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1Centre for Social Informatics, Faculty of Social Sciences, University of Ljubljana
2National Institute of Public Health

Web survey paradata refer to the digital traces left by respondents, which can provide valuable insights into
the response process. An exhaustive literature review revealed that web survey paradata have predominantly
been studied in relation to response quality and sometimes also in relation to respondent characteristics
and survey estimates. A broad range of paradata indicators was already employed for these purposes in
the literature. This paper aimed to identify a minimal set of paradata indicators that can be used as general
characteristics of respondents, similar to sociodemographic variables. In the empirical part of the paper,
a comprehensive set of raw paradata for a typical web survey was collected (n = 3,458). Based on the liter-
ature, an initial set of 112 paradata indicators was identified and further reduced through subsequent steps.
Finally, the potential paradata indicators were examined for their statistically significant relationship with
9 response quality indicators, 8 respondent characteristics (including the Big Five personality dimensions),
and 13 survey estimates related to computers and Internet use. The result of this process was a set of 12
key paradata indicators that could serve as a starting point for establishing a standardised set of paradata
indicators, which could potentially augment the web survey response data.

Keywords: web surveys; paradata; smartphones; response quality; data quality; survey
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1 Introduction

The rise of web surveys (Callegaro et al., 2015) has also
increased the importance of web survey paradata, which re-
fer to the digital traces left by respondents in web surveys
(Couper & Lyberg, 2005). Given their usefulness, there is an
evident need for their collection, exploitation and documen-
tation, as indicated in the literature (McClain et al., 2019).
This paper focuses on paradata reflecting respondents’ di-
rect interactions with a survey questionnaire, which primar-
ily replicate the characteristics of respondents’ devices and
their navigation through a questionnaire. The corresponding
paradata can be captured relatively easily as a by-product
of the web survey data collection process (see Callegaro,
2013; Kreuter, 2013). However, the complexity involved in
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preparing and processing paradata may require considerable
resources (Kunz & Hadler, 2020), posing a notable barrier
to their advanced utilisation.

A preliminary literature review (see Vehovar & Čehovin,
2023) indicated that web survey paradata have mainly been
studied in relation to three domains: response quality (e.g.
speeding), respondent characteristics (e.g. personality traits)
and survey estimates (i.e. substantive variables). While dif-
ferent surveys require different sets of paradata, this paper
argues that there may exist a common denominator (i.e.
a standardised set of key paradata indicators) akin to so-
ciodemographic variables (e.g. gender, age and education)
that can be useful for all web surveys because they pro-
vide general characteristics of respondents. Efforts in this
direction may be exemplified by surveys in the CRONOS
panel study (Villar et al., 2018) part of the European Social
Survey, where a specific set of respondent-level paradata in-
dicators was publicly archived for potential integration with
survey response data (European Social Survey, 2018). Ad-
ditionally, similar endeavours can be observed in the GESIS
Panel (Weyandt et al., 2022).
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Given this context, the aim of this paper is thus to iden-
tify a set of key paradata indicators that can augment web
survey response data. Specifically, the intention is to iden-
tify paradata indicators that are robust and straightforward
to compute, making them beneficial for general use in sur-
vey practices. This can be particularly important for re-
searchers who encounter challenges in determining which
paradata to collect. Namely, if paradata are chosen arbitrar-
ily, they might offer little or no value to the corresponding
research. Consequently, the effort and resources dedicated
to collecting and processing them would be wasted. Con-
versely, failing to capture paradata that are functional for
the corresponding research could be an even more impor-
tant problem.

This paper first reviews the literature and conceptual is-
sues. Next, it processes and analyses a comprehensive set of
raw paradata captured in a typical web survey (n = 3458).
Various steps were taken to process the raw paradata, com-
pute the paradata indicators and reduce them. This proce-
dure resulted in a final set of 12 key paradata indicators
that were found to be statistically significantly related to
response quality indicators (RQIs), respondent characteris-
tics or survey estimates. The results are discussed as a step
towards a standardised set of key paradata indicators that
can enrich web survey response data.

2 Background

The literature indicates that web survey paradata can poten-
tially reflect respondents’ underlying behaviour when filling
out web surveys, which we refer to as response style. Some
authors also refer to it as response behaviour (e.g. Greszki
et al., 2015; Höhne & Schlosser, 2019), response pattern
(e.g. Boulianne et al., 2011; Braekman et al., 2020) or re-
sponse optimisation strategy (e.g. Krosnick, 1991, 2018).
There is ample evidence that response styles are associ-
ated with the domains of response quality (e.g. Höhne,
Schlosser, et al., 2020; Zhang & Conrad, 2014), respon-
dent characteristics (e.g. Bowling et al., 2016; Sturgis et al.,
2019) or survey estimates (e.g. Andersen & Mayerl, 2017;
Tzafilkou & Nicolaos, 2018). In this context, web survey
paradata studies have predominantly addressed the domain
of response quality (see Vehovar & Čehovin, 2023). Partic-
ularly critical is the suboptimal performance of respondents
who seek shortcuts to reduce cognitive effort (Tourangeau
et al., 2000), sometimes denoted as survey satisficing (Kros-
nick, 1991) or insufficient effort responding (Huang et al.,
2012). These behaviours often manifest as extreme or mid-
point responses, straightlining, item nonresponse or ran-
dom responding (Roberts et al., 2019), all of which are
aspects that can be inferred from paradata. While these re-
sponse styles are sometimes observable in the substantive

data, paradata such as response times are often used to as-
sess their presence. This is often done with the assumption
that very short or very long response times may indicate
lower response quality (e.g. Horwitz et al., 2017; Kumar
et al., 2022; Matjašič et al., 2018; Revilla & Ochoa, 2015;
Sturgis et al., 2019). In the domain of response quality,
some studies have used paradata to analyse nonresponse
problems, for example, breakoffs (e.g. Galesic & Bosnjak,
2009; Mittereder, 2019) or attrition (e.g. Roßmann & Gum-
mer, 2016), as well as ‘do not know’ answers (e.g. Sturgis
et al., 2019; Turner et al., 2015). Similarly, mouse move-
ment paradata have been used to address respondent cogni-
tive difficulty (e.g. Fernández-Fontelo et al., 2022; Horwitz
et al., 2020; Lenzner et al., 2010) and on-device multi-
tasking (e.g. Höhne, Schlosser, et al., 2020). Paradata from
smartphone sensors, such as accelerometer paradata, have
sometimes been included to study the effects of respon-
dents’ movements on response quality in mobile web sur-
veys (e.g. Höhne, Revilla, et al., 2020; Höhne & Schlosser,
2019). Furthermore, focus-out event detection (i.e. when
a respondent leaves a browser tab or window containing
the web questionnaire) has been applied to detect multi-
tasking, which potentially decreases response quality (e.g.
Sendelbah et al., 2016).

The second domain of web survey paradata studies fo-
cuses on respondent characteristics. In this context, the
standard sociodemographic variables (e.g. age, gender
and education) are frequently addressed in relation to re-
sponse styles (e.g. Conrad, Tourangeau, et al., 2017; Yan &
Tourangeau, 2008; Zhang & Conrad, 2014). Some paradata
studies in the domain of respondent characteristics have
also examined the relationship between personality traits
(e.g. Big Five personality traits) and various aspects of
response styles, such as insufficient effort responding (e.g.
Bowling et al., 2016), satisficing (e.g. Sturgis & Brunton-
Smith, 2023) and panel wave nonresponse patterns (e.g.
Cheng et al., 2020).

The third domain of web survey paradata studies ad-
dresses the relationship between paradata and survey es-
timates. Specifically, it explores whether a particular re-
sponse style, as indicated by paradata, can be linked to
certain survey estimates. In this context, paradata, such as
keyboard and mouse actions, have been used to study neg-
ative emotions (e.g. Hibbeln et al., 2017), subjective am-
bivalence (e.g. Schneider et al., 2015) and self-efficacy,
learning readiness and risk perception (e.g. Tzafilkou &
Nicolaos, 2018). Some paradata studies in the domain of
survey estimates have used mouse movements to predict
emotions (Yamauchi & Xiao, 2018), cognitive impairment
(e.g. Seelye et al., 2015) or correctness of responses (Kumar
et al., 2022). Studies have also used response time paradata
to analyse voting intentions (e.g. Greszki et al., 2015) and
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undesirable attitudes or behaviours (e.g. Andersen & May-
erl, 2017).

