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The use of smartphones for passive measurement can help increase response rates as such meas-
urement may reduce the burden for participants by simplifying respondent tasks. Additionally,
smartphone-based passive data collection can improve measurement quality by mitigating un-
derreporting and reducing recall errors. In diary studies with reporting periods that last multiple
days or weeks making these studies very burdensome, response rates are usually low and meas-
urement errors can be substantial. In such burdensome studies smartphone sensor data can be
particularly beneficial.
We report the results of a randomized experiment in an app-assisted travel diary study in
a probability-based sample in the Netherlands. The app uses passively collected geolocation
measurements to compile a diary consisting of trips and stops which respondents can edit and
enrich. We invited half of the respondents to participate in the travel app for one-day, and
the other half for seven-days (overall N = 2544). We also offered a one-day web diary as an
alternative and varied the moment of offering the web diary.
More people registered in the app diary (12%) than in the web diary (7%). Unexpectedly,
the initial app registration is significantly higher in the seven-day sample than in the one-day
sample (11% vs. 14%). Study completion is significantly higher for the one-day participants
(29% vs. 43%), making the absolute app completion rate the same (7%) for both groups.
Using the population registry data, we analyzed whether socio-demographic variables related to
travel behavior can predict participation in the app or web diary. We find differences in sample
composition between the app and the web diary participants and between the one-day and the
seven-day participants. Measurement quality in the app – measured with two dimensions – the
amount of passive data collected and the active engagement of participants with their data –
differs between the groups.
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1 Introduction

Smartphone apps have recently been tested as a method to
(partially) replace traditional paper and online diaries (see
e.g. Gillis, Lopez, and Gautama 2023; Jäckle et al. 2019;
Fischer and Kleen 2021). Smartphone apps offer promising
features to collect both digital behavioral data via sensors
such as GPS and accelerometers, and self-report measures
(Struminskaya & Keusch, 2020). The use of passive meas-
urement on smartphones can be beneficial for response rates
as it may reduce the burden for participants by replacing
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questions and simplifying tasks that respondents are asked
to perform (Struminskaya et al., 2020; Toepoel et al., 2020).
Additionally, sensor measurements can improve measure-
ment quality by mitigating underreporting and reducing re-
call errors. In diary studies where response rates are usually
low and measurement errors substantial, smartphone sensor
data can be particularly beneficial. In such studies, respon-
dents ideally report for multiple days or weeks, making
diary studies very burdensome for respondents.

While there is a general agreement that respondents pre-
fer shorter surveys over longer surveys (Revilla & Höhne,
2020), studies on the relationship between study duration
and nonresponse produce mixed results. Galesic and Bosn-
jak (2009) found lower response rates and lower completion
rates of longer web surveys for both the stated and ac-
tual length. Some studies find weak effects (Rolstad et al.,
2011) or that other design choices, such as survey mode
(see Cernat et al. 2022), have a larger effect on response
rates. Dillman et al. (1993) find that shortening a question-
naire improves response rates but the effects differ among
different populations. One reason for such mixed results
can be that study duration represents only one factor con-
tributing to response burden, which subsequently influences
nonresponse and measurement quality.

In this paper, we report on a smartphone-based travel
app study that uses passively collected geolocation mea-
surements to replace questions. We invited 2,544 individ-
uals from a probability-based sample in the Netherlands
to participate in the travel app study over a one-day or
seven-day period. The smartphone app automatically com-
piles a travel diary, consisting of a series of movements and
stops, based on passively collected geolocation data (Mc-
Cool et al., 2021). In this experiment, we test whether we
can reduce burden of a travel diary in two ways: by offering
a smartphone app next to a traditional online questionnaire,
and by offering a shorter study duration. The mixed-mode
design (concurrent vs. sequential) and the study duration
of one-day versus seven-days were randomized (more in-
formation about the data collection and the experiments is
given in the Data section).

Our focus in this paper is on the impact of the number
of diary days indicated in the survey invitation on nonre-
sponse and measurement quality. If a longer duration of an
app-based diary study does not negatively impact response
rates and measurement quality, this provides opportunities
for more and richer diary data. Our research questions are:
(1) how does the diary study duration (one vs. seven days)
influence response rates, (2) how does the diary study dura-
tion (one vs. seven days) influence who participates in the
app or the web mode of the study, and (3) how does the di-
ary study duration (one vs. seven days) influence measure-
ment quality measured as the amount of passively collected

geolocation measurements and the level of active engage-
ment in a travel diary app?

2 Background and Hypotheses

Response rates to surveys have been declining steadily over
the past decades (Luiten et al., 2020). A survey type that
requires special attention due to high nonresponse is the
diary survey. For example, Household Budget Studies in
the EU had a mean response rate of 50% in 2015, with
the Netherlands having the lowest response rate of 17%
(Eurostat, 2020). Response rates of the Dutch travel survey
(“ODiN”) have been decreasing in the past decade from 50
to 25% (McCool et al., 2021) despite increased efforts to
reduce the response burden by moving the survey online
and increasing the incentive.

Lower response rates can lead to less representative sam-
ples and if travel behavior of underrepresented groups dif-
fers from that of participants, also in a higher nonresponse
bias. The level of nonresponse depends among others on the
topic of the survey and the mode of data collection (Daikeler
et al., 2020; Groves et al., 2000, 2004). In our study we aim
to mitigate low response rates by offering a mobile app and
a short study duration. We theorize that the relation between
study duration and participation is mediated by study bur-
den, that is, a shorter study reduces burden for participants,
which then increases response and retention rates.

