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MEASURING EXPENDITURE WITH A MOBILE APP:
DO PROBABILITY-BASED AND NONPROBABILITY
PANELS DIFFER?
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In this case study, we examine a novel aspect of data collected in a typi-
cal probability and a typical nonprobability panel: mobile app data. The
data were collected in Great Britain in 2018, using the Innovation Panel
of the UK Household Longitudinal Study and the Lightspeed online
access panel. Respondents in each panel were invited to participate in a
month-long study, reporting all their daily expenditures in the app. In
line with most of the research on nonprobability and probability-based
panel data, our results indicate differences in the data gathered from
these data sources. For example, more female, middle-aged, and highly
educated people with higher digital skills and a greater interest in their
finances participated in the nonprobability app study. Our findings also
show that resulting differences in the app spending data are difficult to
eliminate by weighting. The only data quality aspect for which we do
not find evidence of differences between the nonprobability and
probability-based panel is behavior in using the spending app. This
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finding is contrary to the argument that nonprobability online panel par-
ticipants try to maximize their monetary incentive at the expense of data
quality. However, this finding is in line with some of the scarce existing
literature on response behavior in surveys, which is inconclusive regard-
ing the question of whether nonprobability online panel participants
answer questions less conscientiously than probability-based panel
respondents. Since the two panels in our case study differ in more
aspects than the sample selection procedure, more research in different
contexts is necessary to establish generalizability and causality.

KEY WORDS: Mobile app data; Nonprobability sample; Online panel;
Probability sample; Spending diary.

Statement of Significance

Previous studies have shown that, while nonprobability panels are
much cheaper to maintain than probability-based panels, estimates are
often less accurate, even when taking account of differences in socio-
demographic panel sample composition. In this paper, we examine
expenditure data collected with a mobile app over a period of one
month in a probability-based and a nonprobability panel. We find dif-
ferences between the app study samples in who participates in the
mobile app study and in the expenditure captured with the app, even
after accounting for differences in panel sample composition, but no
differences in how participants used the app.

1. INTRODUCTION

Many researchers use nonprobability online panels to collect large amounts of
survey data relatively quickly at low cost. However, nonprobability online
panels rely on volunteers who often participate in multiple panels (Hillygus
et al. 2014) and who are mainly motivated by the monetary compensation
(Keusch et al. 2014). They are commonly criticized for their poor performance
in accurately representing the general population (Maclnnis et al. 2018).
However, probability-based panels face data quality issues too, and some have
argued that ever-decreasing survey response rates make probability-based pan-
els indistinguishable from nonprobability online panels in terms of data quality
(Wang et al. 2015; Gelman et al. 2016). Nevertheless, previous studies have
shown that probability-based panels produce more accurate estimates than
nonprobability online panels (see Cornesse et al. 2020 for an overview).

So far, research on comparing results from probability and nonprobability
online panels has focused on questionnaire-based survey data. In this paper,
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we compare these panels on a new dimension: we examine what happens
when panel members are asked to use a mobile app to record their spending
every day for a month. We use data from a diary study on financial spending
that was implemented in parallel in the Understanding Society Innovation
Panel, a probability-based mixed-mode panel of households in Great Britain,
and the Lightspeed UK nonprobability online access panel. The two panels
differ in more characteristics than just the sample selection mechanism. This
includes differences in their incentive schemes, survey mode design, and data
collection frequency. Our investigation is therefore a “system comparison,”
testing for differences in data collected with the same tool in a rather typical
probability panel and a typical nonprobability panel.

In both panels, participants were asked to install an app on their mobile
device and use it to report all spending over a period of one month. We com-
pare the app study data collected in the two panels to answer the following
research questions:

RQI1: Do the app study participants in the probability-based panel have
different characteristics than those in the nonprobability online panel?

RQ2: Are there differences between the panels in how participants use
the app?

RQ3: Are there differences between the panels in expenditure estimates,
i.e., the study’s main outcome of interest?

RQ4: Do the differences between the panels in expenditure estimates
remain after weighting?

2. CONCEPTUAL FRAMEWORK: DIFFERENCES
BETWEEN PROBABILITY-BASED AND
NON-PROBABILITY PANELS

There are two types of “panels:” (1) “traditional” panels, where participants
are surveyed on a core set of topics repeatedly, typically at less frequent inter-
vals, to provide longitudinal data and (2) “access panels,” where participants
are surveyed on a variety of different topics, often at frequent intervals. Both
types of panels can be recruited using probability or nonprobability sampling
methods, or a combination of both (Callegaro et al. 2014). Examples of tradi-
tional probability panels include the US Panel Study of Income Dynamics, the
UK Household Longitudinal Study, and the German Socio-Economic Panel.
Nonprobability access panels are typically online panels run by commercial
companies, such as Lightspeed, YouGov, Toluna, and OnePoll. In addition,
there are probability-based online panels that combine frequent data collection
on different topics with a traditional panel element collecting longitudinal
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data. Examples include the Understanding America Study and AmeriSpeak in
the United States, the German Internet Panel, and the Dutch LISS panel.

The researcher’s choice of the sample recruitment procedure has conse-
quences for the resulting participant samples and can, thereby, influence the
estimates calculated on the basis of the gathered data (Mercer et al. 2017). To
recruit a probability-based panel, researchers draw a random sample of units
(individuals or households) from a sampling frame, such as an address list or
population register. Sampled units are then approached with a request to par-
ticipate in the panel. Because the probability sampling process is usually time
consuming and expensive, great effort is often expended to gain contact with
the sampled units (e.g., multiple contact attempts) and establish cooperation
with the request to participate in the panel (e.g., by offering multiple modes of
data collection). Surveys are often conducted for a single sponsor (e.g., a uni-
versity), compensated with monetary incentives, and take place at regular
intervals (e.g., bi-monthly or annually).