3 Defining, capturing and structuring paradata

3.1 Web survey paradata definition

Paradata must be clearly separated from metadata describ-
ing survey characteristics (i.e. general information and fea-
tures of a survey), auxiliary data (i.e. data derived from ex-
ternal sources, such as the sampling frame) (Kunz & Hadler,
2020) and survey data (i.e. respondents’ answers).

The primary focus of this paper is paradata that can be
captured easily from any web survey. As mentioned, the
essential objective is to identify standardised paradata in-
dicators suitable for general usage. Following this aim, we
focus on passively collected web survey paradata, which
are generated automatically with explicit survey-related ac-
tions taken by the respondent. We followed Callegaro et al.
(2015) and denoted these paradata as direct paradata. This
differs from a) indirect paradata, which require external
equipment (e.g. eye-tracking or brainwave-monitoring de-
vices) or external observation (e.g. behavioural coding);
b) prior-survey paradata, which include longitudinal or
panel paradata from previous waves of a survey; c) con-
tact paradata, which involve additional intermediate proce-
dures, such as study-specific preprocessing related to dif-
ferent types of invitations (McClain et al., 2019); and also
from d) the broader notion of passive or non-reactive data
(e.g. Leiner, 2019), which trace actions or behaviours not
only within the survey response window (i.e. direct survey
paradata) but also beyond, such as ambient or sensor data.
This includes movement (e.g. acceleration and motion), lo-
cation (e.g. GPS), light and sound (Hart et al., 2022; Kunz &
Hadler, 2020; Struminskaya et al., 2020). Similarly, direct
paradata are distinct from metered data, another subtype of
passive data collection, which are captured through a spe-
cific application (i.e. a metre) that participants install on
their devices (Bosch & Revilla, 2021).

The typology by Callegaro et al. (2015), based on the
object of description, additionally clarifies that the empir-
ical study in this paper, which deals with direct paradata,
addresses only the (b) device type and (c) questionnaire
navigation paradata:

a. Contact info paradata: Contact attempts (e.g. email invi-
tations outcome)

b. Device-type paradata: Respondent device details (e.g.
type, operating system and screen size)

c. Questionnaire navigation paradata: Respondent progress
through the questionnaire (e.g. response times, mouse
movements and prompts)

Similarly, the classification of paradata proposed by Mc-
Clain et al. (2019), which is based on the phases of the
data collection process, spells out that direct paradata in
this empirical study involve only (d) the response phase:

a. Prior survey paradata: Previous waves in longitudinal
studies or earlier stages of multi-stage surveys (e.g. de-
vice use, missing data and response speed)

b. Recruitment phase paradata: Behaviour surrounding sur-
vey contact attempts and respondent contact with the re-
searcher

c. Access phase paradata: Various attempts by recruited
units to access the web survey (e.g. time from first con-
tact to access attempt and number of access attempts)

d. Response phase paradata: Based on timestamps,
keystrokes, clicks, mouse movements, device charac-
teristics, and more

The reduction in the scope of this paper, as elaborated
by the above discussion of paradata typologies, directly re-
lates to the focus of the empirical study. This reduction
is necessary to address the aim of this study, which is to
establish a set of robust paradata indicators that can be
generally recommended for use in web surveys. As such,
the direct paradata specified through the selected typolog-
ical categories mentioned above are expected to be easily
captured in a standardised manner across virtually all web
surveys.

3.2 Paradata capturing and processing

Direct paradata, hereafter simply referred to as paradata,
can be obtained through the server that hosts the web ques-
tionnaire (i.e. server-side paradata) or on a respondent’s
device (i.e. client-side paradata) (Heerwegh, 2003). Server-
side paradata primarily entail simple or basic paradata (e.g.
pages visited, page timestamps and device characteristics),
and their capturing is often integrated into the web sur-
vey software. These same paradata can also be collected on
the client side. In addition, client-side paradata can include
more advanced paradata, such as keystrokes, mouse clicks,
zooming, scrolling and focus-out events. Their collection
typically requires additional scripts or extensions to the web
survey software (Callegaro, 2013), as well as considerable
data cleaning efforts to prepare the paradata for analysis
(McClain et al., 2019). This includes harmonising different
web browsers, handling missing values, establishing rela-
tional links between different paradata types, dealing with
outliers and handling various sorts of noise (see Kunz &
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Hadler, 2020). After cleaning the raw paradata, additional
processes are needed (e.g. resolving data inconsistencies
and reconciling different paradata types) to aggregate and
calculate meaningful indicators. All in all, the process of
capturing and processing advanced paradata demands con-
siderable resources.

Kaczmirek (2009) described four hierarchical paradata
levels of aggregation:

– Level 1: Records of individual respondent actions (e.g.
timestamps, clicks/taps, zooming, scrolling and entering
answers) related to a given questionnaire element (e.g.
item, question or page)

– Level 2: First-level data aggregated across individual
respondent actions per questionnaire element (i.e. item,
question or page, such as the total number of mouse
clicks on a page)

– Level 3: Second-level data aggregated across respondents
per variable (e.g. item nonresponse per variable) or ag-
gregated across variables per respondent (e.g. mean num-
ber of answer changes per respondent)

– Level 4: Aggregated across variables and respondents,
providing a single value per survey (e.g. mean response
time)

This empirical study began with the collection of raw
paradata related to respondents’ actions (Level 1) and then

Table 1

Direct paradata used in the literature to examine response quality, respondent characteristics and estimates

Paradata domain References

Response quality indicators

Response time Andersen & Mayerl, 2017; Bowling et al., 2016; Callegaro et al., 2009; Cepeda et al., 2021; Conrad et al., 2006, 2007,
2017; Crawford et al., 2001; Fernández-Fontelo et al., 2023; Funke et al., 2011; Galesic & Bosnjak, 2009; Greszki et al.,
2015; Gummer et al., 2021; Gummer & Roßmann, 2015; Gutierrez et al., 2011; Haraldsen et al., 2005; Healey, 2007;
Heerwegh, 2003, 2002; Heerwegh & Loosveldt, 2002; Höhne, Revilla, et al., 2020; Höhne & Schlosser, 2019; Horwitz
et al., 2013, 2017; Huang et al., 2012, 2015; Jenkins et al., 2015; Kaczmirek, 2009; Lenzner et al., 2010; Malhotra, 2008;
Maniaci & Rogge, 2014; Matjašič et al., 2021; Meade & Craig, 2012; Paas & Morren, 2018; Revilla & Ochoa, 2015;
Roßmann & Gummer, 2016; Schneider et al., 2015; Schroeders et al., 2022; Sendelbah et al., 2016; Smyth et al., 2006;
Stern, 2008; Stieger & Reips, 2010; Sturgis et al., 2019; Tourangeau et al., 2004; Wells et al., 2010; Wise & Kong, 2005;
Yamauchi & Xiao, 2018; Yan & Tourangeau, 2008; Zhang & Conrad, 2014

Mouse actions Cepeda et al., 2021; Fernández-Fontelo et al., 2022, 2023; Healey, 2007; Hibbeln et al., 2017; Horwitz et al., 2017, 2020;
Jenkins et al., 2015; Kaczmirek, 2009; Kühne & Kroh, 2018; Schneider et al., 2015; Seelye et al., 2015; Stieger & Reips,
2010; Tzafilkou & Nicolaos, 2018; Yamauchi & Xiao, 2018

Keyboard
actions

Stieger & Reips, 2010; Tzafilkou & Nicolaos, 2018

Device
characteristics

Horwitz et al., 2013; Kaczmirek, 2009; Matjašič et al., 2021; Roßmann & Gummer, 2016; Stieger & Reips, 2010

Multitasking Höhne, Schlosser, et al., 2020; Sendelbah et al., 2016

Respondent
characteristics

Bowling et al., 2016; Cepeda et al., 2021; Cheng et al., 2020; Conrad et al., 2017; Gummer & Roßmann, 2015; Hibbeln
et al., 2017; Seelye et al., 2015; Sturgis et al., 2019; Yamauchi & Xiao, 2018; Yan & Tourangeau, 2008; Zhang & Conrad,
2014

Survey
estimates

Andersen & Mayerl, 2017; Greszki et al., 2015; Gutierrez et al., 2011; Schneider et al., 2015; Tzafilkou & Nicolaos, 2018

focused on second-level aggregation at the respondent le-
vel (Level 3) because the survey data and RQIs were also
organised at the respondent level, which thus represents
a crucial level of analysis.