One of the first studies to investigate response burden is
a study by Bradburn (1978) which stressed the importance
of the interaction between the nature of the survey task (i.e.
the objective burden), and the respondent’s perception of the
survey task (i.e. the subjective burden). Bradburn’s concep-
tualization of burden involves four factors: survey length,
frequency of being surveyed, required respondent effort,
and the stress inflicted on the participant due to survey par-
ticipation. Currently, survey researchers still differentiate
between the objective burden and the subjective burden ex-
perienced by the respondent. Earp et al. (2022) used panel
data to derive proxy measures for objective burden (num-
ber of months in sample), and for subjective burden (rele-
vant household characteristics, and having item missing for
stressful or sensitive questions). Read (2019) examined in
a household budget app study the objective burden of re-
spondents with the frequency and duration of app use, and
subjective burden with self-report measures of how easy
and interesting it was to participate. In a recent review on
the concept of survey burden, Yan and Williams (2022) also
reflect on the dynamic nature of survey burden by differ-
entiating between the expected or initial burden at the time
of a survey request and cumulative burden that respondents
experience throughout the study. The initial burden influ-
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ences response rates whereas the cumulative burden affects
dropout rates and measurement quality.

For diary studies to ensure that a sufficient amount of
data is collected, while at the same time minimizing drop-
out caused by high burden, researchers need to carefully
consider the study duration. The advisable number of diary
days differs per subject matter and the cycle in which activi-
ties of interest occur. Harmonized European Time Use Stud-
ies (HETUS) guidelines recommend to measure one week-
day and one weekend day per respondent (European Com-
mission. Statistical Office of the European Union., 2020).
However, several Time Use researchers recommend to mea-
sure respondents for a week to account for intra-individual
variation of behavior, since many activities follow a seven-
day cycle (Glorieux & Minnen, 2009). For budget stud-
ies the study duration is commonly two weeks (Eurostat,
2020; Silberstein & Scott, 1991). The study duration of di-
aries used for medical research varies between a day and
twelve months depending on the disease and the frequency
of symptoms (Fischer & Kleen, 2021; Janssens et al., 2018).
After testing the variability of travel behavior in multiple-
week travel diaries, researchers recommend to measure for
at least one week (Stanley et al., 2018; Schlich & Axhausen,
2003). Despite these recommendations, the common ap-
proach in travel data collection is to ask participants to
keep track of their travels for one or two days in order to
minimize response burden (Gillis et al., 2023).

Studies using apps for passive measurement are poten-
tially less obtrusive for respondents, which allows us to con-
duct studies for longer periods (Toepoel et al., 2020). The
idea is that by combining active and passive measurement
on a smartphone, we can reduce the burden for respondents,
although this depends on the study characteristics (Keusch
& Conrad, 2022; Revilla, 2022; Toepoel et al., 2020).

In traditional cross-sectional surveys, participation and
completion are often conceptualized as binary outcomes.
However, in diary studies (te Braak et al., 2020) and studies
involving passive data collection (Antoun & Wenz, 2021;
Jäckle et al., 2019; Keusch et al., 2022) the participation
process is more complex. In diary studies, participants need
to familiarize themselves with the diary instrument and to
repeatedly report on their behavior instead of only once. To
participate in an app-based study respondents need to take
some additional steps: downloading, installing, and regis-
tering the app are all part of the initial set-up. Besides,
respondents may be asked to share additional data, which
not everyone is able or willing to do (Keusch et al., 2019;
Revilla et al., 2019; Struminskaya et al., 2021). These ad-
ditional tasks add to the initial burden. Then, respondents
need to continue using the app to complete the study task
which adds to the cumulative burden.

Whether an app-based diary is memory-based (i.e., re-
spondent input only such as entering expenses manually in

a budget app), automated (i.e., no respondent input such
as tracking geolocation), or semi-automated (i.e., respon-
dent validates passively collected information in a diary)
(Prelipcean et al., 2018) determines how much respondent
input is necessary. There are large differences among semi-
automated diaries. Harding et al. (2021) designed a burden
spectrum for travel diary apps to help identify how bur-
densome a travel app is. The automated travel diary, which
requires only passive logging, imposes the relatively lowest
burden (see e.g. a travel diary by Patterson & Fitzsimmons
(2016)). Giving more tasks to the respondent, such as an
initial survey and validation tasks, increases both the ob-
jective and subjective burden. Technological advancements
make fewer respondent tasks necessary. For example, when
an app makes predictions of the transport mode based on
the collected location data, the respondent does not have to
supplement this information, but only has to accept or cor-
rect the predicted mode, which is less burdensome. Several
studies have implemented transport mode prediction dur-
ing the data collection. Supplementary Table A.1 provides
an overview of recent smartphone-based travel studies that
use passively collected geolocation data along with their
key features.

A difficulty in assessing burden in app studies is that the
relation between the time spent on the study and burden is
ambiguous. Read (2019) found that in app studies, objective
and subjective burden measures are not necessarily closely
related. The length of the survey (number of questions or
time spent) is a commonly used metric for objective survey
burden. However, these metrics are unsuitable for measur-
ing objective burden in app studies. While we can calculate
the number of minutes participants spend in the app with
paradata, that is, a by-product of the data collection pro-
cess (Kreuter, 2013), this is not sufficient to estimate bur-
den. The time spent might be more indicative of motivation
than burden (Faghih Imani et al., 2020). Alternatively, in
an evaluation survey, participants can be asked about their
perceived burden.

2.1 Participation in App Studies

The study length is arguably the most obvious and intuitive
factor of burden influencing survey participation. We know
only of one app-based study using passive data collection
that explored the effect of a reduced number of diary days
on response rates, a travel app study by Svaboe et al. (2021).
The one-diary diary had a slightly higher uptake than the
earlier conducted seven-day diary, however, the design was
non-experimental and the study duration was not the only
alteration they made so the results are incomparable.

More research focused on the hypothetical willingness
to participate in app studies using passive data collection.
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A few studies in non-probability online panels have in-
cluded study length as an experimentally varied factor. In
vignette studies, respondents were 6–7 percentage points
more willing to participate in a shorter one-month study
than in a six months study (Keusch et al., 2019; Ságvári
et al., 2021). Ságvári et al. (2021) found that the effect
of study length was stronger amongst people with higher
smartphone usage and fewer concerns about passive data
collection. Ochoa (2022) tested a wider range of study du-
rations (one week, 1, 3, 6, and 12 months) in a vignette
study on sharing geolocation data. He found the same ef-
fect, participants prefer shorter study durations, and addi-
tionally found that the duration of the project is a more
important attribute for deciding whether to participate than
the amount of the incentive.