To recruit a nonprobability online panel, researchers usually disseminate
open invitations, whether via online advertisement, by sending invitation
emails via newsgroups and mailing lists, or by placing a panel invitation ques-
tion at the end of a pop-up survey (see Callegaro et al. 2014 for an overview of
nonprobability online panel recruitment methods). Recently, it has also
become popular to recruit nonprobability panels based on interactive features
implemented in online media articles or via social media (see Zindel 2022 for
an overview). The likelihood and frequency of exposure to the open invitations
depends on whether people have a chance of being exposed (e.g., whether
they have an Internet connection, whether and how often they visit any of the
websites that display a particular ad, or whether they are enrolled in any mail-
ing list over which an invitation is disseminated). The likelihood that a person
who is exposed to an open invitation becomes aware of this invitation depends
on whether the invitation catches their eye (e.g., whether a banner ad uses
bright colors or an invitation email header contains a promise of attractive
incentives). The likelihood that a person who is aware of an open invitation to
volunteer then joins the nonprobability online panel depends on the person’s
time constraints, topic interest, motivation, Internet access constraints, and
skills (e.g., digital literacy). Once a pool of people has volunteered to partici-
pate in a nonprobability online panel, researchers select panel members for a
particular study. Sometimes this is done using quota sampling to achieve some
balance with regard to a limited number of characteristics, such as age, gender,
and geographic region. Nonprobability online panel members are typically
exposed to a large number of survey requests (often several times a month or
more frequently) for different sponsors or clients and are compensated with
small monetary or in-kind incentives (e.g., points) for each completed survey.
In addition, nonprobability panels often target participants based on their char-
acteristics for population subgroup studies (e.g., on parents with young chil-
dren) rather than conducting general population surveys.
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In addition to differences in selection and recruitment methods, probability-
based and nonprobability panels differ on many other dimensions, including
how much effort is put into retaining sample members (i.e., reducing panel
attrition), the degree of panel maintenance (e.g., removing fraudulent
responses or dropping inattentive respondents), the frequency, type, and size
of survey requests, and the range of topics covered. These design differences
may all lead to differences in sample composition, motivation, and interest of
sample persons to participate in specific tasks or activities.

Overall, we expect the differences in the probability-based and nonprobabil-
ity panel recruitment and retention processes to affect who is selected into the
respective panels, which, in turn, might lead to differences in app study data
gathered on these panels.

3. EXPECTATIONS AND EVIDENCE FROM PREVIOUS
EMPIRICAL STUDIES

A number of studies have examined whether it is sufficient to use samples
from nonprobability online panels rather than investing in probability-based
methods of survey data collection. For this purpose, researchers typically
implement a questionnaire with identical survey questions, answer options,
and fieldwork periods, among other design features kept identical, in at least
one probability-based survey and at least one nonprobability online panel.
While the nonprobability samples in this literature are usually online panels,
the probability-based studies are compared to have varying designs: some are
panel studies while others are cross-sectional studies, which may influence the
results since the latter cannot be affected by attrition or conditioning biases.
Most studies of this type focus on assessing how accurately probability-
based and nonprobability surveys represent the intended target population.
Some of the studies compare nonprobability online panels to probability-based
face-to-face (Malhotra and Krosnick 2007; Loosveldt and Sonck 2008;
Ansolabehere and Rivers 2013; Szolnoki and Hoffmann 2013; Dutwin and
Buskirk 2017; Sturgis et al. 2018; Dassonneville et al. 2020) or telephone sur-
veys (Szolnoki and Hoffmann 2013; Ansolabehere and Schaffner 2014;
Gittelman et al. 2015; Pasek 2016; Dutwin and Buskirk 2017; Sohlberg et al.
2017; Legleye et al. 2018; Pennay et al. 2018). Other studies compare non-
probability online panels to probability-based online panels (Chan and
Ambrose 2011; Steinmetz et al. 2014). A number of studies also try to disen-
tangle potential mode and sampling effects by comparing samples from non-
probability online panels to probability-based offline surveys as well as
probability-based online panels (Berrens et al. 2003; Chang and Krosnick
2009; Scherpenzeel and Bethlehem 2011; Yeager et al. 2011; Briiggen et al.
2016; Kennedy et al. 2016; MaclInnis et al. 2018). Furthermore, some studies
examine whether weighting adjustments improve the accuracy of
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nonprobability online panels using a variety of weighting procedures, such as
raking (Berrens et al. 2003; Chang and Krosnick 2009; Pasek 2016; Dutwin
and Buskirk 2017; Sturgis et al. 2018), poststratification (Loosveldt and Sonck
2008; Yeager et al. 2011; Gittelman et al. 2015; Maclnnis et al. 2018; Pennay
et al. 2018), or propensity weighting (Berrens et al. 2003; Loosveldt and
Sonck 2008; Steinmetz et al. 2014; Pasek 2016; Dutwin and Buskirk 2017;
Sturgis et al. 2018). Little attention is usually paid to differences in study par-
ticipation behavior between probability-based surveys and nonprobability
online panels (for notable exceptions, see Chang and Krosnick 2009; Greszki
et al. 2014, and Cornesse and Blom 2020).

While the existing literature compares probability-based surveys to non-
probability online panels, our study goes beyond survey data and instead
focuses on an additional task that people are asked to do: installing and using a
mobile app to report their spending over a month. In the following, we discuss
relevant existing evidence from the survey literature and describe our expecta-
tions regarding the mobile app study.

RQ1: Do the app study participants in the probability-based panel have
different characteristics than those in the nonprobability online panel?

Previous studies have focused on comparing the composition of
probability-based surveys and nonprobability online panels by deriving aggre-
gate indices, such as the absolute average bias (Kennedy et al. 2016), the larg-
est absolute error (Yeager et al. 2011), or the root mean squared error
(Maclnnis et al. 2018). Nonprobability online panels have repeatedly been
found to be more selective in that they deviate more from population bench-
marks than probability-based surveys (Cornesse et al. 2020).

Given the focus on aggregate indices in the existing literature, it is difficult
to identify common patterns at the variable level. However, it seems that in
nonprobability online panels, there is often a stronger overrepresentation of
people who are middle-aged (Malhotra and Krosnick 2007; Legleye et al.
2018; Dassonneville et al. 2020), female (Malhotra and Krosnick 2007,
Legleye et al. 2018; Dassonneville et al. 2020), and highly educated (Malhotra
and Krosnick 2007; Legleye et al. 2018; Maclnnis et al. 2018; Dassonneville
et al. 2020) compared to probability-based surveys. In our study, we, therefore,
expect that app study participants from the nonprobability online panel are
more likely to be middle-aged, female, and highly educated than those from
the probability-based mixed-mode panel (H1.1).

Since nonprobability online panel recruitment usually relies on open invita-
tions disseminated via the Internet and on volunteering rather than random
selection, nonprobability online panels are also likely to systematically
exclude or misrepresent some people beyond primary socio-demographic
characteristics. For example, people without Internet access do not have a
chance of being exposed to invitations and people who are frequently online
have a particularly high chance of exposure to such invitations. In addition,
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people who consider the costs of participation to be low (e.g., because they
have high levels of digital skills) and the benefits of participation to be high
(e.g., because the promised monetary or in-kind incentives appeal to them) are
more likely to volunteer than people who consider the costs to be high and the
benefits to be low. We, therefore, expect participants from the nonprobability
panel to have higher levels of digital skills and greater interest in their finances
than participants from the probability-based mixed-mode panel. Having higher
levels of digital skills includes greater experience with and confidence in using
digital devices (H1.2) as well as being more willing and less concerned to par-
ticipate in additional smartphone-based tasks, such as taking photos or allow-
ing GPS tracking (H1.3). Having greater interest in their finances includes
being more involved in behaviors related to finances, such as budget keeping
and bank balance checking (H1.4).