4 Inventory of paradata indicators

We systematically reviewed the literature on the use of di-
rect paradata. For this purpose, we updated the preliminary
literature review by Vehovar and Čehovin (2023). In total,
57 overlapping references were found, 51 were related to
the response quality domain (44 of them involved response
times), 11 were related to respondent characteristics and
5 were related to survey estimates (Table 1).

The literature review thus provided the basis for the
identified set of initial paradata indicators elaborated on
in Sect. 6.1.

After addressing the considerations above, the main re-
search question can be formulated as follows: What para-
data indicators can comprise a minimal set of key paradata
indicators associated with response quality, respondent cha-
racteristics or survey estimates? It is worth repeating that
the research question is addressed within the context of
paradata indicators that, on the one hand, are relatively easy
to capture and process, while on the other hand, serve in
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a manner similar to sociodemographic variables, i.e. as gen-
eral characteristics of respondents.

5 Data and method

5.1 Study design

Respondents were recruited from the largest Slovenian ac-
cess panel (Valicon, 2022) in January–February 2020. The
data collection process was carried out at the University of
Ljubljana using 1KA software (1KA, 2023) that was addi-
tionally adapted for paradata collection. A total of 11,169
panellists were invited (initial email plus one reminder),
and 4771 clicked on the web questionnaire (participation
rate of 43%). Respondents used their preferred device, with
2516 (54%) responding on personal computers (PCs) and
2128 (46%) on smartphones (SPs). The survey was adapted
for SP completion. Tablet respondents (n = 127) were ex-
cluded because they behaved as a very inconsistent mix
of PC and SP respondents (Peterson et al., 2017), which
blurred the analysis, while their share was far too small
for standalone analysis. Of the remaining 4644 units, 1102
were screened out because they reported very few online ac-
tivities, so they were not eligible for questions about online
behaviour, which represented the bulk of the questionnaire
content. The remaining 3542 respondents reported regular
Internet usage (specifically defined as having shopped on-
line within the past 12 months), 3309 of whom finished the
questionnaire and 233 were breakoffs. Once the respondent
started the survey, the device could not be changed, and
the survey had to be completed in a single session. Soft
reminders were used to prompt respondents to answer all
items, but they were not required to answer all questions
(i.e. no hard reminders). The survey data were weighted
for gender, age, education and region. References to the
data, questionnaire and scripts are cited in the relevant sec-
tions of the paper; they are also summarised in the Online
Appendix, Sect. 1.

5.2 Questionnaire

There were 42 questions (240 items), including 15 grid
questions (158 items), but due to skips (i.e. branching), the
respondents may not have received all questions. Never-
theless, the four grids of attitudinal items, which were used
to calculate certain RQIs, were delivered to all respondents.
Attitudes were measured using five-point ordinal scales and
covered opinions towards online shopping, patterns in In-
ternet use, trust in computers and the Big Five personality
traits (20-item short form; see Donnellan et al., 2006). The

remaining 11 grids addressed the frequency of various on-
line behaviours. The exact wording of all items is provided
in the complete questionnaire (see Centre for Social Infor-
matics & The Samuel Neaman Institute for National Pol-
icy Research, 2021). The median duration of questionnaire
completion was 20.6min.

5.3 Procedures for capturing paradata

Device characteristics and detailed respondent actions were
recorded using client-side JavaScript code (see Berzelak
et al., 2022) integrated into the web survey software (1KA).
The recorded actions appeared as direct output from the
web survey software and were stored in five raw paradata
datasets listed below (see Berzelak et al., 2023). The rows in
these five datasets represent the specific actions taken by the
respondents. Each row included ID variables—i.e. respon-
dent, page, page session number (in cases where a respon-
dent returns to a certain page in multiple sessions), question
item and response ID—and the following comma-separated
values (see Online Appendix, Sect. 2, for technical details):

a. Page sessions: 18 variables, including respondent se-
quence, timestamps and device details (e.g. browser,
operation system and screen size);

b. Events: 10 variables, including event timestamp, ele-
ment type (e.g. typing, clicking, zooming and scrolling),
input value, coordinates, element ID and CSS class (e.g.
radio button and checkbox);

c. Responses: 7 variables, including timestamp, response
type, and response value;

d. Mouse actions: 9 variables, including start and end
timestamps, coordinates and distance travelled;

e. Alert prompts: 10 variables, including alert display and
close timestamp, alert type, trigger, ability for respon-
dents to ignore the alert, alert text and respondent action.

These five raw paradata datasets exhaustively doc-
umented all the essential digital traces resulting from
respondents’ actions while answering the web survey. They
were the basis for calculating the paradata indicators.

5.4 Response quality indicators

The RQIs in this study are based on the work of Alwin
(2007), Ganassali (2008) and Callegaro et al. (2015), en-
compassing measurement errors arising from cognitive
problems (Tourangeau et al., 2000) and selected nonre-
sponse errors. The paper, including the RQIs, does not
encompass measurement errors arising from questionnaire
characteristics, respondent characteristics, socially desir-
able responding, and falsification (e.g. Biemer & Lyberg,
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2003; Groves, 2005). Although these aspects can contribute
to a broader understanding of response quality, they are
not inherent to the regular response process, where respon-
dents are expected to answer survey questions honestly and
accurately without deliberate misrepresentation. No further
conceptual elaboration of response quality is provided here,
but the most typical RQIs were selected from the literature
(e.g. Mittereder, 2019; Roberts et al., 2019; Vehovar et al.,
2022). The empirical study thus included nine frequently
used RQIs calculated at the respondent level (i.e. the same
aggregation level as response data and paradata). See On-
line Appendix, Sect. 7, Table A.13 for descriptive statistics
of RQIs.

The RQIs can be grouped into two sets. The first set
comprises the six direct RQIs, which reflect actual response
quality problems and are therefore of greater importance:

1. Breakoff is a dichotomous characteristic used to describe
respondents who quit (anywhere in the questionnaire) be-
fore finishing it completely (Callegaro et al., 2015).

2. Item nonresponse is expressed as the number of unan-
swered items to which the respondent was exposed di-
vided by the number of all items presented to the respon-
dent.

3. Straightlining, a form of satisficing behaviour (Kim et al.,
2019; Roberts et al., 2019), was calculated as the num-
ber of grids (out of four attitudinal grids) where a re-
spondent’s answers had a standard deviation of zero (i.e.
the respondent selected the same response for all items).
About half of the items in the grid on the Big Five per-
sonality dimensions were reverse worded (see Donnellan
et al., 2006). Missing values were ignored, but only grids
with a minimum of two items answered were considered.

4. Extreme and midpoint responses are also forms of sat-
isficing (Roberts et al., 2019). The shares of extreme
negative, extreme positive (i.e. left-most and right-most
response options) and midpoint responses were iden-
tified for each item in the four attitudinal grids. The
corresponding means were then calculated for each re-
spondent.

5. Instructional manipulation check (IMC) failure indicates
the number of attention failures (e.g. Morren & Paas,
2020; Revilla & Ochoa, 2015). Two fictitious online
stores were included in a grid for online shopping. Re-
spondents failed the IMC if they stated that they had
visited a fictitious online store. They could fail the IMC
one (5%) or two times (4%). Item nonresponse was not
counted as an IMC failure.

6. Outliers were based on Mahalanobis distance (De Maess-
chalck et al., 2000; Peck & Devore, 2012), which de-
tected respondents with very unusual response patterns
(Curran, 2016; Hong et al., 2020) that likely reflected
inconsistent (or even random or blind) responses. The

metrics used variables from the four attitudinal grids;
a higher score indicated less consistent responses. Re-
spondents were identified as outliers if they had statis-
tically significant distance values relative to the corre-
sponding centroid in multivariate space (p < 0.01).