Most of the beforementioned studies are conducted in
non-probability panels, only consider hypothetical willing-
ness, and consider longer study duration than our study
does. Nonetheless, we assume that by specifying the num-
ber of diary days in the invitation letter, we make the initial
burden different for the two groups in favor of the shorter
study duration. We expect the app registration rates to be
higher in the one-day group than in the seven-days group
(H1.1).

In app-based studies that collect measurements in the
background, participants have to allow tracking on their
devices. We expect no differences between the rates of the
one-day and the seven-day group sharing geolocation mea-
surements in the app (H1.2).

In surveys in general, as well as specifically in diary
surveys there is usually a large initial dropout followed by
lower dropout rates over the course of the study (Lugtig,
2014; Tienda & Koffman, 2021; Hoerger, 2010; te Braak
et al., 2020). Therefore, it is understandable that the actual
length of the survey influences dropout, which is also found
by Peytchev (2009). This trend is also visible in recent app-
based diary studies, although technical issues on devices
might play a role in enlarging the initial dropout (Jäckle
et al., 2019; McCool et al., 2021). We expect a higher com-
pletion rate in the one-day group due to the fact that their
study task is shorter (H1.3).

2.2 Representation in App Studies

Researchers warn about representativity issues in studies
that collect data with smartphone apps due to people not be-
ing able or willing to participate (Keusch, Bähr, et al., 2020;
Scherpenzeel, 2017; Wenz et al., 2019). Part of the explana-
tion is coverage error, that is, the difference in smartphone
access, while another part is in the use of the devices, or
the (second-level) digital divide (Hargittai, 2002; Wenz &
Keusch, 2022). People with low technical skills have lower

levels of willingness to participate in studies that involve
app and sensor-based data collection (Keusch, Strumin-
skaya, et al., 2020; Wenz et al., 2019). This is supported by
Jäckle et al. (2023) who found that one-third of invitees to
their app study selected technical or ability related reasons
for not participating.

Underrepresentation of certain groups becomes a prob-
lem when participants and nonparticipants systematically
differ in the variables of interest (Peytcheva & Groves,
2009). Therefore, we investigate whether there are differ-
ences in demographic and travel-related characteristics of
non-participants and participants in the app and the web
mode of our travel diary study. We expect differences in the
composition of the samples that participate in the app vs.
the web version (H2.1).

Our main research question is whether certain groups
are willing to participate for a longer period than others.
To the best of our knowledge no studies have examined
the relations between study duration and representativity
specifically in the context of research apps with passive
data collection. Previous research has identified a relation-
ship between study duration and representativity in panel
surveys. Revilla and Ochoa (2017) found that age nega-
tive influences the maximum desired length for a panel
survey. Similarly, Revilla and Höhne (2020) reported neg-
ative effects of age on the desired and maximum survey
length. Additionally, they found that a higher number of
household members is associated with a reduced maximum
desired length. We expect differences in socio-demographic
and travel-related variables between the participants in the
one-day and the seven-day group (H2.2).

Lugtig, Roth, and Schouten (2022) demonstrated that
dropout from their app-based travel diary study did not af-
fect selectivity. Te Braak et al. (2020) found that the dropout
in their seven-day Time Use Study during the diary part was
in the same direction as the first selectivity from the pre-
questionnaire. Te Braak et al. (2020) find indications that
people with busy schedules, measured with occupational
status, dropout more often in time use diaries. This in con-
trast to Vercruyssen et al. (2014) who found that subjective
busyness was related to participation and objective busyness
was not. We expect no differences in socio-demographic and
travel-related variables between the participants who com-
plete the app study and those who drop out (H2.3).

2.3 Measurement Quality in App Studies

Data quality in diary studies is very dependent on the topic
of the study. In Time Use Surveys, substantive measures
can be used to evaluate quality in diaries (Chatzitheochari
& Mylona, 2021). In household budget studies measure-
ment errors such as rounding are used to assess data quality
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(Berg et al., 2022; Jonker & Kosse, 2013; Schmidt, 2014).
In travel surveys, we can assess measurement errors, for ex-
ample by checking whether there are return-trips recorded.
In travel app studies with passive tracking, there is an ad-
ditional source that helps to assess measurement errors: ge-
olocation measurements.

Several studies found that a longer survey length neg-
atively affects data quality (Galesic & Bosnjak, 2009;
Peytchev & Peytcheva, 2017; Toepoel & Lugtig, 2022).
In multi-day diary studies, this effect is called the fatigue
effect, where underreporting increases over the course of
the study (Hu et al., 2017; Schmidt, 2014). In diary studies,
however, there can also be a learning effect, so that provide
more accurate information, and thus data quality increases
over time. In our study, we can distinguish between the
passive data collection by the smartphone sensors (i.e.,
where no actions besides, perhaps, activation are needed
from the participant, such as geolocation measurement)
and the active interaction of the respondent with the diary.

The passive data collection by smartphone sensors can
be affected by dropout and phone malfunctioning. On active
days, we do not expect the number of geolocation measure-
ments to be different between the one-day and the seven-day
group (H3.1). Since the geolocation measurement is per-
formed continuously in the background, we do not expect
the number of geolocation measurements to be different be-
tween the first full day of the seven-day group and the mean
day of the seven-day group (H3.2).

The active engagement of respondents with the travel
diary is more likely to be affected by learning and fatigue
effects. However, the extent to which these processes oper-
ate similarly in app-based diary surveys using passive data
collection, as opposed to traditional diary surveys, remains
unclear. We do not expect the engagement on the first day
to be different between the one-day and the seven-day group
(H3.3). Although it can be a relatively low time consuming
task to validate the travel diary (that is, to accept or correct
the stops and tracks in the diary constructed based on the
collected geolocations), we anticipate that over the course
of the study, respondents will be less willing to complete
and annotate the diary. We expect the seven-day group to be
interacting less with the diary in the app over time (H3.4).

