0.05, "p < 0.1
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In general, when comparing Model 1 (without survey de-
sign variables) and Model 2 (with survey design variables),
we found that survey design explained parts of the variance
in the interpretability scores. In other words, surveys with
specific designs varied in how much relevant information
they provided for data use. A Wald test highlighted the role
of survey design as a contributing factor to the variation in
the interpretability scores (F(4,164) = 12.37, p = 0.0148).
The comparison of AIC and BIC information criteria con-
firmed the better predictive fit of Model 2 (with survey
design variables) as compared to Model 1. However, the
residual pseudo R? of 0.074 showed that a large proportion
of variance remains unexplained by the survey-level indica-
tors included in the model and indicated that other factors
might be at play that were relevant for the data producers’
ability or willingness to provide information on the data
collection process.

In terms of accessibility, Model 4 showed that non-
probability web surveys were associated with an increased
propensity to publish results quickly compared to proba-
bility web and mixed-mode surveys. This finding is in line
with our expectation that non-probability samples often are
favoured for rapid result production, since they are easy
to set up and field. However, with regard to publication
propensity, no advantage was found compared to proba-
bility telephone surveys, which seem to provide a proba-
bility alternative with a potential for fast results delivery.
Regarding the accessibility of data (Model 6), survey data
had a higher probability of being published if they were
collected based on a probability telephone or mixed-mode
survey instead of a non-probability sample. However, with
regard to publication propensity, no advantage was found
compared to probability web surveys. In our view, these
findings is a result of the purpose of costly probability sur-
veys conducted (at least partially) in offline modes. Many
of these large-scale efforts either require data publication
due to funding policies or the data collection projects per
se are aimed at collecting and sharing data as a service to
the scientific community (e.g., General Social Surveys).

The finding that the development of results and data ac-
cessibility over time relates to the applied survey design
was confirmed using a Wald test. Survey design proved to
be a predictor variable for both outcomes: accessibility of
results (chi((4) = 15.13, p = 0.0044) and accessibility of
data (chi*(4) = 10.44, p = 0.0337). As described above,
our dataset included surveys with known publication of re-
sults or data, but unknown publication dates. These cases
had to be excluded from the event history analysis of ac-
cessibility. As a robustness check of Models 4 and 6, we
estimated mixed logit models to analyse the association
between survey design and the general likelihood of pub-
lishing results and data (Table A3 in the Appendix). The

conclusions regarding the association with survey design
hold across models.

5 Discussion

We set out to answer two RQs to close a research gap on the
quality of the social science survey data collected during the
COVID-19 pandemic. Overall, our study showcases that the
surveys conducted in Germany between March 2020 and
December 2021 varied considerably in their survey design
and consequently their quality.

Regarding RQ1 (“What was the quality of the social
science surveys conducted during the COVID-19 pan-
demic?”), our study shows that the surveys strongly varied
in their design and quality. Designs that the broader liter-
ature often (but not equivocally) relates to lower accuracy
were used more frequently early in the pandemic compared
to later. Interpretability was lower for surveys fielded early
in the pandemic compared to those fielded later. Our find-
ings for accessibility were ambiguous: surveys conducted
early in the pandemic focused heavily on publishing first re-
sults quickly, but they were less focused on producing data
to share. This relationship shifted, since surveys conducted
later were more inclined to share data. Overall, the quality
of the surveys conducted later during the pandemic can
be considered higher than those of the surveys conducted
early in the pandemic.

Regarding RQ2 (“How were the different dimensions
of survey quality associated with each other during the
COVID-19 pandemic?’), we found that trade-offs were
made with respect to the three quality dimensions we in-
vestigated in our study. Early in the pandemic, researchers
seemed to be focused heavily on quickly obtaining results
and fielding surveys that were operatable under the restric-
tions imposed as a reaction to COVID-19. In consequence,
non-probability web-based surveys were the most promi-
nent survey design used during these times. These survey
projects quickly published results but traded this benefit
for a likely decrease in the accuracy of survey estimates,
and they were less inclined to make the extra efforts of
publishing their data for reuse. Later during the pandemic,
more laborious probability surveys were fielded more fre-
quently. The data obtained by these surveys were published
more frequently and can be assumed to produce estimates
of higher quality. However, these surveys achieved these
beneficial properties at the cost of later fieldwork starts.

Our findings have several implications. First, the general
body of findings on COVID-19 obtained from the data col-
lected early during the pandemic is likely based on surveys
that operated with designs that might have impaired accu-
racy. The lower accessibility of data for replication purposes
of these surveys further worsens the situation. Therefore,
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we recommend that researchers investigating COVID-19-
related topics carefully choose the data of the highest avail-
able quality. For every research project, we further recom-
mend screening the applied research design and reflecting
on its impact on the examined research questions. More-
over, we strongly recommend conducting extensive robust-
ness checks of findings published early in the pandemic
using different existing datasets. Our study shows that data
of good quality is usually available during all periods of the
pandemic.