The second set encompasses three indirect RQIs associ-
ated with undesirable response styles that have potentially
negative effects on response quality:

7. Self-reported multitasking can negatively affect response
quality (Sendelbah et al., 2016). Concurrent multitask-
ing included activities that could be done in parallel with
the responding process (e.g. listening to music or watch-
ing TV). Sequential multitasking meant pausing the re-
sponse process due to alternative activities (e.g. visiting
other websites and doing household chores). The num-
ber of reported multitasking activities was calculated for
each respondent.

8. Duration comprised the time spent by the respondents on
all survey questions. A natural log transformation was ap-
plied to the response time values to compensate for skew-
ness.

9. Effort and burden were based on self-reported scores
(five-point scale) to two questions: 1) ‘How much did
you work at providing the most accurate answers you
can to the questions in this survey?’ and 2) ‘How burden-
some was it to complete this survey?’ Effort and burden,
though related, are two distinct measures of the concep-
tual dimension related to the perception of questionnaire
difficulty. They are thus treated separately in the anal-
ysis, although they are addressing the same concept of
questionnaire difficulty.

5.5 Respondent characteristics

Respondent characteristics included three standard sociode-
mographic variables—age, gender and education—and five
variables representing the Big Five personality traits (i.e.
extraversion, agreeableness, conscientiousness, neuroticism
and openness [also called imagination]) calculated from
20 items (see Donnellan et al., 2006). Age and gender are
used here for illustration rather than primary focus. When
precise age and gender data are available from the survey
or auxiliary sources, corresponding estimates from paradata
are redundant. Nonetheless, exploring the associations with
paradata serves multiple potential purposes. For example,
understanding this correlation is valuable when respondent
information is missing or inaccurately recorded. Such anal-
ysis also contributes to assessing the predictive power of
paradata.
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5.6 Survey estimates

Regarding survey estimates, it is important to acknowl-
edge that the empirical study specifically focused on re-
spondents’ activities on the Internet. However, it should be
noted that the pattern of Internet activities is often asso-
ciated with various other substantive and methodological
issues, including survey participation (Bottoni & Fitzger-
ald, 2021). Thirteen typical survey estimates from this sur-
vey were chosen for further analysis, seven of which were
related to Internet use (see Online Appendix, Table A.15)
and six to general trust in computers (see Online Appendix,
Sect. 9, Table A.15). Due to the different contexts addressed
by these two sets of estimates, they were observed, analysed
and interpreted separately.

6 Results

6.1 Selection, computation and reduction of paradata
indicators

The literature (Sect. 4) served as a starting point for the
identification of paradata indicators. The exceptions—which
were already excluded when capturing the corresponding
raw paradata (Sect. 5.3)—were a few highly specific para-
data indicators that appeared only in single research studies
and were also extremely complex to capture and process.
Examples include the angular velocity of the mouse pointer
(e.g. Cepeda et al., 2021), time elapsed between key press
and key release (e.g. Tzafilkou & Nicolaos, 2018) and
detailed mouse movement trajectories (e.g. Fernández-
Fontelo et al., 2022).

In addition, the screen resolution paradata (i.e. width,
height, pixel ratio), which were captured and included
among the raw paradata (Sect. 5.3), served exclusively
for describing device characteristics and identifying device
type. These attributes (along with associated events such as
zoom changes and window resizes) underwent no separate
processing due to intricate technical challenges. Specifi-
cally, the integration of device type, screen size, browser
type, scaling settings, and other specifics of respondent’s
device settings proves extremely complex. To our knowl-
edge, no evidence exists to support the value of such an
endeavour, and existing literature presents no solution.
Earlier research addressed only screen resolution chal-
lenges related to varying questionnaire appearance across
devices (Horwitz et al., 2013), differences in survey code
presentation across browsers (Kaczmirek, 2009), capturing
mouse data to account for resolution differences (Jenkins
et al., 2015), and detecting respondents’ browser window
maximisation (Stieger & Reips, 2010). To our knowledge,

no study connected standalone screen resolution indicators
to response quality, respondent characteristics, or survey
estimates. Nonetheless, as mentioned, the screen resolution
paradata remain useful (as used here) for device identifica-
tion, distinguishing between PCs and SPs.

After the literature review (Sect. 4) and above step of
preliminary considerations (i.e. omission of some paradata),
the first step in determining the paradata indicators involved
establishing a set of 112 initial paradata indicators. For
their calculation, a Python script (Berzelak et al., 2022)
was used to process the raw paradata (Sect. 5.3). The 112
initial paradata indicators were defined at different levels
of aggregation (i.e. 8 at the item, 7 at the question, 29 at
the page and 68 the at respondent levels) and could be
structured into nine categories: questionnaire length, device,
page navigation, responses, window focus, inactivity, clicks
and pointer actions, page display and validation prompts
(see Online Appendix, Sect. 5, Table A.9).

In the second step, the 112 initial paradata indicators
were subject to careful inspection (i.e. expert evaluation)
and correspondingly reduced based on seven potential ex-
clusion criteria: redundancy (i.e. not providing substantial
added value compared to another indicator), data quality
or availability issues (i.e. high noise levels), very low pre-
dictive value (i.e. based on the literature), availability of
a more accurate or relevant measure (i.e. in another indi-
cator), not being relevant as a predictor (i.e. according to
literature) and aggregation of an indicator to another level
(e.g. the page-level indicator total number of page number
pageviews was aggregated into a respondent-level indicator
total number of pageviews). Three co-authors of the paper
independently proposed and iteratively evaluated the initial
112 paradata indicators; the outcome is described in the last
two columns of Table A.9 (Online Appendix, Sect. 5). This
reduction process resulted in 29 paradata indicators, which
were all aggregated to the respondent level (Table 2). It is
worth noting that the 83 excluded paradata indicators (out
of 112) were also highly specific and outside the scope of
general usage in web surveys; they were rarely found in the
literature and mainly appeared in single research studies
with an extremely narrow focus.

The purpose of the third step was to further refine the se-
lection process by closely analysing the remaining 29 para-
data indicators for any overlap and eliminating any redun-
dant indicators that may have been present. In cases where
an indicator was conceptually very similar, highly corre-
lated and substantially less relevant than another existing
indicator, it was removed and replaced. Three co-authors
implemented the above criteria and conducted the evalua-
tions independently. Subsequently, they reached a consen-
sus on the outcomes (see Online Appendix, Sect. 3). As
a result, 15 of the 29 paradata indicators were eliminated
because they could be substituted by a similar but more
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Table 2

The 29 respondent-level paradata indicators and the reduced set of 14 paradata indicators

# Paradata indicator name
Selected for further
processing

Selected for key paradata
indicators

1 Total number of pageviews No; replaced by #3 –

2 Total number of page visits No; replaced by #3 –

3 Total number of pages visited Yes Yes

4 Number of repeatedly visited pages Yes Yes

5 Duration Yes Yes

6 Duration adjusted for focus-out No; replaced by #5, #29 –

7 Total number of branching items omitted Yes Yes

8 Type of device Yes Yes

9 Device brand No; replaced by #8 –

10 Device model No; replaced by #8 –

11 Device touch capability No; replaced by #8 –

12 Browser No; replaced by #8 –

13 Browser version No; replaced by #8 –

14 Operating systema Yes Yes

15 Operating system version No; replaced by #8, #14 –

16 Total number of responses provided in the questionnaire Yes No; high multicollinearity

17 Total number of answer changes Yes Yes

18 Total number of items with answer changes No; replaced by #17 –

19 Total number of validation prompts No; replaced by #20 –

20 Total number of item nonresponse prompts Yes Yes

21 Total number of clicks Yes No; high multicollinearity

22 Total number of excess clicks (i.e. total clicks minus clicks needed to
complete certain action)

Yes Yes

23 Mouse pointer movement duration No; replaced by #24 –

24 Mouse pointer movement distanceb Yes Yes

25 Mouse pointer movement speed No; replaced by #22 –

26 Total number of pages with orientation change No; replaced by #8 –

27 Total number of focus-out events No; replaced by #28 –

28 Total number of focus-out events (longer than five seconds) Yes Yes

29 Total focus-out duration Yes Yes

Some manuscripts are associated with multiple paradata domains.
a Effects found for SP, not for PC
b Measured only for PC, not for SP

relevant indicator, as indicated in the second column of
Table 2. This led to a reduced set of 14 paradata indicators.