3 Methods

3.1 Sample, Experimental Design, and the
Smartphone App

In this paper we report on a travel diary study that used
a smartphone app to collect travel diary data over a one-
day or seven-day period. The experiment was carried out

between November 2022 and February 2023 by Statistics
Netherlands (Schouten et al., 2024).

Respondents were recruited from the Dutch administra-
tive register using a probability-based sample of the po-
pulation in the Netherlands. The target population con-
sists of non-institutionalized individuals aged 16 and older
who live in the Netherlands. The survey was distributed
by postal mail to a total of 3,211 individuals, consisting
of two groups: 667 individuals were part of a follow-up
sample who have previously completed a web-based Dutch
National Travel Survey (ODiN) (CBS, 2023) and 2,544 in-
dividuals were a fresh sample. In the fresh sample, respon-
dents were recruited using a cross-sectional sample of the
population in the Netherlands drawn from the population
register specifically for this study. The follow-up sample is
analyzed in another paper (Klingwort et al., 2025) and will
not be further discussed in this paper.

We tested two app versions: one with full editing func-
tionalities and one with limited editing functionalities. Fur-
ther elaboration on the app and the editing functionalities
follows after the description of the recruitment strategy. We
tested two recruitment strategies simultaneously: we varied
the invited study duration and the mixed-mode design. The
study duration of one-day (as it is used in the current web-
based travel diary) was tested against a study duration of
a week, seven days. The one-day group was instructed to
use the app on a specified weekday. This group needed to
download the app and register on the day before the spec-
ified day and use the app during 24h on the assigned day.
The seven-days group was instructed to use the app for
seven days. This group was not instructed to start using the
app on a specified day.

The second recruitment experiment concerns the mixed-
mode design: we vary when the web questionnaire is of-
fered as an alternative to app participation. The web ques-
tionnaire only had to be filled in for one day, but the day
was assigned. The three moments of offering the web ques-
tionnaire were: (a) immediately mentioned in the invitation
(i.e., a concurrent offer of the app option and web ques-
tionnaire option), (b) in the 1st reminder or (c) in the 2nd

reminder (i.e., both sequential offers). Table 1 shows an
overview of all experimental conditions with the number of
invited samples and the realized response rates.

The incentive for app participants was a voucher worth
10 euros conditional on completion. The amount was the
same for both study duration groups. Respondents who par-
ticipated in the alternative web questionnaire version of the
travel diary were only asked to provide information for
one day. The web survey diary had a different incentive:
a chance of winning an iPad or a voucher worth 400 euros.

The invitation letters were sent out by postal mail. The
letter contained a unique username and password necessary
to register in the app and/or web questionnaire. After regis-
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Table 1

Overview of invited samples, realized samples, and experimental conditions of the entire study

Invited samples

Follow-up Fresh Response Rate (in %)a

Sample
Study
duration app Web mode in ...

Mode
re-
quest

Incentive (C) Full edits Full edits Lim. edits app web

Follow-up Seven days Invitation Both 20 667 – – 32 21

Fresh One day Invitation One 10 or lottery – 212 212 10 9

Fresh Seven days Invitation One 10 or lottery – 212 212 11 11

Fresh One day 1st reminder One 10 or lottery – 212 212 12 7

Fresh Seven days 1st reminder One 10 or lottery – 212 212 13 7

Fresh One day 2nd reminder One 10 or lottery – 212 212 10 4

Fresh Seven days 2nd reminder One 10 or lottery – 212 212 14 4

The follow-up sample consists of participants of the 2022 web-based Dutch National Travel Survey. Regardless of the mode, the one day option
is always accompanied by an assigned day. One mode request means respondent were asked to choose one of the diary options, both modes
request means respondents were asked to complete the web diary and the app diary. In this paper, we do not analyze the follow-up sample due to
the differences in sample composition and experimental set-up.
a AAPOR Response Rate RR2

tration, respondent’s device information was recorded in the
database. A short in-app introduction questionnaire (twelve
personal and transportation-related questions) was the first
thing participants encountered in the app. Secondly, par-
ticipants were offered a short introduction tour in the app
showing the app functionalities. Only then were partici-
pants asked to allow sharing of their geolocation data. The
app started collecting geolocation data immediately after
participants gave permission.

The app was compatible with both iOS and Android
operating systems and was designed to work properly for
phones not older than five years. Participants who had older
models could still download the app and participate. The
app sent no push notifications to avoid potential interactions
with the study duration experiment. The app users who
had been respondents in the app for at least 24-hours, for
the one-day group, or five days, for the seven-day group,
received their incentive voucher by postal mail alongside
an invitation for an online evaluation survey of the app.

All the movements and stops collected by the app were
visible to the respondent in a daily overview with a map
(see Fig. 1a). By clicking on a movement recorded in the
app (i.e., a trajectory with a starting and end point) a new
screen opened on which respondents could edit their trip
or delete the trip by clicking on the red bin symbol (see
Fig. 1b). Participants were invited to validate each move-
ment by labeling it with the mode of transportation used,
and each stop by labeling it with the functional location
(e.g., home or work). The functionality to label or delete
movements and stops was available to all respondents. At
the end of each diary day, respondents could submit the
information about the entire day marking it as ‘complete’

and optionally enter a comment about their day. There was,
however, no “submit” button, that is, no action from the
respondent was needed to transfer data to Statistics Nether-
lands. The data was collected continuously and periodically
sent to the servers when internet connection was available.
The two additional editing functionalities in the app only
available to the group with full editing options were: 1)
modifying the starting and/or ending time of a movement
or stop and 2) manually entering a movement or stop in the
app.