Second, our study showed that design and data quality
strongly differed across surveys. In our view, it is reason-
able to expect that substantive findings also will vary across
surveys depending on their research design. To explore this
issue further, we urge future research to investigate the dif-
ferences in the substantive measures across the different
surveys. For this purpose, the SDCCP dataset can serve as
a source of information on survey design that can be linked
with individual-level data.

Third, based on our results, we advocate for further ad-
vancing probability-based survey infrastructures that are
quickly available to react to ad hoc demands for data col-
lection (e.g., in term of crises). According to our data, only
a relatively small number of probability-based data collec-
tion efforts were able to be fielded in the months following
the outbreak of the pandemic as compared to the non-prob-
ability surveys. The majority of these probability data col-
lections were existing longitudinal surveys that benefitted
from the established infrastructure and did not have to re-
quire funding or go through the laborious sampling required
for a probability survey sample. Examples of such studies
in Germany are the German Family Panel (pairfam; Gum-
mer et al., 2020), the Mannheim Corona Study based on the
German Internet Panel (Blom et al., 2020), and the SOEP-
CoV survey based on the Socio-Economic Panel (SOEP;
Kiihne et al., 2020). Examples from other countries include
the UK Household Longitudinal Study (Burton et al., 2020)
and the Panel Study of Income Dynamics (PSID) in the
USA (Sastry et al., 2020).

Our study is not without limitations that pose opportuni-
ties for future research or warrant caution when interpreting
our findings. First, we focused on surveys fielded in Ger-
many. We made this decision to keep the context of all
surveys similar. Countries will differ in how surveys can be
and are operated (e.g., due to the availability of population
registers to draw probability survey samples), the general
survey climate of the country, and which restrictions were
put in place as a reaction to the COVID-19 pandemic. We
would welcome a cross-national comparison generalizing
our research design to investigate differences in how sur-
vey practices during COVID-19 differed among countries.
However, we would like to caution that such a research
project will be demanding in terms of coding all the rele-

vant information in different languages. In Germany alone,
as part of the SDCCP project, 686 surveys had to be man-
ually coded.

Second, in our study, we relied on the data available to
the public via data and fieldwork documentations as well as
project websites. We did not interview the data producers
for their intentions or ask why they made certain trade-offs.
Consequently, we were restricted to making assumptions
on their motives or simply describing the status quo of data
collection practices. In our view, detailing what was done
during the pandemic is important by itself, and our findings
also highlight that researchers seem to be driven by time-
varying goals when conducting surveys. We see merit in
investigating the individual researchers’ reasons for design
decisions in more detail, especially if they concern trade-
offs that end in quickly publishing results of low accuracy.
For this purpose, we would recommend surveying data pro-
ducers and appending metadata datasets such as ours with
information obtained from the data producers.

Third, our sample selection procedure relied heavily on
searching archives and lists of surveys; consequently, stud-
ies that published data and results are likely to be overrepre-
sented, and studies that simply collected data and produced
unpublished results remain underrepresented. Nevertheless,
44% of our dataset did not publish results. Considering our
sampling procedure, we argue that our study likely over-
estimates the quality of survey data during the COVID-
19 pandemic, and we expect that the actual quality of all
surveys conducted during this period is even lower.

Fourth, our study did not directly measure one of the
key quality dimensions—accuracy. Although we provided
a summary of the findings on the association between cer-
tain survey design features (survey mode and sampling
procedure) and accuracy, we encourage additional analy-
ses with an empirical assessment of accuracy. Based on our
insights about the different surveys, this endeavour, how-
ever, will involve a fundamental challenge of harmoniz-
ing measures between surveys. Also, the number of similar
constructs that should be harmonized and compared will
likely reduce case numbers and limit statistical power for
analyses. Moreover, we see merit in expanding this anal-
ysis and by differentiating the sampling and recruitment
methods even further. In particular, non-probability surveys
differ in their procedures how to recruit respondents (e.g.,
non-probability river sampling, non-probability online ac-
cess panels, non-probability snowball sampling) and these
differences might have important implications for data qual-
ity. For such a research project, however, more data points
would be required, since convenience samples made up the
majority (84%) of our data. To obtain more data points, we
would recommend either expanding the observation period
by additional years or including data from other countries.
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Fifth, our study did not distinguish surveys by their sub-
stantive focus. Although we assumed all surveys in the
dataset to be broadly pandemic-related (given the eligibility
criteria for fieldwork period and survey type), demand for
data collection and, thus, survey design and data quality,
might differ depending on the substantive focus of surveys.
Future research could examine how survey design and data
quality differed between survey topics (e.g., political at-
titudes and behaviour, values, family surveys, health and
wellbeing) across the pandemic. However, we would like
to note that such fine-grained analyses likely would require
statistical techniques to deal with limited case numbers (i.e.,
low statistical power).

Sixth, we set out to investigate how surveys were done
during the COVID-19 pandemic and how this affected qual-
ity. We did not investigate how survey results affected pol-
icy decisions and whether some surveys had a higher im-
pact than others on political actors or the public debate.
Based on our findings that survey practices and most likely
data quality changed throughout the pandemic, we see merit
in investigating the data-driven decision-making processes
during the COVID-19 pandemic.
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