In the fourth step, the 14 paradata indicators were used as
predictors (i.e. independent variables) in the 34 multiple re-
gression analyses, where the dependent variables were each
from the three domains: 13 RQIs, 8 respondent characteris-
tics and 13 survey estimates (see Sect. 5). All 14 indicators
showed at least some correlation with dependent variables
from the three domains; however, multicollinearity with de-
pendent sets of variables was detected for the total number

of responses (#16, Table 2) and total number of clicks (#21,
Table 2), which were therefore removed. Multicollinearity
was considered problematic if the variance inflation factor
(VIF) exceeded 5, indicating that highly correlated predic-
tors would not be suitable for inclusion in the model. We
thus ended up with 12 key paradata indicators listed in
Table 2, which were included in the freely available dataset
(Vehovar et al., 2023b) and code (Vehovar et al., 2023a).

The key paradata indicators were otherwise interlinked
with complex multivariate correlation patterns (see Online
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Appendix, Sect. 6, Tables A.10–A.12). Interestingly, the
total number of pages visited (#3, Table 2) and the total
number of branching items omitted (#7) did not show no-
table multicollinearity. This is perhaps because engaging
in fewer online activities resulted in the respondent being
exposed to fewer items, although not necessarily to fewer
pages (i.e. non-displayed items were concealed within the
corresponding grid, which was located on a page still vis-
ited by the respondent). For instance, if the respondent did
not indicate visiting the website of a specific store in a pre-
vious question, the item about online shopping in that store
would not have been shown, although the corresponding
page (with other items) would have been shown. It should
be added that the total mouse pointer movement distance
(#24, Table 2) data were only available for PCs, as SPs
do not use a pointer, while the analysis revealed that op-
erating system (#14) was relevant only on SPs but not on
PCs, where the effects were negligible. Therefore, these two
paradata indicators were excluded from the main analysis
of key paradata indicators (Sects. 6.2–6.4), where regres-
sions required a complete set of paradata indicators. They
are analysed and discussed separately in Sect. 6.5.

6.2 Key paradata indicators and response quality
indicators (RQIs)

Sects. 6.2–6.4 utilized a narrow set of 10 key paradata in-
dicators. Sect. 6.5 included additional analyses for the total
mouse pointer movement distance (available only for PCs)
and operating system paradata indicators (relevant only for
SPs). In this section, a set of 10 key paradata indicators
was used to analyse their association with RQIs. Therefore,
each RQI was included as a dependent variable in a se-
ries of 13 regression analyses where the paradata served
as predictors; each model also controlled for all respon-
dent characteristics (i.e. age, gender, education and the Big
Five personality traits) to improve the generalisability of
the results and minimise confounding effects. The results
(in Table 3) show that all paradata indicators were statis-
tically significantly associated with at least one RQI. Sta-
tistical analyses, including binary logistic regression and
linear regression, were conducted using IBM SPSS soft-
ware version 28. Due to the sufficiently large sample size
and the limited number of paradata indicators, there was no
need for additional data reduction techniques (e.g. Sharma,
2019).

The device type (i.e. SP) was associated with less con-
current multitasking (i.e. standardised beta coefficient of
–0.070, p < 0.001), less sequential multitasking (i.e. stan-
dardised beta coefficient of –0.076, p < 0.001), longer dura-
tion (as expected; standardised beta coefficient of 0.104, p <
0.001), and additional extreme responses (i.e. standardised

beta coefficients of 0.057 and 0.042, p < 0.01 and p < 0.05).
The value of –0.070 related to concurrent multitasking rep-
resents a standardised beta coefficient derived from mul-
tiple linear regression. It signifies the expected change in
the number of concurrent multitasking activities for a one-
unit shift in the independent variable (specifically, transi-
tioning from a PC to an SP), while accounting for other
variables in the model. The negative coefficient thus indi-
cates that switching from a PC to an SP is associated with
a decrease in the number of concurrent multitasking activ-
ities by 0.070. Additionally, descriptive statistics (Online
Appendix, Sect. 7, Table A.13) show that the mean num-
ber of concurrent multitasking activities in the study was
0.22. A decrease by 0.070 thus signifies that the number of
concurrent multitasking activities drops by approximately
32% on average when transitioning from a PC to an SP. For
sequential multitasking, the coefficient of –0.076 indicates
that switching from a PC to an SP is associated with a de-
crease in the number of multitasking activities by 0.076,
or by 36% on average. For duration (refer to Sect. 5.4),
the coefficient of 0.104 suggests that shifting from a PC
to an SP raises the natural log-transformed survey duration
by 0.104. If the median duration of 20.6min were natural
log-transformed and increased by 0.104 (i.e. e0.104), this re-
sults in a duration of approximately 22.9min, indicating an
increase of about 2.3min or 11% when transitioning from
a PC to an SP. Regarding additional extreme responses, the
coefficients of 0.057 (for extreme positive responses) and
0.042 (for extreme negative responses) indicate that tran-
sitioning from a PC to an SP approximately doubles the
average number of extreme positive responses across the
four attitudinal grids, while increasing the average number
of extreme negative responses by about a third across these
grids.

A greater number of focus-out events was associated with
more concurrent and sequential multitasking and longer
duration. A longer focus-out duration was associated with
longer duration and more sequential multitasking, but also
a higher level of respondent burden and breakoffs. Longer
duration was associated with a greater amount of sequen-
tial multitasking and fewer IMC failures, thus reflecting
more attentive (and slower) respondents. In addition, an
increase in the duration was also associated with fewer ex-
treme positive responses. An increase in the number of item
nonresponse prompts was associated with more straightlin-
ing, more IMC failures and a higher item nonresponse rate.
A greater number of excess clicks was associated with more
concurrent multitasking and a lower score for self-reported
effort, which may reflect less attentive respondents.

A greater number of branching items omitted was associ-
ated with less straightlining, less concurrent and sequential
multitasking and fewer IMC failures, as well as additional
outliers and extreme negative responses. A greater number
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of pages visited was expectedly associated with longer dura-
tion and a higher level of self-reported effort and burden. In
addition, this was related to a lower item nonresponse rate
and less straightlining. Because the analysis revealed no ad-
verse effects, such as outliers or breakoffs, associated with
increased page visits, it suggests that more visits signify
greater attentiveness and motivation among respondents.
This aligns with the survey’s branching, as ICT-oriented
respondents were expected to encounter more pages.

While a greater number of repeatedly visited pages was
associated with a higher item nonresponse rate and addi-
tional extreme positive responses, it was also related to
longer duration (as expected), a higher level of self-reported
effort and fewer IMC failures. A greater number of answer
changes was associated with additional outliers, additional
extreme responses, longer duration and a greater level of
self-reported burden but less item nonresponse.

6.3 Key paradata indicators and respondent
characteristics

Each of the eight respondent characteristics (Table 4) was
used in the regression analysis as a dependent variable,
while 10 key paradata indicators served as predictors. Each
model was also controlled for the remaining respondent
characteristics (i.e. seven out of eight characteristics, ex-
cept for the characteristic used as the dependent variable) to
avoid confounding effects and provide generalisability and
control. Having respondent characteristics (e.g. gender) as
dependent variables may challenge the conventional prin-
ciples of causality, as gender, for example, can potentially
influence the response style reflected in paradata, while the
reverse is not possible. However, in this context, we esti-
mate the likelihood that a respondent had certain personal
characteristics (e.g. being female) based on available para-
data indicators. Therefore, the corresponding model needed
to be oriented in the opposite direction. The results (Table 4)
showed that, except for number of excess clicks and num-
ber of repeatedly visited pages, all key paradata indicators
had statistically significant associations with at least one
respondent characteristic. However, there were somewhat
fewer effects observed with the Big Five personality traits.