Fig. 1c shows a screenshot of the overview of study
days as visible to a participant. The one-day group was
instructed that they could ignore days after the first full day
and informed that they could continue for a full week, if
they wanted to.

4 Analysis Plan

4.1 Nonresponse

For the overall app and web response rates we count the
partial and complete responses (AAPOR RR2, (American
Association for Public Opinion Research, 2023)). Then, for
the app responses we make a subdivision based on the ex-
tent of participation. We use three stages of nonresponse
based on the stages defined by Lugtig et al. (2022) in
a study that used an earlier version of this travel diary app.
Stage 1 indicates that a respondent downloaded and regis-
tered in the app. Stage 2 indicates participation, which we
define as having provided at least one geolocation meas-
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Fig. 1

a Daily overview b Validating a trip c Monthly overview with progress of participant

urement. Stage 3 indicates study completion as described
in the invitation letter, that is, keeping the app for one full
day after the app installation for the one-day group and for
seven days for the seven-day group. For each respondent,
we determined whether the app remained installed based on
the presence of either passive collection of geolocation data
or active engagement of the respondents with the app (using
app paradata). Additionally, we calculate the percentage of
respondents reaching stage 2 conditional on stage 1, that
is the percentage of the registered respondents that pro-
vides any geolocation measurements in the app, and the
percentage reaching stage 3 conditional on stage 2, that is,
the percentage of participants providing location measure-
ments who complete the study (the definition of completion
varies by assigned study duration).

For hypothesis 1.1, we compare the percentage in the
one-day and the seven-day group reaching stage 1. For hy-
pothesis 1.2, we compare the percentage in the one-day
and the seven-day group reaching stage 2, and the percent-

age reaching stage 2 conditional on reaching stage 1. For
hypothesis 1.3, we compare the percentage in the one-day
and the seven-day group both for reaching stage 3, and for
reaching stage 3 conditional on reaching stage 2. To assess
the significance of the differences in the (conditional) re-
sponse rates, we conduct χ2-tests. To reflect the uncertainty
in the data, we calculate Wilson 95% confidence intervals
(CIs) around the proportions (Brown et al., 2001).

4.2 Representativity

We use a multinomial logistic regression model to evalu-
ate hypothesis 2.1; we study whether there are any differ-
ences in the composition of the samples that participate in
the app vs. in the web diary vs. do not participate in ei-
ther. In the model we aim to predict participation in the
app (stage 2—sharing geolocations) and in the web diary,
while nonparticipation serves as the reference category. In-
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dividuals who registered in both modes are treated as app
respondents to avoid counting them twice, and to be able to
include them in subsequent app analyses. We chose to focus
on stage 2 participants since without sharing location data,
their registration is not useful to Statistics Netherlands. We
include socio-demographic respondent characteristics and
the following study characteristics related to the recruitment
strategy: study duration as stated in the invitation (one vs.
seven days) and the moment of offering the web question-
naire (directly in invitation letter vs. in the first reminder
letter vs. in the second reminder letter).

The socio-demographic variables we use to predict study
participation were taken from the population register that is
centrally available in the Netherlands, and therefore avail-
able for all invited sample members. We use the following
variables that are predicted to be related to both partici-
pation and travel behavior (CBS 2023): gender (male vs.
female), age classes (16–24 vs. 25–44 vs. 45–64 vs. 65+),
migration background (born in Netherlands vs. not born
in Netherlands), household disposable income classes (1st

vs. 2d vs. 3th vs. 4th quartile), working status (employed vs.
self-employed vs. unemployed vs. retired vs. other or un-
known), household type (1 person vs. 2 (a couple) vs. 2+
(couple with children) vs. 1+ (other compositions including
single parents)), degree of urbanicity (low (<500 addresses
per km2) vs. moderate (500–1500 addresses per km2)) vs.
high (>1500 addresses per km2), car ownership (yes vs. no),
driver’s license (yes vs. no).

To compare the representativity of the sample participat-
ing in the app and web diary we calculate R-indicators and
Coefficients of Variation (CV). For both these representa-
tiveness indicators we use the available socio-demographic
variables in the model, so we exclude the study charac-
teristics. Both representativity measures range between 0
and 1. Higher values of the R-indicator, and lower values
of the CV indicate better representativity: that is, higher
sample balance and a lower risk of nonresponse bias (for
more details see Schouten et al., 2009; Shlomo et al., 2012).
The CV is better suited for comparisons of samples with
different sizes. Software code and a manual for the calcula-
tions of the R-indicator and the CV can be found at http://
www.risq-project.eu.To reflect the uncertainty in the data,
we calculate 95% confidence intervals around the R-indica-
tors, and Coefficients of Variation. Confidence in intervals
are calculated with the bootstrap method, using 1000 repli-
cations of the dataset, since an easy analytical derivation is
not available.

To evaluate whether certain groups are willing to partic-
ipate for a longer period than others (H2.2), we compare
the characteristics of the individuals who register in the app
or in the web questionnaire crossed with the study duration
stated in the invitation. The multinomial logistic regression

model with significant interaction effects can be found in
Supplementary Table A.3.

We use a logistic regression model to analyze if so-
cio-demographic or experimental variables predict whether
participants who registered in the app complete the study
(H2.3). We use the same socio-demographic variables as in
the multinomial logistic regression models predicting par-
ticipation and add the relevant experimental study charac-
teristics, namely study duration as stated in the invitation
(one vs. seven days) and available editing options (limited
vs. extensive), and add variables describing the device used
in the app, namely device type (Samsung vs. iPhone vs.
other) and age category of device’s operating system (OS)
(new vs. old vs. neither new nor old) which we derived
from paradata. We are not able to analyze potentially rele-
vant respondent characteristics such as technological skills
and privacy concerns since these are not available in the
administrative register data.

4.3 Measurement quality

To answer the question whether the study duration as stated
in the invitation letter influences the measurement quality,
we assess the amount of data passively collected and the
active engagement of participants with their data. Firstly, we
consider the quantity of the passively collected geolocation
measurements. We measure the quantity as the hours and
minutes on a day with at least one sensor measurement
collected.