RQ2: Are there differences between the panels in how participants use
the app?

Keusch et al. (2014) found that for 40 percent of the newly recruited mem-
bers of a nonprobability online panel, the monetary incentives were an impor-
tant motive for joining the panel. In addition, this monetary motivation was
the strongest predictor of actual participation in panel survey waves as com-
pared to other motives such as curiosity, entertainment, or novelty. Similarly,
Sparrow (2006) found that 52 percent of newly recruited nonprobability online
panel members stated that they participated in the panel because of the mone-
tary incentive provided. Other reasons for participating, such as survey enjoy-
ment and interest in the survey topic, were selected significantly less often.
While the studies by Keusch et al. (2014) and Sparrow (2006) suggest that
nonprobability online panel participants are mainly motivated by the promise
of monetary incentives, the same does not seem to apply to probability-based
panel participants. For example, in the LISS panel, only a minority (15.2 per-
cent) of panel participants said that their most important motive for participat-
ing in the study was the financial rewards, while most participants said that
their main reason for participating was either that they think it is important to
contribute to science (16.4 percent), contribute to society (13.6 percent), or
help the researchers (13.0 percent; numbers based on own calculations, data
retrieved from www.lissdata.nl).

Research on the consequences of the incentive-oriented motivation of non-
probability online panel members for survey data quality is scarce and results
are mixed. On the one hand, Cornesse and Blom (2020) found that straight-
lining in grid questions was significantly more likely in seven nonprobability
online panels than in three probability-based online panels. On the other hand,
Chang and Krosnick (2009) found the opposite when comparing a nonprob-
ability online panel with a probability-based online panel. Similarly, Greszki
et al. (2014) found that a nonprobability online panel performed worse in
terms of survey response speed than a probability-based online panel, while
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Chang and Krosnick (2009) found that a nonprobability online panel per-
formed better in terms of random measurement error across multiple measures
of the same construct than a probability-based telephone survey. Finally,
Cornesse and Blom (2020) did not find any generalizable difference between
nonprobability online panels and probability-based online panels with regard
to survey item nonresponse or midpoint selection.

In line with the general finding in the literature that many nonprobability
online panel members are motivated to volunteer to join the panel primarily
for monetary reasons, we expect that app study participants from the nonprob-
ability sample are more likely to apply strategies to maximize their monetary
compensation (H2.1) and to minimize their effort (H2.2) than app study partic-
ipants from the probability-based sample.

RQ3: Are there differences between the panels in expenditure estimates,
i.e., the study’s main outcome of interest?

Generally, many studies find that differences between probability-based and
nonprobability panels matter for a diverse set of substantive outcomes, such as
voting behavior (Malhotra and Krosnick 2007; Chang and Krosnick 2009;
Sturgis et al. 2018), health behavior (Yeager et al. 2011), consumption behav-
ior (Szolnoki and Hoffmann 2013), sexual behavior and attitudes (Erens et al.
2014; Legleye et al. 2018), and political attitudes (Malhotra and Krosnick
2007; Loosveldt and Sonck 2008).

In our study, we similarly expect differences in participant characteristics
and study participation behavior to result in differences between samples in
key outcomes. In particular, if women, middle-aged people, and highly edu-
cated people are more likely to participate in a nonprobability online panel
than a probability mixed-mode panel (H1.1), this should result in differences
in the distribution of expenditure across spending categories.

In addition, if app study participants from a nonprobability online panel
maximize their incentive-to-effort-ratio by reporting fewer spending events
than those from probability-based online panels (H2.1, H2.2), this should
result in lower expenditure estimates. Compared to estimates from a
probability-based panel, we therefore expect that estimates from the nonprob-
ability panel suggest lower average expenditures, for example on eating out
and other leisure activities (H3).

RQ4: Do the differences between the panels in expenditure estimates
remain after weighting?

Most previous studies conclude that significant differences between proba-
bility and nonprobability samples remain after weighting (Schonlau et al.
2004; Dufty et al. 2005; Schonlau et al. 2007; Schonlau et al. 2009; Mercer
et al. 2017; Smyk et al. 2021). Furthermore, some studies conclude that differ-
ences remain even after adding non-demographic characteristics to the weight-
ing schemes (Lee 2006; Dutwin and Buskirk 2017; Mercer et al. 2017).
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In our study we expect that if the probability and nonprobability samples
differ in participant characteristics, study participation behavior, and substan-
tive outcomes, it is unlikely that these differences all vanish after applying
common weighting procedures based on socio-demographic characteristics.
Including additional variables is likely to further reduce the differences
between probability and nonprobability samples if the added variables are
related to the nonprobability sample recruitment process and/or the study data
of interest. For example, if nonprobability sample members use the Internet
more frequently and with greater confidence than probability sample members,
adding variables related to digital skills might help reduce differences in
Internet usage behavior. We therefore expect that differences between proba-
bility and nonprobability samples will decrease when weighting for socio-
demographic characteristics (H4.1), decrease further when adding financial
behaviors (H4.2), and decrease further still when adding digital affinity meas-
ures related to the app use task (H4.3).

4. DATA

Spending Study 2 (University of Essex, Institute for Social and Economic
Research 2022) was implemented in May to December 2018, using two differ-
ent samples in Great Britain: a probability panel (the Understanding Society
Innovation Panel) and a nonprobability panel (the Lightspeed UK online
access panel). The samples are described below. This was a follow-up to an
earlier study (Spending Study 1), carried out in 2016. The first study was only
implemented in the probability-based Innovation Panel and, therefore, is not
included in the present analyses. See Jackle et al. (2018) for details of the first
study.