The device type (i.e. SP) was associated with gender,
with SP users more likely to be female than male (i.e.
odds ratio of 2.22, p < 0.001), as well as with lower age,
a lower education level—which is not surprising due to
the lower age of SP respondents—and greater extraversion.
A greater number of focus-out events was also associated
with lower age. A longer focus-out duration was associated
with lower age, a higher education level and higher scores
for agreeableness, neuroticism and openness. Longer du-
ration was associated with higher age. An increase in the

number of item nonresponse prompts was also associated
with higher age and a lower education level. A greater num-
ber of branching items omitted was associated with higher
age, a lower education level and lower scores for extraver-
sion and openness. A greater number of pages visited was
associated with a higher conscientiousness score. A greater
number of answer changes was associated with lower age,
a higher education level, and a lower conscientiousness
score.

6.4 Key paradata indicators and survey estimates

Each of the 13 survey estimates (i.e. seven estimates on
Internet use and six estimates related to trust in computers)
served as dependent variables in the regression analyses,
where 10 key paradata indicators were used as predictors.
Again, all respondent characteristics were controlled for.

The analysis of seven estimates, which addressed Inter-
net use (Table 5), revealed that the device type (i.e. SP) was
associated with increased Internet usage frequency, a higher
utilization of SPs and smart TVs for web browsing, reduced
reliance on PCs for web browsing and greater use of SPs
for personal purposes. A greater number of focus-out events
was associated with a lower utilization of smart TVs for
web browsing. A longer focus-out duration was associated
with a higher utilisation of tablets and smart TVs for web
browsing. Longer duration was associated with a greater
use of PCs for web browsing. An increase in the number of
item nonresponse prompts was associated with a lower fre-
quency of Internet usage and reduced reliance on PCs and
smart TVs for web browsing. A greater number of excess
clicks was associated with a lower utilization of smart TVs
for web browsing. A greater number of branching items
omitted was associated with a lower frequency of Internet
usage, reduced utilization of PCs, SPs, tablets and smart
TVs for web browsing, as well as decreased use of SPs for
personal purposes. A greater number of pages visited was
associated with reduced utilization of PCs for web brows-
ing. Moreover, a greater number of repeatedly visited pages
was also associated with reduced reliance on PCs for web
browsing; additionally, it was associated with an increased
frequency of Internet usage. A greater number of answer
changes was associated with a lower frequency of Internet
usage.

The analysis of six estimates focusing on trust in comput-
ers (Table 6) showed an association between the device type
(i.e. SP) and reduced trust in spelling and grammar check
functions. In contrast, a greater number of focus-out events
was associated with higher trust in spelling and grammar
checks. A longer focus-out duration was associated with
higher trust in playlist selection. Longer duration was asso-
ciated with reduced trust in spelling and grammar checks.
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An increase in the number of item nonresponse prompts
was associated with reduced trust in best route selection in
a GPS navigation app while driving and higher trust in the
diagnosis of medical status by an AI system. A greater num-
ber of branching items omitted was associated with reduced
trust in functions related to spelling and grammar checks,
playlist selection, best route selection in a GPS navigation
app while driving, autonomous driving of a motor vehicle
and diagnosis of medical status by an AI system. A greater
number of pages visited was associated with reduced trust
in functions related to autocompletion of text, spelling and
grammar checks and autonomous driving of a motor vehicle
and higher trust in best route selection in a GPS navigation
app while driving. A greater number of repeatedly visited
pages was associated with increased trust in autocompletion
of text and playlist selection functions. A greater number
of answer changes was associated with increased trust in
autocompletion of text.

It could be observed that a greater number of branch-
ing items omitted was statistically significant across nearly
all models presented in Tables 5 and 6. Furthermore, these
associations showed diminished trust ratings across all six
estimates in Table 6. This is not surprising, as respondents
subjected to a reduced item count due to branching partic-
ipated in fewer activities related to Internet use, potentially
exhibiting in decreased confidence in technology. This issue
is addressed in the discussion.

6.5 Specifics of PCs and SPs

In addition to the above 10 indicators, which apply to both
PCs and SPs, separate analyses were performed for the total
mouse pointer movement distance (available only for PCs)
and operating system paradata indicators (relevant only for
SPs). An increase in the mouse pointer movement distance
(Online Appendix, Sect. 4.1, Tables A.1–A.4) was signif-
icantly associated with lower straightlining (standardised
beta coefficient of –0.07, p < 0.01) and longer duration
(0.11, p < 0.001), suggesting the increased attentiveness of
the respondents. However, as a statistically significant im-
pact was only detected for 2 out of 13 RQI variables, the
associations between mouse pointer movement distance and
RQIs were relatively weak. Regarding respondent charac-
teristics, an increase in the mouse pointer movement dis-
tance was significantly associated only with increased age
(0.16, p < 0.001), signalling that older respondent covered
a longer total distance with the pointer, which might re-
flect specific patterns characteristic of older respondents
(e.g. moving the pointer while reading, more hesitation and
less impulsive responding). However, this might also reflect
more frequent use of larger screens or some other screen
resolution specifics. In addition, mouse pointer movement

distance had no statistically significant association with any
of the 13 survey estimates. All in all, the mouse pointer
movement distance acted as a relatively weak paradata in-
dicator.

The operating system was analysed only for SPs, while
its effects on PCs were negligible. In terms of the RQIs,
the iOS operating system (Online Appendix, Sect. 4.2, Ta-
bles A.5–A.8) was associated with fewer extreme positive
responses (standardised beta coefficient of –0.07, p < 0.05)
and higher perceived burden (0.09, p < 0.01), suggesting
that iOS respondents were slightly more attentive. For re-
spondent characteristics, the iOS operating system was ex-
pectedly associated with younger age (beta of –0.18, p <
0.001) and the female gender (odds ratio of 1.52, p < 0.05),
as well as lower agreeableness (beta of –0.07, p < 0.05).
This is consistent with some studies that showed similar
differences in personality between users of different SP op-
erating systems (e.g. Ang et al., 2018; Götz et al., 2017). Re-
garding the estimates, the iOS operating system was signif-
icantly associated only with increased odds of using a com-
puter to browse the web (odds ratio of 3.13, p < 0.01) and
lower trust scores for selecting a playlist function (beta of
–0.07, p < 0.05).

7 Discussion

The main research question (Sect. 4) was related to the
search for the minimal set of key paradata indicators asso-
ciated with response quality, respondent characteristics or
survey estimates while remaining practical enough for gen-
eral usage. For this purpose, a list of 112 initial paradata
indicators was established based on relevant literature and
was subsequently subjected to reduction process to finally
yield 12 key paradata indicators, 10 of which were related
to both PCs and SPs. Regression analysis was used to sys-
tematically investigate the association between the paradata
indicators and 13 RQIs, 8 respondent characteristics and
13 survey estimates related to Internet usage and trust in
computers. Fig. 1 summarises the results.

All 10 paradata indicators were statistically significantly
associated with at least some dependent variables; however,
there were notable differences (see Fig. 1). On the one hand,
the number of branching items omitted was significantly as-
sociated with almost all dependent variables in both sets
of survey estimates (i.e. 100% of 7 variables and 83% of
6 variables), as well as 6 of 13 RQIs (i.e. 46%) and 4 of
8 respondent characteristics (i.e. 50%). A greater number
of associations were also observed for device type and num-
ber of pages visited. Conversely, the number of excess clicks
was significantly associated with only 2 out of 13 (i.e. 15%)
RQIs and almost none of the respondent characteristics or
survey estimates.
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Fig. 1

The share (%) of the number of variables—among the total number of 13 RQI variables, 8 respondent characteristics,
7 estimates about Internet use and 6 estimates about trust in computers—that were statistically significantly (p < 0.05)
associated with the corresponding paradata indicator († denotes possibility of server-side paradata capturing)

7.1 Patterns of interpretation

Based on the interpretations in Tables 3, 4, 5 and 6, four
general patterns can be observed. The first general pattern is
that the number of branching items omitted had significant
associations with a large number of dependent variables
(see also the peak shares in Fig. 1). Namely, the higher val-
ues indicated lower engagement in online activities, which
is directly related to lower Internet usage and indirectly to
lower trust in computers and sociodemographic variables
(i.e. higher age and lower formal education) (cf. Alzahrani
et al., 2017). Of course, this effect could only appear when
questionnaire branching was related to computer skills and
Internet usage (i.e. less intensive Internet users were ex-
posed to fewer questions). Therefore, while this indicator
was formally based on paradata, it did not reflect the respon-
dents’ response styles but rather the questionnaire content,
structure and logic. If the aim is to include only the para-
data indicators that reflect response style, then this indicator

should be moved to the set of covariates. This was done in
Figure A.1 (see Online Appendix, Sect. 4.3) as a replication
of Fig. 1 but without the number of branching items omitted
as a paradata indicator, which was instead treated as a co-
variate (in a similar fashion to sociodemographic variables).
However, presenting Figure A.1 without this paradata indi-
cator does not affect the relationships and findings related
to other key paradata indicators. Nevertheless, the presence
of the number of branching items omitted in Fig. 1 illus-
trates the confounding role of the paradata indicators in
situations where the questionnaire logic is correlated with
the substantive content of the survey.