Secondly, we consider the active interaction of respon-
dents with the daily overview of their trips and stops. We
measure this with the percentage of days in which respon-
dents validate and label a trip or stop in the app diary, and
by the percentage of days on which respondents with ex-
tensive editing options manually added a trip or a stop.

Additionally, we also consider technical issues with the
app’s processing of geolocation data into a diary overview
with trips and stops. This was not the case for all partici-
pants on all days which hinders the ability to label trips and
stops. To reflect the quality of the app processing we show
the percentage of participants for whom trips and stops are
compiled with geolocation measurements.

Of the eligible participants we compare the following
five measurement quality outcomes per day:

– Mean minutes per day in which a geolocation sensor
measurement was collected;

– Mean hours per day in which at least one sensor meas-
urement was collected;

– Percentage of days with geolocation measurement for
which trips and stops are compiled;

http://www.risq-project.eu
http://www.risq-project.eu
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– Percentage of days with compiled diaries on which par-
ticipants labeled any trip with a vehicle or any stop with
a functional location (natural function of the place, e.g.
work or home);

– Percentage of days with manually added stops or trips,
for participants with extensive editing options.

To compare measurement quality between the one-day
and the seven-day group (H3.1 and H3.3), we select the
first full study day of all participants who registered. This
is the day after registration, the day the one-day group is
instructed to start. By selecting the first full day instead
of the registration day, we omit a learning period and make
sure that everyone has potentially twenty-four hours to send
geolocation measurements. Additionally, we compare these
days to the mean day of the seven-day group, to check for
potential changes in measurement quality over time (H3.2
and H3.4). We construct 95% confidence intervals around
all estimates with the non-parametric bootstrap method us-
ing 1000 replications of the dataset. The variables on the
amount of sensor measurement per day have a distribu-
tion with bounded support, they can take values between
0–24h and thus 0–1440min. Because the variables are not
normally distributed we used the distribution-independent
bootstrap method for calculating the 95% confidence in-
tervals instead of a standard closed-form formula (Efron &
Tibshirani, 1993).

All analyses were run in R (version 4.2.3) (R Core Team,
2021). The code is available in the replication materials.
The datafiles loaded in the R code are property of CBS
(Statistics Netherlands) and contain micro-data from the
population register, and can therefore not be openly shared.

Table 2

Response rates (RRs) travel app per experimental treatment group

One-day group Seven-days group Contrasts

95% C.I. 95% C.I.

RRs per survey stage n % Lower Upper n % Lower Upper Χ2 p-value

Stage 1: registration 139 11 9 13 176 14 12 16 4.70 0.03

Stage 2: participation 133 11 9 12 159 13 11 14 2.61 0.11

Stage 3: completion 94 7 6 9 92 7 6 9 0.01 0.94

Stage 2 conditional on Stage 1 – 96 91 98 – 90 85 94 2.04 0.15

Stage 3 conditional on Stage 2 – 71 62 78 – 58 50 65 4.89 0.03

N invited – 1272 – 1272 – –

The table shows the response rates per (conditional) survey stage for the two experimental treatment groups that were invited to participate for
one-day or for seven-days in the travel app. n denotes the number of respondents. Wilson 95% Confidence Intervals (C.I.) were used. We
conducted pairwise contrasts of percentages

5 Results

5.1 Stages of Nonresponse

In the fresh sample, 2,544 persons were invited to the study,
of which 315 registered in the app (12%, AAPOR RR 2),
and 178 completed the questionnaire (7%, AAPOR RR 2).
Although they were asked in the invitation letter to partici-
pate in one mode, 10 respondents both registered in the app
and completed the questionnaire. A total of 483 respondents
participated (19%, AAPOR RR 2). In the remainder of this
section we will focus on the app respondents.

As explained in the analysis plan, we use three stages
to analyze response behavior of participants in the app and
answer the question whether people are more likely to par-
ticipate in an app-based travel diary for one or seven days.
The (conditional) response rates for each stage are shown
in Table 2. Contrary to our expectations, the initial registra-
tion is lower in the one-day group (11%) than in the seven-
day group (14%). The difference is statistically significant
(χ2(1) =4.70; p = 0.03) and we reject H1.1. Most people
who registered in the app reached stage 2 and sent geoloca-
tion measurements. The percentages reaching stage 2, and
the percentages reaching stage 2 conditional on stage 1,
do not significantly differ between the one-day group and
the seven-day group thus we reject H1.2. Note that the dif-
ference between the two groups reaching stage 2 is not
significant anymore, while it was for stage 1. Not everyone
completed the study and reached stage 3. A sizeable amount
of 29% of the one-day group dropped out within 24-hours
and 43% in the seven-day group dropped out before the 7th

day. This means that a significantly higher percentage of the
participants in the one-day group completed their instructed
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study duration (χ2(1) =4.89; p = 0.03) and we thus do not
reject H1.3.

Table 3

Multinomial logistic regression results of app and web participation

Non participation App participation Web participation

AME Std. Error AME Std. Error AME Std. Error

Study duration in invitation (ref. 1 day)

7 days –0.031* 0.015 0.021 0.012 0.010 0.009

Moment web diary (ref. in invitation letter)

In 1st reminder letter 0.011 0.018 0.014 0.015 –0.025* 0.012

In 2 d reminder letter 0.035* 0.018 0.012 0.015 –0.047** 0.012

Sex (ref. Male)

Female –0.011 0.015 0.005 0.012 0.006 0.010

Age: (ref. 16–24 years)

25–44 0.028 0.027 –0.021 0.024 –0.007 0.017

45–65 0.040 0.028 –0.042 0.024 0.002 0.018

65+ 0.031 0.038 –0.051 0.031 0.020 0.025

Born in NL (ref. no)

Yes –0.041* 0.018 0.046** 0.014 –0.005 0.013

Income percentile (ref. 1–24)