Participants were asked to download a mobile app and use it for one month
to report their spending. The same app was used in both samples and was com-
patible with iOS smartphones, Android smartphones, and tablets (see
Supplementary Appendix 5 for screenshots of the app). The design and func-
tionality of the app were based on findings from qualitative interviews with
members of the general public about how the app could best support partici-
pants in reporting their daily expenditure (Suffield et al. 2018). Participants
were asked to use the app to record all direct debits and standing orders that
would automatically come out of their bank accounts during the month. In
addition, they were asked to use the app every day to report all purchases, by
selecting a purchase category and then entering the value of the purchase. On
days on which they did not spend any money, they were asked to report “no
purchases today” in the app. Sample members who did not use the app were
invited to use a browser-based version instead. However, as take up of the
browser-based version was very low in the Innovation Panel, this paper
focuses on participants in both samples who used the app.
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Participants were told that they could earn incentives for every day on
which they used the app at least once (including to report that they had not
made any purchases that day), a bonus if they used the app every day, and
incentives conditional on completing the direct debit/standing order section
and a debrief questionnaire at the end of the study. In the Innovation Panel, the
daily incentive was £0.50, the bonus for completing the month was £10, the
incentives for the direct debit section £1, and for the debrief questionnaire £3.
In total, participants could earn up to £29.50. For the access panel, Lightspeed
UK administered the incentives according to their standard rewards policy:
panelists could earn a maximum of 500 points (equivalent to about £5) and
could exchange their incentives for vouchers or charity donations. The word-
ing of the invitations to the app study for both panels is included in
Supplementary Appendix 1.

4.1 The Understanding Society Innovation Panel

The Innovation Panel is a stratified and clustered sample of households in
Great Britain. It is part of Understanding Society: The UK Household
Longitudinal Study and used for methodological testing and experimentation
(University of Essex, Institute for Social and Economic Research 2021). The
design of the Innovation Panel mirrors that of the main Understanding Society
panel, with annual interviews of all household members aged 16+ years. The
Innovation Panel wave 11 interview (IP11) fielded in May to September 2018
was used as the baseline survey for Spending Study 2: a random half of the
respondents were invited to the Spending Study 2 within the IP11 question-
naire; the other half was sent an invitation by post, a couple of weeks after
completing their IP11 interview. Although the within-interview invitation
increased participation in Spending Study 2 compared to the postal invitation,
there was no difference in the composition of the participant samples between
the two treatment groups. The invitation treatment groups are, therefore, com-
bined for the purposes of the analyses presented here.

IP11 was a mixed-mode survey. About two-thirds of sample households
were allocated to web first: all adult household members received an invitation
to complete their interview online. If they did not do so after several
reminders, they were followed-up by a face-to-face interviewer. The remain-
ing sample households were allocated to face-to-face interviewers, and non-
respondents were given the opportunity to complete the survey online in the
final stages of fieldwork. Overall, 55 percent of respondents completed the sur-
vey with an interviewer and 45 percent completed it online. The Innovation
Panel wave 11 household response rate was 73.2 percent, with 80.5 percent of
eligible adults within those households completing individual interviews
(AAPOR RR5, The American Association for Public Opinion Research
2023). For more details on IP11 fieldwork, see the Innovation Panel User
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Guide at https://www.understandingsociety.ac.uk/documentation/innovation-
panel/user-guide.

4.2 The Lightspeed UK Online Access Panel

Members of the Lightspeed UK online access panel were invited to complete
a questionnaire that collected the same baseline information for Spending
Study 2 as the Innovation Panel wave 11 questionnaire. This included socio-
demographic characteristics, financial behaviors and position, mobile device
access and usage, hypothetical willingness to do different types of tasks for a
survey, and data security concerns. The fieldwork agency monitored quotas on
age and gender for the baseline survey. At the end of this questionnaire,
respondents were invited to participate in Spending Study 2 and to download
the app. The Lightspeed implementation included a feedback experiment,
whereby a random one-third of the sample were either told they would be able
to see feedback about their spending within the app, were not told but able to
view the feedback, or did not receive feedback. The feedback treatment had no
effect on participation or reported spending, and therefore, the treatment
groups are combined for the purposes of the analyses presented here.

4.3 Analysis Sample

For RQ1 (characteristics of app users from the two panels), we first compare
the respondents to the two baseline surveys, that is, those invited to the app
study. All other analyses are restricted to participants who used the app at least
once to report a purchase, which is defined as providing a non-missing pur-
chase amount in the “report daily purchases” section of the app. We use all
entries participants made in the app within 31 days of first using the app.

In the Innovation Panel, 2,638 sample members gave a full interview and
were eligible for Spending Study 2. Of these, 446 (16.9 percent, AAPOR
RR6) used the app at least once to report a purchase, reporting a total of
12,579 purchases. In the access panel, 2,878 sample members completed the
baseline survey and of these, 408 (14.2 percent, AAPOR RR6) used the app at
least once, reporting a total of 11,517 purchases.

4.4 Respondent Characteristics

The respondent characteristics used to examine differences in sample
composition are derived from the baseline questionnaires for both samples
(the Innovation Panel wave 11 questionnaire can be accessed at https://www.
understandingsociety.ac.uk/documentation/innovation-panel/questionnaires.
The access panel baseline questionnaire is documented in Jackle et al.
2019). The characteristics include standard socio-demographic variables,
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financial behaviors, and measures of digital affinity. For most variables, the
questions were asked in the same way in both samples. Among app users,
the rate of missing items was between O percent and 1.8 percent in the
Innovation Panel data and between O percent and 0.2 percent in the access
panel data. Missing observations were set to the modal answer categories for
the sample. As a robustness check, we replicated the analyses of app users in
tables 1, 2, 3, 4, and 5 using complete cases only, dropping 5.6 percent of
the Innovation Panel sample and 0.7 percent of the access panel sample. The
patterns of differences between the samples are comparable. Across all tests,
there are two that reach significance at the p < .05 level when the data with
imputed values are used, but not in the complete case analyses; there are five
tests that reach significance when the complete cases are used. As the esti-
mates using imputed values are slightly more conservative, we present those
here.

The socio-demographic characteristics included are gender (male,
female), age (16-35, 36-55, 56+), highest educational qualification
(degree, A/AS level [~13 years of schooling], GCSE/CE level [~11 years
of schooling], no formal qualification), whether the respondent is in work
(employed or self-employed in the prior week), whether living as a couple
(yes, no), and the number of children aged under 16 living in the household
0, 1,2+).

The financial behaviors include whether the respondent keeps a budget
(yes, no), how often they check their bank balance (most days, at least once a
week, less frequently), and whether they check their balance using an app on a
mobile device (yes, no). The wording of these questions is documented in
Supplementary Appendix 1.