The second general pattern is related to the different lev-
els of associations between the paradata indicators and the
sets of dependent variables. Namely, all 10 paradata indica-
tors were associated with RQIs moderately and evenly (i.e.
between 15 and 45%) as indicated by dot chart markers
with star symbols in Fig. 1. Conversely, the other three sets
(i.e. respondent characteristics, estimates on Internet use
and trust in computers) showed a much more unbalanced
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pattern. This is particularly true for the two sets of sur-
vey estimates, where the number of branching items omitted
stood out notably for both sets (i.e. exceeding 80% share in
Fig. 1). Additionally, device type stood out within Internet
use and the number of pages visited stood out within Trust
in computers (the corresponding shares in Fig. 1 approxi-
mating 70% or higher). Regarding respondent characteris-
tics, besides the number of branching items omitted, only
three paradata indicators showed somehow higher shares
(i.e. close to 40% or above) of statistically significant as-
sociations: focus-out duration, device type and number of
answer changes.

The third general pattern is related to the respondent
characteristics. The three sociodemographic variables (gen-
der, age and education) showed the expected associations
with the paradata indicators, particularly age (e.g. longer
duration). Regarding the Big Five personality traits, some
respondents were prone to faster and sometimes less care-
ful responses, leading to lower response quality (Table 3),
which is sometimes positively related to conscientiousness
(see Table 4). These results confirm some other findings
regarding the relationship between satisficing and consci-
entiousness (e.g. Sturgis et al., 2019). It is worth noting
that the observed relationship between paradata indicators
and age (e.g. the number of answer changes in Table 4)
and known correlations between age and personality, as de-
tected by prior psychology research (e.g. Donnellan & Lu-
cas, 2008; Wortman et al., 2012), may have also resulted in
the relationship between some paradata indicators and per-
sonality dimensions. Specifically, extraversion, neuroticism
and openness tend to decline with age (e.g. Donnellan &
Lucas, 2008; Wortman et al., 2012). However, it is impor-
tant to note that in this paper, we did not directly investigate
the relationship between sociodemographic variables (in-
cluding personality traits) and RQIs because this is beyond
the scope of the study. For reference, prior studies have
been conducted on the relationship between personality di-
mensions and response style in surveys (e.g. Hibbing et al.,
2019)—and more broadly between personality dimensions
and other respondent characteristics (e.g. Donnellan & Lu-
cas, 2008; Marsh et al., 2013; Roehrick et al., 2023)—but
direct paradata were not included in those studies.

The fourth pattern is related specifically to response qual-
ity, which is by far the most studied domain in web survey
paradata research. Our results were mostly consistent with
the literature, particularly with respect to the negative im-
pact on response quality arising from SP device type (e.g. de
Leeuw & Toepoel, 2017; Fisher & Bernet, 2014; Mittereder,
2019; Vehovar et al., 2022), number of focus-out events (e.g.
Höhne, Schlosser, et al., 2020; Sendelbah et al., 2016) and
longer duration (e.g. Gummer & Roßmann, 2015; Matjašič
et al., 2018; Vehovar et al., 2022). Within the response
quality context, it is surprising that certain paradata indica-

tors—particularly the number of item nonresponse prompts,
the number of excess clicks and focus-out duration—had
relatively weak associations with RQIs. For PC users, this
was true also for mouse pointer movement distance.

It is important to reiterate that the first pattern was spe-
cific to the study, as more intensive Internet users (due
to branching) were exposed to a greater number of pages
and questionnaire items. Consequently, a greater number of
associations emerged between the study-specific estimates
(i.e. Internet use and trust in computers) and the correspond-
ing paradata indicators (i.e. number of pages visited and
number of branching items omitted). However, this pattern
can manifest in any study where questionnaire branching
relies on Internet use, and survey estimates are (indirectly)
associated with Internet use. Yet, the remaining three pat-
terns discussed above are more prevalent and can generally
be anticipated in studies.

7.2 Practical considerations

The 12 identified paradata indicators can enhance response
data and be archived alongside response data, providing
valuable insights into response quality, respondent charac-
teristics and survey estimates. Furthermore, the paradata
indicators can be aggregated for additional analysis. For ex-
ample, clustering analysis could be performed on the para-
data indicators to improve the identification and utilisation
of sociodemographic segments.

The aim of this study was not only to determine the mini-
mal set of key paradata indicators but also to identify robust
and easily captured indicators potentially suitable for gen-
eral usage. Achieving the latter in survey practice can be
relatively straightforward only for paradata indicators that
can be potentially captured at the server-side, which include
the number of pages visited, number of repeatedly visited
pages, duration, number of branching items omitted, device
type and operating system (i.e. the paradata indicators #3,
#4, #5, #7, #8, and #14 in Table 2). These paradata indica-
tors are also denoted in Fig. 1. Still, the overview of 77 web
survey software tools that provide a readily available trial
version in the English language (see Vehovar et al., 2021)
showed that, by default, the majority of software provided
very few server-side paradata indicators. At most, they pro-
vided the following: (i) an indicator of the completeness
level of the questionnaire, (ii) device paradata string (e.g.
device type, browser, operating system and screen resolu-
tion), (iii) timestamps at page level and (iv) overall dura-
tion. The lack of more systematic and extensive server-side
paradata integration into the web survey software perhaps
also reflects the perception that—from the perspective of
users and software providers—the anticipated usefulness of
paradata indicators is generally low.



242 VASJA VEHOVAR, NEJC BERZELAK, GREGOR ČEHOVIN

Integrating the collection of client-side paradata into web
survey software is not typical, as this requires the use of
specialised client-side scripts. The client-side paradata in-
dicators, namely the number of answer changes, number of
item nonresponse prompts, number of excess clicks, mouse
pointer movement distance, number of focus-out events and
focus-out duration (i.e. paradata indicators #17, #20, #22,
#24, #28, and #29 in Table 2), all require complex paradata
capturing and processing. Various procedures exist, rang-
ing from more general (e.g. Berzelak et al., 2022; Heer-
wegh, 2003; Höhne, Schlosser, et al., 2020; Kaczmirek &
Neubarth, 2007) to highly specialised, such as those ad-
dressing very detailed mouse movement (e.g. Peng & Os-
tergren, 2016). While some advanced web survey software
tools capture and integrate some types of client-side para-
data, such as the time stamp for when an item was an-
swered within a survey page, they still fail to capture and
integrate all the necessary paradata needed to calculate key
paradata indicators, such as focus-out events (e.g. Höhne &
Schlosser, 2018).

In any case, the existing state of paradata integration
in web survey software presents an opportunity to im-
prove paradata collection and facilitate the establishment
of a standardised set of paradata indicators. Due to potential
challenges in obtaining client-side paradata indicators, it is
worth noting that the utilisation of only the six server-side
paradata indicators highlighted in this study can already be
highly beneficial. Specifically, these indicators accounted
for most of the explained variance in 31 out of the 34 re-
gression models examined (see total R2 and partial R2 in
Tables 3, 4, 5 and 6).

Furthermore, it is also worthwhile to use standard RQIs
based on survey response data to complement the para-
data indicators, particularly the following key RQIs: share of
non-substantive responses, item nonresponse, breakoffs and
completeness level of the questionnaire, as well as various
satisficing indicators (e.g. straightlining). These key RQIs
should also be routinely calculated by online software tools
(in a standardised way) similar to the above proposed set
of key paradata indicators.