25–49 0.026 0.022 –0.006 0.019 –0.020 0.013

50–74 –0.053* 0.025 0.032 0.020 0.020 0.016

75–100 –0.091** 0.027 0.065** 0.022 0.026 0.017

Working status (ref. employed)

Self-employed 0.042 0.024 –0.046* 0.019 0.004 0.017

Unemployed –0.005 0.038 –0.009 0.032 0.014 0.024

Retired –0.028 0.034 –0.013 0.028 0.041 0.023

Other or unknown 0.041 0.041 –0.041 0.035 0.000 0.026

Household type (ref. 1 person)

2 –0.073** 0.021 0.040* 0.018 0.032 0.013

2+ –0.033 0.022 0.018 0.018 0.015 0.014

1+ and other 0.005 0.029 0.014 0.026 –0.019 0.016

Urbanicity (ref. low)

Medium 0.018 0.017 0.006 0.018 0.016 0.015

High –0.021 0.022 –0.003 0.014 –0.015 0.011

Driver’s license (ref. no)

Yes –0.019 0.022 0.018 0.017 0.001 0.015

Owning a car (ref. no)

Yes –0.010 0.017 –0.006 0.014 0.016 0.011

N 2544

N = sample size
* p < 0.05, ** p < 0.01.

5.2 Representativity

We evaluate representativity in three steps. First we present
the results of a multinomial regression for web and app
participation as a basis for the representativity indicators.
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We enter all auxiliary variables at once and do not perform
variable selection. Second, we explore the role of inter-
actions between the experimental condition study duration
with various auxiliary variables. Here, we do perform a va-
riable selection procedure. Finally, we evaluate completion
through a logistic regression. Here, again we enter all rele-
vant variables into the model.

5.3 Explaining Web and App Response

Table 3 shows the results of the multinomial logistic re-
gression that compares background characteristics of three
groups: participants in the app who reached stage 2, web
diary survey participants, and non-participants.

We find significant effects of the recruitment strategies
on study participation. People invited for a study duration
of one day are 3 percentage points (p.p.) less likely than
those invited for seven days to participate in the study at
all. The study duration effect is not significant for the app
or web mode separately. The timing of offering the web
questionnaire (directly or in a reminder letter) influences the
response rates; the probability of participation in the web
diary decreases when the web mode is not offered directly
(offered in 1st reminder: –2.5 p.p., offered in 2d reminder:
–4.7 p.p.). Interestingly, offering the web questionnaire later
had no significant effect on response rates of the app.

On basis of the available socio-demographic variables
we calculated representativity measures for the app and the
web respondents. The 95% confidence intervals of the R-in-
dicators overlap, meaning that the overall representativity
of the app (R-indicator = 0.90 [95% C.I. 0.88; 0.93]) and
the web (R-indicator = 0.92 [95% C.I. 0.89; 0.94]) do not
differ significantly. However, the Coefficient of Variation,
which takes the sample size into account, is worse for the
web (CV = 0.50 [0.41, 0.60]) than the app (CV = 0.35
[0.29, 0.41]). The combined response of the app and web
diary results in slightly improved coefficient of variation
(CV = 0.32 (95% C.I.: 0.29; 0.38)) and a slightly worse
R-indicator (R-indicator = 0.88 (95% C.I.: 0.893; 0.946)).

We do find significant effects on participation of the fol-
lowing socio-demographic variables: income class, working
status, migration background, and household type, thus we
do not reject H2.1. Those in the highest income class are
6.5 p.p. more likely to participate in the app, compared
to those in the lowest income class. People in the second
income quartile are 5.3 p.p. more likely to participate in
the study (any mode), compared to those in the lowest in-
come class. Self-employed are 4.6 p.p. less likely than those
who are employed to participate in the app. We find similar
effects as the previous travel app study did for migration
background (Lugtig et al., 2022). Individuals born in the

Netherlands are significantly more likely to participate in
the app compared to those not born in the Netherlands. We
do not find such an effect for the web diary.

Consistent with the findings of the previous travel app
study by Statistics Netherlands (Lugtig et al., 2022) is that
owning a driver’s license and owning a car, which are
strongly related to travel behavior, are both not related to
participation behavior. Members of two-person households
are 7.3 p.p. more likely to participate in the study than not,
compared to people living alone. The results of the multino-
mial logistic regression with the significant interactions of
variables with study duration can be seen in Supplementary
Table A.3. The results imply that one-person households are
less likely to participate for seven days than for one day.
We added interactions of various auxiliary variables with
study duration to the multinomial logistic regression. We
found only household type to have a significant interaction
effect with study duration. Thus, we do not reject H2.2.
The results of the multinomial logistic regression with this
significant interactions of household type with study dura-
tion can be found in the Supplementary (Table A.2). The
results imply that one-person households are less likely to
participate for seven days than for one day.

5.4 Explaining completion

Table 4 shows the outcomes of the logistic regression model
predicting who completes their study after app registration.
Respondents who complete the study (as defined by their
respective study durations) are less frequently living alone.
Other socio-demographic and travel-related variables show
no significant effects so we do not reject H2.3. We do find
significant effects on study and device characteristics. Par-
ticipants registering with a smartphone other than an iPhone
or a Samsung are 22.3 p.p. less likely to complete the study.
The age of the operating system (OS) does not influence
dropout rates. Participants with limited editing capabilities
in the app are 14.5 p.p. more likely to dropout than those
with extensive editing options. Lastly, participants invited
for a seven-day diary are significantly less likely to com-
plete the study, as also visible in Table 2 with the partici-
pation rates.