The measures of digital affinity include whether the participant uses the
following devices to connect to the Internet: PC or laptop (yes, no), smart-
phone (yes, no), tablet (yes, no); how frequently they use their smartphone
(every day, less frequently); the number of different types of activities they
do on their phone (summed count of 13 different activities); and self-rated
smartphone skills (five-point scale coded as beginner, intermediate,
advanced). The measures also include the average willingness to do different
types of activities with their mobile device for a survey (four-point scales
asking about willingness to do each of eight activities), and the average con-
cerns about the security of providing data in these ways (five-point scales).
In order to generate categorical indicators of willingness and data security
concerns, the mean scores are rounded to the nearest integers and labelled
according to the original response categories. Except for the questions about
how the respondent connects to the Internet, the questions were routed on
using a smartphone to connect to the Internet. The wording of these ques-
tions is documented in Supplementary Appendix 1. For respondents who did
not use a smartphone (six in the access panel sample and twenty-seven in the
Innovation Panel sample), the frequency of smartphone usage and number of
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activities are set to zero. The smartphone skills, willingness, and data secur-
ity concerns are set to the lowest skill/willingness categories and to the high-
est concern category.

4.5 App Usage Behaviors

The indicators of app usage behavior are derived from the app paradata in the
same way for both samples. The indicators are coded into categories and sum-
marize the following for each participant:

e The number of times the participant clicked on the landing page of the app
(coded into terciles).

¢ The number of days on which the participant used the app at least once to
report a direct debit or standing order, to report a purchase, or to report a “no
spend day” (coded into terciles).

¢ The number of direct debits or standing orders reported (coded as 0, below
the median, above the median).

¢ The total number of daily purchases reported (coded into terciles).

¢ The average number of daily purchases per day on which the participant
used the app (coded as <1, 1-2, >2).

¢ The total number of small purchases reported, defined as costing less than
£3 (coded as 0, below the median, above the median).

4.6 Measures of Spending

We examine three aspects of the spending reported by participants in the app:
the total value of direct debits and standing orders, the value of daily purchases
by category, and the total value of direct debits. The sixteen categories to
record daily purchases (based on work by d’Ardenne and Blake 2012) were
food and groceries; eating and drinking out; clothes and footwear; transport
and car; child costs; home improvements and household goods; health
expenses; socializing and hobbies; books, magazines, films and music; games
and toys; haircuts, manicures and massages; holidays; gifts and donations; rent
(not direct debit/standing order); bills (not direct debit/standing order); and
other purchases or payments.

5. METHODS

We test for differences between the two samples using y° tests, which
account for the clustered and stratified sample design of the Innovation Panel
(see Supplementary Appendix 6 for the PRICSSA checklist). In these analy-
ses, we first compare the two samples to answer RQ1-RQ3. For RQ1 we, in
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addition, estimate propensity models of the probability that respondents who
completed the baseline surveys participated in the app study. We calculate
Average Marginal Effects from separate logit models for the two panels,
regressing whether the respondent used the app on the respondent character-
istics used to examine RQ1. Then, we examine whether differences in the
measurement of spending remain after controlling for sample composition
differences and/or app usage behavior using propensity weights (RQ4).
Since some respondents of the probability sample survey were invited to the
app study during a face-to-face interview instead of a web survey, we
repeated all analyses using only the probability sample app participants who
were invited during the web survey as a sensitivity analysis to try to account
for the fact that the probability-based panel has a mixed-mode design,
whereas the nonprobability panel only uses the online mode of survey data
collection (see Supplementary Appendix 3 tables 2—6). Because the results
with and without the app study participants invited during the face-to-face
interview are broadly comparable, we only show the results for the full sam-
ples in the results section of this paper.

To examine the effectiveness of adjusting for differences in sample compo-
sition, we use propensity score weighting to match the sample composition of
the nonprobability sample to that of the probability sample. We follow the
approach of McCaffrey et al. (2004). To compute the weights, we combine the
two samples into one dataset and estimate probit models of the probability that
a participant is in the probability sample rather than the nonprobability sample.
Based on these models, we compute the predicted probability for each partici-
pant i of being in the probability sample, p(x;). The propensity score weights
are then computed as w; = p(x;)/[1 — p(x;)] for the nonprobability sample and
w; = p(xp)/p(x;) = 1 for the probability sample. The denominators of the
weights adjust for the differences in characteristics between the two samples,
while the numerator weights the pooled sample to match the characteristics of
the probability sample: Respondents in the nonprobability sample who have
characteristics that are not typical in the probability sample will have a p(x;)
close to zero and therefore a weight close to zero. We estimate three separate
probit models and use these to calculate three sets of weights (Supplementary
Appendix 2 table 1): weight 1 adjusts only for socio-demographic characteris-
tics, weight 2 in addition includes financial behaviors, and weight 3 in addition
includes digital affinity. The sequential addition of variables, starting with
socio-demographic characteristics, follows standard approaches used in com-
parisons of data from probability and nonprobability samples (e.g., Kennedy
et al. 2016; Kocar and Baffour 2023). The area under the curve (AUC) statis-
tics reported in Supplementary Appendix 2 table 1 indicate that the fit of the
weighting model improves with the addition of each set of covariates: the
AUC for weighting model 1 is 0.6357, for model 2 it is 0.7429, and for model
3itis 0.8071.
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6. RESULTS

In the following, we present our results of comparing the app study samples
from the probability-based mixed-mode panel and the nonprobability online
panel following our research questions RQ1-RQ4. We first focus on the
unweighted estimates in tables 1, 2, and 3 to address RQ1-RQ3. To address
RQI, tables 1, 2, and 3 contain comparisons of the baseline survey respond-
ents (i.e., everyone invited to the app study) in addition to comparisons of the
app users. Table 6 provides an overview of the research questions, hypotheses,
and whether the hypotheses are supported by the results.

RQ1: Do the app study participants in the probability-based panel have

different characteristics than those in the nonprobability online panel?