As this paper is a feasibility study that aimed to iden-
tify a standard set of paradata indicators, it is useful to
provide a comparison with the paradata indicators from
the CRONOS panel (see European Social Survey, 2018),
one of the rare studies in which paradata are publicly
archived alongside survey response data. The comparisons
in Table A.14 summarise the differences and illustrate the
challenges in developing a standardised set of paradata
indicators. Although the indicator sets in Table A.14 do not
match perfectly, they nevertheless mostly address similar
underlying concepts. Despite differences in indicator sets
and in corresponding technical computations, all CRONOS
paradata indicators were included in the proposed key set

of paradata indicators, except for screen resolution details
and number of sessions (see Online Appendix, Sect. 8,
Table A.14), provided that the above-mentioned key RQIs
are also integrated with paradata indicators. While we had
previously justified the omission of screen resolution as
a standalone indicator (Sect. 6.1), the exclusion of the
number of sessions was due to a limitation of the empirical
study in which respondents were required to complete the
survey in a single session. We may add that the GESIS
Panel set of paradata indicators (Weyandt et al., 2022),
which includes the Universal Client Side Paradata Script
(Kaczmirek, 2014), is similar to the CRONOS set but much
narrower, focusing only on response times, page visits and
navigation, item nonresponse prompts, focus-out events,
mouse clicks, survey window size and browser version.

7.3 Limitations

Some limitations of this research are linked to the specifics
of the case study. While the selection of RQIs and sociode-
mographic variables was standardised so they are also rele-
vant for other surveys, a different survey topic might show
different effects. Even so, the Internet-related behaviours
and attitudes addressed in this study—covering online shop-
ping, Internet use and trust in computers—are substantively
a very important area with a profound impact on numerous
areas (e.g. Bottoni & Fitzgerald, 2021).

Another specific aspect of this study is the structure of
the questionnaire, with its branching pattern, which exposed
more active Internet users to a greater number of items.
Nevertheless, nearly every survey includes specific branch-
ing, and if appropriately handled (as in our case), its impact
is incorporated into the paradata analyses. The number of
branching items omitted must be thus included in any set of
key paradata indicators or added as an adjacent covariate.

Another specific aspect of this study has to do with the
nature of the data from the access panel, where the respon-
dents were already familiar with pre-existing panel-specific
procedures, including incentives. This could lead to higher
survey participation (e.g. Bosnjak et al., 2005; Keusch et al.,
2014) and fewer breakoffs. The respondents were also ac-
customed to hard reminders (which did not allow them to
continue without providing answers); the soft reminders in
this study were an exception for them. Therefore, changing
the reminders and incentives might have revealed additional
patterns in response quality. Nevertheless, it is very unlikely
that the above specifics would compromise the internal va-
lidity of the results. In terms of external validity, it should
be noted that probability-based and non-probability pan-
els produce similar effects with respect to response quality
(Cornesse & Blom, 2023). Furthermore, general population
surveys are increasingly being conducted via access panels.
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The self-selection of the device (i.e. PC or SP) used to
complete the surveys is also a characteristic of this study.
The related device effects could have been also the result
of uncontrolled factors, such as the higher technical skills
of mobile device respondents (e.g. Conrad, Schober, et al.,
2017). However, initial oversampling and weighting con-
siderably compensated for these effects. It is also true that
the effects on response quality found in quasi-experimental
designs are generally comparable to those of experimental
studies, so strong circumstantial evidence exists that they
would also remain under full experimental conditions. An-
other important argument supporting the relevance of the
results is the fact that in survey practice, respondents use
their preferred devices anyway, which the researcher cannot
control, so minimising these effects is desirable. The dis-
advantages of experimentally pre-selecting devices should
also be noted, as they force respondents to use the device
they might not prefer, creating additional nonresponse and
other response quality effects (e.g. Peterson et al., 2017).

One notable aspect of this study was the requirement for
respondents to respond in a single session. Of course, this
constraint, unfortunately, precluded the use and analysis of
additional paradata indicators associated with the number
of sessions, which could be related to response styles. It
is highly probable that the number of sessions would have
been added to the 12 key paradata indicators proposed in
this study.

Besides the above study specifics, which, importantly, do
not interfere with the internal consistency of the results, two
seemingly arbitrary parts of the research process should be
addressed. The first deals with the selection of 112 initial
paradata indicators. This selection was based on an exhaus-
tive literature review; however, an arbitrary cutting point
eliminated certain very complex (e.g. mouse movement ve-
locity) or technically highly problematic paradata indicators
(e.g. screen resolution as a standalone indicator). Although
these restrictions were fully elaborated and justified, it is
still true that without them, the set of initial paradata indica-
tors might have been broader. The other seemingly arbitrary
part of the research has to do with the reduction from the
112 initial paradata indicators to 29 and then to 14 paradata
indicators. Although these two steps were based on clear
and reproducible criteria and were evaluated independently
by three experts, it is possible that some paradata indica-
tors would have been additionally included or excluded if
the process had been more formalised (i.e. data-driven).
However, more elaborate reduction procedures would have
disproportionally increased the complexity of the research
process, which might have gone beyond the aim of this pa-
per. We should recall that this paper is about a feasibility
study that aimed to provide initial insight into the potential
of creating a standardised set of key paradata indicators

suitable for general usage in practice, so further iterations
of the study may verify and modify the proposed solution.

7.4 Future research

All of the limitations discussed above present opportuni-
ties for future studies, particularly in the context of a more
formal process for reducing paradata indicators. Replicat-
ing the analysis in different substantive or methodological
contexts would also be extremely valuable. An important
extension of this research would be the identification, stan-
dardisation and integration of the key RQIs, which are al-
ready closely related to the set of key paradata indicators.
This would further contribute to efforts to detect standard-
ised segments of respondents according to their response
styles and response quality.

In addition, systematic studies could examine the re-
lationships between RQIs and respondent characteristics,
between RQIs and survey estimates and between survey
estimates and respondent characteristics. Of course, future
research could also expand beyond the direct paradata ex-
amined in this study to include indirect paradata and passive
paradata (e.g. ambient or sensor paradata). Although such
extensions would be intriguing, it is worth noting that the
technical complexity involved would considerably limit the
breadth and applicability of the findings for general use in
survey practice.

8 Conclusion

The literature on web survey paradata has primarily focused
on their relationship to the domain of response quality,
while explorations into their relationships with respondent
characteristics and survey estimates have occurred less fre-
quently. Nevertheless, the objective of this paper was to
identify a set of key paradata indicators related to all three
domains while remaining easy to capture and calculate so
that they could be used for general purposes to enhance
respondent data with respondent-level paradata indicators.

Following the literature review and conceptual elabora-
tion, 112 initial paradata indicators were identified. In the
empirical section, a typical web survey that captured cor-
responding raw paradata was carried out. The reduction
processes resulted in a final set of 12 key paradata indi-
cators that were statistically significantly related to vari-
ables from any of the three domains. Certain paradata from
this set could be captured also on the server side (i.e. total
number of pages visited, total number of repeatedly visited
pages, duration, total number of branching items omitted,
device type and operating system), while others required
a client-based script (i.e. total number of answer changes,
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total number of item nonresponse prompts, total number of
excess clicks, total mouse pointer movement distance, total
number of focus-out events and total focus-out duration).

The 12 key paradata indicators identified in this study can
serve as a starting point for establishing a standardised set
of paradata indicators. Such standardisation would enhance
comparability, reproducibility and knowledge discovery in
web surveys. Future research should replicate and verify the
procedures used in this study, overcome their limitations
and apply the approach to other substantive areas.

The results also highlight the challenges facing web sur-
vey software providers. First, there is a need to incorporate
more server-side paradata, which already comprise the bulk
of the paradata indicators and are relatively easy to capture
and process. Second, with respect to client-side paradata,
there is a need to standardise the corresponding scripts.
Finally, web survey software providers might consider of-
fering additional guidance to facilitate the use of paradata
indicators by researchers.
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for: identifying a set of key paradata indicators
in web surveys [dataset]. https://doi.org/10.23668/
psycharchives.12982.

Vehovar, V., Berzelak, N., & Čehovin, G. (2023b). Dataset
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