Table 1 shows the socio-demographic characteristics that the participants
from the two panels reported in the baseline questionnaire. Focusing first on
the app users (last four columns), we find that the nonprobability panel partici-
pants are more likely to be female, middle-aged, highly educated, and living in
a household with at least one child than the probability-based panel partici-
pants, supporting H1.1. The only examined socio-demographic variables on
which we did not find any significant differences between app study partici-
pants are employment status and partnership status. The average absolute dif-
ference in socio-demographic characteristics between the panels is 5.4
percentage points. When comparing the baseline survey respondents, these dif-
ferences are all already present, and in fact larger, with an average absolute
difference of 7.8. The exceptions are age (with more respondents in the young-
est group in the nonprobability panel) and more people in work in the non-
probability panel. Supplementary Appendix 4 documents propensity models
for the two panels, using the baseline survey respondents to predict the proba-
bility of participating in the app study. In the nonprobability panel, women
and those in the middle age group were more likely to use the app (+3.3 per-
centage points, p <.05 and +5.9 percentage points compared to the youngest
age group, p < .001); in the probability panel, those in households with two or
more children were less likely to participate in the app study compared to
those with no children (—4.5 percentage points, p < .05). There are also signifi-
cant differences in the reported financial behaviors of the app study partici-
pants (table 2 last four columns). The nonprobability panel participants are
much more likely to keep a budget (75.7 percent versus 41.9 percent), check
their bank balance on most days, and check their bank balance using a mobile
app than the probability-based panel participants, supporting H1.4. The aver-
age absolute difference in financial behaviors between the panels is 13.7 per-
centage points. Comparing the baseline survey respondents, these differences
are again already there and larger, with an average absolute difference of 15.2.
In the propensity model (Supplementary Appendix 4), those who keep a
budget and those who check their balance infrequently were less likely to use

20z AInp 1L uo 1sanb Aq 620669//9z02eWS/wessl/e601 0L /10p/alo1e-a0ueApe/wess(/uod dno-olwapede//:sdily woiy papeojumoq


https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smae026#supplementary-data
https://academic.oup.com/jssam/article-lookup/doi/10.1093/jssam/smae026#supplementary-data

Jackle et al.

16

Downloaded from https://academic.oup.com/jssam/advance-article/doi/10.1093/jssam/smae026/7699029 by guest on 11 July 2024

“so[dures om) A1) USAMIAQ SUOHNGLISIP UL SAOUAIIJJIP 10 $189) 7 WONJ san[eA-d = d—'SHLON

¢ QL QJOURIJJIP anjosqe OMN,H®><
801 4% 8/8°C 8€9°C SUONEAIDSGO JO ToqUINN
0r0 TS €1eC 191 €000 9¢ 9 6'Cl 10Ul 1O OM [,
LT 9'81 6'S1 v'C 0°SI LTl [uQ
6L~ 009 6'L9 06— $'69 S¥L auoN
91 Iepun pjoyasnoy ul Spry "ON
L8S €= $09 6'19 660"  CTT- €68 $'19 9[dnoo ug
S8t 7'l 8'€L L 100> 601 1'99 TSs S10M Uf
100> L~ e 8L 100> STl 8y €L1 uonesyIenb [euLioy oN
0L 8'CT 8'6C 7T 9LT 00¢ (Surjooyps jo sreak [ [~) [9A2] HSD/ASID
s '8¢ 0Ll €l L'ST rel (Surjooyos jo sreak ¢[~) [9A9] SY/V
€0 9y €Sy 9T 61 €'6¢€ 0130
uonednpy
€20’ €9~ 6°SlI T 100> 691~ I'LT 0t +9¢
99 (14 6'TY €s 9'8¢ €'ee S6-9¢
€0 g'se 6'S¢ 911 €re L'TT S€-91
By
100> LI STL 8'LS 100> €91 769 I'sS oreuog
ordwres ordwes ordures ordwes
d  wpg AiqeqorduoN - Aiiqeqold d wpeg  AiiqeqorduoN - Aiiqeqold

s1osn ddy

sjuopuodsar £9AIns surjaseyqg

soidureg Kyiqeqoaduo) pue ANIqeQOIJ Y} UMY SISLIdIRIRY)) dIYderSoud(-0100S Ul SUIIIPI(Q T QL



17

Measuring Expenditure With A Mobile App

Downloaded from https://academic.oup.com/jssam/advance-article/doi/10.1093/jssam/smae026/7699029 by guest on 11 July 2024

“sopdures 0m) Ay} UdIMIQ SUOHINQLISIP UT SAOUAISIJIP 10 $159) X W0y sanfes-d = d—'sa10N

9¢l TSI QOUQIJJIP 2INJ0Sqe AFeIAY
801 oy 8L8T 8€9°C SUONBAISSQO JO JoqUINN
100° '8 (479 L'Sy 100> +01 6'€E S€T dde aprqow ursn aoue[eq 09U
100> L0 b (Y 9C 100> yel- L9t I'6c Apuonbaiy sso
L= ooy 6'1Y €0 Sov [ai% 99M © 95U0 ISBA[ IV
0¢l 6'vy 8'1¢ 1'Cl 8'C¢ L0t SABp 15O
Qoue[Rq YURq SYOYD
100> 8'¢ce L'SL 6'1Y 100> 014 V6L 6'8¢ 103pnq & sdooy]
odwres ordwres ordwes ordues
d epa  AinpqeqorduoN  Aiqiqeqord d eie@  AnpiqeqoxduoN - Apiqeqord
s1osn ddy sjuopuodsar AoaIns aurjaseqg

sopdureg AyiqeqoaduoN pue L)[Iqeqo.1d AY) UIIM)IY SIOIABYIY [BIOUBUL] UI SOOUAIIPI(J T dqBL



Downloaded from https://academic.oup.com/jssam/advance-article/doi/10.1093/jssam/smae026/7699029 by guest on 11 July 2024

"so[duwes 0] AU} USIMID] SUOHNLISIP UL SAOUSIYIP 10 $183) X w0y san[ea-d = d—'SA10N

M 0L 9 Seiq ainjosqe wmmuo\/aﬂ
Me 801 oy 8L8°C 8€9°C SUONEBAIRSqO JO IoqunN
I~ 100"> 68— L'LT $9¢ 100> 9T 9'¢9 £99 AJowonxa/ieymauiog
= e 61y (Y% €0~ 9'9¢ 89T MY
el 70¢ 81 6'C 86 69 [Te 38 3J0N
SUIDUOD %uﬁﬂUUw vleq
100> 9'9C— 91 (U574 100> 6'¢l— €LS ClIL [T 38 Jou/omI vV
1'8 08y 6°6¢ 0'¢ 08¢ 0¢C jeymauio§
¢'81 g ee 0°LT 6'8 Lyl 8¢ IS EIN
Quoydirewss uo syse) SSQUIUI[IAN
200 0~ 689 1'69 100> 6'8 L0S L'y padsueApY
' (24 c0¢ A% SRy 0'1¢ SJeIpauLIdIUL
6V~ 6'S 801 Vel— 6'¢C TLE Touurgoqg
SIS QEOQQPHNEW
879 6’1 L'LT 8°6¢C 100> LY 981 8¢l Cl
0 6'1¢ 9'1¢ 60 S'1c 9°0¢ 11-01
[ 1444 9'Cy 96— 009 9 6—0
®EO£Q2NEw UO S9NIATIIOR "ON
0€0’ (a7 $'98 €8 100> L'L 789 709 Kep K199 suoydirews sosn
ovs ¥1- 80L CL 810 ¥'C S9 879 JoUIdUL 0] 39[qE) S9s[)
100> 0'¢ G'86 G'c6 100> 'L Sv8 SLL JourdjuI 10y duotdiretus sos()
100> 811 £96 S 2] 100> eyl €76 0'8L yourdjur 1oy dojdey/donysap sesn
ordwres ordures ordwres ordwres
d el AnpiqeqorduoN  ANjiqeqoid d elpd  AnpiqeqorduoN  Anfiqeqoid
. s1osn ddy sjuapuodsar A9AINS aurjaseyqg
~

sopdureg AppiqeqoaduoN pue ANIqeqoId dY) UMY ANULYY [eNSI( Ul SIIUII € e,



Measuring Expenditure With A Mobile App 19

the app in the non-probability panel. In both panels, respondents who check
their bank balance using a mobile app were more likely to use the app.

Table 3 (last four columns) shows the digital affinity characteristics that the
app study participants from the two sources reported in the baseline question-
naire. We find that the nonprobability panel participants are more likely to use
desktop computers, laptops, and smartphones to connect to the Internet, use a
smartphone every day, and have intermediate smartphone skills. However,
there are no significant differences in the use of tablets to connect to the
Internet and the number of activities that participants do on their smartphones.
Overall, this finding partly supports H1.2. Furthermore, we find that partici-
pants in the nonprobability panel are more likely to be willing to do additional
tasks on their smartphones, and be unconcerned about the security of mobile
data collection than the probability-based panel participants, supporting H1.3.
The average absolute difference in digital affinity between the app study sam-
ples is 7.0 percentage points. Comparing respondents to the baseline surveys,
the differences between the two panels are again already there and larger, with
two exceptions. Regarding willingness to do tasks for a survey on their smart-
phone and data security concerns, the differences between app users from the
two panels are larger than the differences between the baseline survey
respondents. The propensity models in Supplementary Appendix 4 again
shows some differences between the panels. In the nonprobability panel, those
who use a desktop/laptop to access the internet were more likely to participate
in the app study. In the probability panel, those who use a tablet to access the
internet, those who do not use their smartphone daily, and those with inter-
mediate or advanced smartphone skills were more likely to use the app. In
both panels, those with lower willingness to do tasks on a smartphone and
those with higher levels of concern about data security were less likely to use
the app.

RQ2: Are there differences between the panels in how participants use

the app?

Table 4 shows the app usage behaviors of the probability-based and non-
probability panel participants. We find that the nonprobability panel partici-
pants click on the landing page of the app less frequently, are more likely to
report eight or more direct debits or standing orders and less likely to report
18-35 purchases than the probability-based panel participants. However, we
did not find any significant differences in the number of days participants used
the app, mean number of purchases reported per day, and the number of
reported small purchases. Based on these findings, H2.1 and H2.2, that the
nonprobability panel participants are more likely to maximize their monetary
compensation and minimize their effort than the probability-based panel par-
ticipants, are not supported. The average absolute difference in app usage
characteristics between the app study samples is 3.4 percentage points.
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Table 4. Differences in App Use Behaviors Between the Probability and
Nonprobability Samples

Probability =~ Nonprobability ~ Delta p

sample % sample %

No. times clicked landing page

1-35 31.6 373 5.6

36-55 325 32.6 0.1

56-218 359 30.1 -5.7 .029
No. days used app

1-14 32.3 37.0 4.7

15-25 37.0 333 -3.7

26+ 30.7 29.7 -1.1 195
No. direct debits/standing orders

0 26.9 21.6 =53

1-7 39.2 36.3 -3.0

8-21 339 422 8.3 .005
No. purchases

1-17 314 36.3 49

18-35 37.0 29.4 7.6

36+ 31.6 343 2.7 .006
Mean no. purchases/day

<1 20.2 19.1 -1.1

1-2 57.6 56.1 -1.5

3+ 222 24.8 2.6 466
No. small purchases (<£3)

0 28.0 29.9 1.9

1-3 37.0 353 -1.7

4+ 35.0 34.8 -0.2 .665
Average absolute difference 34

Notes.—N =408 in the nonprobability sample, N =446 in the probability sample.
p = p-values from XZ tests for differences in distributions between the two samples.

RQ3: Are there differences between the panels in expenditure estimates,
ie, the study’s main outcome of interest?

Table 5 shows the expenditures that the probability-based and nonprobabil-
ity panel participants reported in the app. Not all respondents reported expen-
ditures in all categories. Therefore, the upper panel in table 5 examines the
percentage of respondents who did not report any expenditure in a given cate-
gory. The results indicate that the nonprobability panel members were more
likely to report zero expenditures. For example, 11.2 percent of respondents in
the probability panel reported zero expenditure on eating and drinking out,
compared to 18.1 percent of the nonprobability panel members (a difference
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of 6.9 percentage points, p =.001). There are six other categories where the
nonprobability panel members were significantly more likely than the proba-
bility panel to report zero expenditure (transport and car; home improvements
and household goods; socializing and hobbies; haircuts, manicures and mas-
sages; holidays; and gifts and donations). The nonprobability panel members
were, however, less likely than the probability panel to report zero expenditure
for bills and direct debits.

The middle panel in table 5 examines the means of reported (non-zero)
expenditures. The unweighted results show significant differences in only two
spending categories: nonprobability panel members reported higher mean
spending on eating and drinking out (£111.6 in the probability sample, £144.8
in the nonprobability sample, a difference of £33.3, p =.001) and higher mean
spending on clothes and footwear (£83.2 in the probability sample, £138.0 in
the nonprobability sample, a difference of £54.7, p < .001). That is, although
there are differences in whether or not respondents report spending in a given
category between the samples, the estimates of mean expenditure are similar
in all but two categories. The mean total expenditure, calculated by summing
up all expenditures across categories, is also similar in the two samples.

The lower panel reports tests for differences when cases with zero reported
expenditure in a category are included in the analyses. The results are broadly
similar. The same patterns are observed for the expenditure categories where
there are no significant differences when the zeros are excluded, with the
exception of rent and bills where some differences appear when the zeros are
included. The same patterns are also observed for clothes and footwear and
health expenses. For eating and drinking out, only one of the estimates remains
significant, whereas for socializing and hobbies and games and toys, all esti-
mates become significant.

Based on these mixed findings, hypothesis (H3), that estimates from the
nonprobability panel would suggest lower average expenditures, have to be
rejected.

RQ4: Do the differences between panels in expenditure estimates remain
after weighting?

The results in table 5 suggest that none of the weights reduce the differences
between panels in expenditure estimates. Focusing on total mean expenditure,
the unweighted estimates are not significantly different between the two sam-
ples. Neither the first weight (based on socio-demographic characteristics), nor
the second weight (which in addition includes financial behaviors) change this
conclusion. However, using the third weight (which in addition includes digi-
tal affinity) suggests a significantly lower mean total expenditure in the non-
probability panel compared to the probability panel (—£199.5, p = .027).

Examining individual expenditure categories, the results are mixed. The dif-
ferences between samples in mean expenditure on eating and drinking out,
and clothing and footwear, become insignificant when weight 3 is used. On
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Table 6. Overview of Research Questions, Hypotheses, and Whether the
Hypotheses are Supported by the Results

Research question Hypothesis Supported?
RQ1: Do the app study Compared to those participants from the

participants in the prob- probability-based panel, app study par-

ability-based panel have ticipants from the nonprobability online

different characteristics panel. ..

than those in the non- H1.1: .. .are more likely to be middle- Yes

probability online aged, female, and highly educated.

panel? H1.2: ... have higher levels of digital Mostly

skills.

H1.3: ... are more willing and less con- Yes
cerned to participate in additional smart-
phone-based tasks.

H1.4: ... have greater interest in their Yes
finances and are more involved in behav-
iors related to their finances.

RQ2: Are there differen- H2.1: ... are more likely to apply strat- No
ces between the panels egies to maximize their monetary
in how participants use compensation.
the app? H2.2: ... are more likely to apply strat- No

egies to minimize their effort.

RQ3: Are there differen- H3: Compared to estimates from a proba-  No
ces between the panels bility-based panel, estimates from the
in expenditure esti- nonprobability panel suggest lower aver-
mates, that is, the age expenditures.
study’s main outcome
of interest?

RQ4: Do the differences Differences between probability and non-
between the panels in probability samples will . ..
expenditure estimates H4.1: ... decrease when weighting for No
remain after weighting? socio-demographic characteristics, . ..

H4.2: ... decrease further when adding No
financial behaviors, . ..

H4.3: ... and decrease further still when No

adding digital affinity measures related

to the app use task.

the other hand, significant differences in mean expenditure emerge when
weights are applied for home improvements and household goods, health

expenses, socializing and hobbies, and games and toys.

These results do not support the hypotheses that differences between proba-
bility and nonprobability samples will decrease when weighting for socio-
demographic characteristics (H4.1), decrease further when adding financial
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behaviors (H4.2), and decrease further still when adding digital affinity meas-
ures related to the app use task (H4.3).

7. CONCLUSIONS

In this case study, we examined differences between app study data gathered
based on a probability-based mixed-mode panel and a nonprobability online
panel. Our case study is a “system comparison,” testing for differences in data
collected with the same tool in two different panels. The two panels differ in
their sample selection mechanism, but also in other aspects such as their incen-
tive scheme, survey modes, data collection frequency, respondent motivation,
and relationship with the survey organization.

We found that app study participants from the two panels differed on socio-
demographics, financial behavior, and digital affinity as well as their spending
reported in the app. These findings show that different people participated in
the two app study samples, and that the data from the two app study samples
led to different conclusions regarding key substantive app study outcomes.
Weighting did not reduce differences in mean expenditure between samples,
even when the weighting scheme included extensive participant information
from the baseline questionnaire.

In line with most of the research on nonprobability and probability-based
panel data, our results indicate that the differences in the nonprobability and
probability-based panel recruitment processes lead to differences in the data
gathered (e.g., socio-demographic characteristics, financial behavior, digital
skills and behavior, and substantive outcomes of interest) from these data sour-
ces. We examined two stages of selection into the app study, testing for differ-
ences between baseline survey respondents from the two panels (i.e., those
eligible for the app study) and differences between the app users from both
panels. In addition, we estimated propensity models examining whether the
predictors of participation in the app study differed between panels. The
results indicate that the differences between baseline respondents are in the
same direction and larger than the differences between app users from the two
panels, with two exceptions (willingness to do different tasks for a survey on a
smartphone and data security concerns). In addition, in line with most research
on nonprobability and probability-based panel data, our findings show that
these differences in the data are difficult to eliminate by weighting. While
most existing research only examined survey data, our findings indicate that
the differences can also be found in app study data gathered from nonprobabil-
ity and probability-based panel respondents.

The only data quality aspect for which we did not find evidence of differen-
ces between the nonprobability and probability-based panel was behavior in
using the spending app. This finding is contrary to the argument that nonprob-
ability panel participants try to maximize their monetary incentive at the
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expense of data quality. However, this finding is in line with some of the
scarce existing literature on response behavior in surveys, which is inconclu-
sive regarding the question of whether nonprobability panel participants
answer questions less conscientiously than probability-based panel
respondents.

Since our study is the first to compare app study data based on nonprobabil-
ity and probability-based panels, more research is needed to verify our findings
and to further explore which features of nonprobability and probability-based
panels lead to these differences in the gathered data. This is particularly impor-
tant since our study is unable to establish whether the probability versus non-
probability sampling procedure is responsible for the differences we found in
the app data. For example, while in our experience it is typical to use compara-
tively lower and in-kind incentives in nonprobability panels, applying the
same incentive schemes in both app studies may have led to different results.

The use of single imputation with modal categories for missing items is a
limitation. Robustness checks showed that using the imputed values produced
more conservative estimates than complete case analyses. As the rate of miss-
ingness is very low (ranging from O to 1.8 percent in the Innovation Panel and
from O to 0.2 percent in the access panel), the imputation method is unlikely to
affect the conclusions from this study.

In addition, the extent to which our findings are generalizable beyond
spending apps and beyond the specific panel survey studies (Understanding
Society Innovation Panel and Lightspeed UK) also remains to be explored in
future research. Moreover, since our study in 2018, app technology has pro-
gressed and smartphone use has increased (for an expenditure app with
enhanced design features, see Toepoel et al. 2020). In addition, future research
should examine which sample source for gathering app study data leads to
more accurate estimates relative to benchmark data for the intended target
population. Based on our study, we conclude that it remains critical to be cau-
tious about app studies conducted in a nonprobability panel, since results may
not translate to app studies conducted in a probability-based panel setting.

Supplementary Materials

Supplementary materials are available online at academic.oup.com/jssam.
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