5.5 Measurement quality

We first summarize the results for the announced data col-
lection period, the first seven days in the app. By our design,
respondents in the one-day group only had to participate
for one full day after which they were allowed to delete
the app, but if the app was still on their phone it would
continue measuring for the entire period of seven days. To
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Table 4

Logistic regression results of study completion for app
participants

Reference = no completion Completion

AME Std. Error

Study duration in invitation (ref. 1 day)

7 days –0.142** 0.055

Sex (ref. Male)

Female –0.034 0.056

Age: (ref. 16–24 years)

25–44 0.108 0.095

45–65 0.061 0.106

65+ –0.024 0.127

Born in NL (ref. no)

Yes 0.097 0.082

Income percentile (ref. 1–24)

25–49 0.077 0.110

50–74 –0.003 0.098

75–100 0.052 0.096

Household type (ref. 1 person)

2 0.223* 0.089

2+ 0.133 0.093

1+ and other 0.256* 0.125

Urbanicity (ref. low)

Moderate 0.001 0.081

High 0.048 0.065

Driver’s license (ref. no)

Yes –0.101 0.082

Owning a car (ref. no)

Yes 0.059 0.064

Device (ref. iPhone)

Samsung –0.040 0.063

Other –0.223* 0.099

OS age (ref. new)

Average 0.063 0.067

Old –0.028 0.099

Editing options (ref. extensive editing)

Limited editing –0.145** 0.056

N 315

N number of app registrants (stage 1)
Working status groups are omitted, no self-employed completed the
study.
* p < 0.05, ** p < 0.01

compare the measurement quality between the one-day and
the seven-day group we concentrate on the first full day
of both groups. We also compare this to the mean day of
the seven-day group as to investigate whether measurement
quality changes over the week for the seven-day group. The
results are shown in Table 5.

In the app, geolocation data was collected for 133 re-
spondents in the one-day group and 159 in the seven-day
group—that is the participants that reached stage 2. The
mean number of days for which geolocation data was col-
lected is higher for the seven-day group (5.7 days) than for
the one-day group (4.5 days). This means that many re-
spondents provide data on more diary days than we asked
them to, which is in line with other app-based travel diary
studies (Gillis et al., 2023).

On the first full day geolocation data was collected for
95 respondents in the one-day group and 115 in the seven-
day group. Both groups have on average 16h with geolo-
cation data on the first full day. Thus, we do not reject
H3.1. Over time, the seven-day group provides less hours
with location measurements as visible by the lower average
amount of hours and minutes with geolocation measure-
ments on the first full six days of the seven-day group.
This is different than we expected (H3.2). However, for
all groups the variation of the amount of hours with ge-
olocation measurements is high, some participants provide
geolocation measurements on only one hour while others
provide data for the full twenty-four hours of a day.

For some participants the app did not compile a diary for
some days on which they had collected geolocation mea-
surements. On those days, participants were not able to see
trips and stops in their daily overview in the app and thus
also not able to validate them. We speculate this is either
because respondents did not open the app anymore, which
was necessary for the app to compile the data into a di-
ary, or because of technical issues of the app. For measures
concerning the active engagement with the app we con-
sider the participants who were able to see trips and stops
and interact with them in their daily overview in the app.
Contrary to our expectation (H3.3), a higher percentage in
the one-day group (79%) labeled any period than in the
seven-day group (73%). Among the respondents with ex-
tensive editing options who reached stage 2, roughly the
same percentage of participants in both the one-day and the
seven-day group used the function of adding trips and stops
manually on their first day (23% vs. 20%). Over time, the
active engagement with the app did not change much for
the seven-day group so we reject H3.4.

Noteworthy, the travel app did not perform equally well
for all types of devices and brands. Older smartphones and
certain brands registered fewer geolocation points and had
more missing periods. The differences between iOS and
Android were, however, relatively small.



THE EFFECTS OF STUDY DURATION ON NONRESPONSE AND MEASUREMENT... 401

Table 5

Measurement quality of users with any geolocation data collected on first full day

One-day group

95% C.I. 95% C.I. 95% C.I.

Mean Upper Lower Mean Upper Lower Mean Upper Lower

Mean minutes per day with a geolocation
measurement

661 565 763 608 520 700 502 459 540

Mean hours per day with at least one geolocation
measurement

16 14 17 16 14 17 13 12 14

Percentage of days with compiled trips and stops 88 84 93 84 79 89 89 86 92

Percentage of compiled diary days with labels 78 71 85 73 66 80 69 65 73

Percentage of days with manually added stops or
trips (participants with full editing only)

23 14 32 20 12 28 25 20 30

Diary days 95 115 538

95% Confidence Intervals (C.I.) are based on 1000 bootstrapped datasets

6 Discussion

In this paper, we reported on an app-assisted travel study
that collected geolocation measurements to compile a di-
ary consisting of trips and stops which respondents could
edit and enrich. We conducted a randomized experiment in
which 2544 individuals from a probability-based sample in
the Netherlands were assigned to either participate in the
travel app for one day or for seven days. As an alternative
mode to the app, we offered a one-day web diary, either di-
rectly in the invitation letter or in one of the two reminder
letters. We varied the study length in order to learn about
the respondent trade-offs between active engagement, bur-
den and the logic of employing a mobile app. We varied
the timing of the web questionnaire in order to learn about
respondent preferences in mode (smart app versus ‘non-
smart’ web questionnaire). In our study design, respondents
were not aware of the experimental conditions. Our research
questions address the impact of diary study duration on rates
and representation of registration and engagement, and on
measurement quality. We do not explicitly report the impact
of the timing of the web questionnaire invitation, but we do
compare representation between the modes.

We find that diary study duration has a modest impact
on registration, measurement quality and the choice of app
versus web questionnaire, but that drop-out can be size-
able. However, offering the alternative web questionnaire
sequentially instead of concurrently did not significantly
increase the response rates for the app diary but did signif-
icantly reduce the response rate of the web diary. Also, the
modes differ in which respondents they attract., and, hence,
representation.

Contrary perhaps to expectations and vignette studies
findings (Keusch et al., 2019; Ochoa, 2022; Ságvári et al.,

2021), the response rate was, in fact, significantly lower
among the group invited to participate in the app for one
day compared to those invited for seven days (11 vs. 14%).
As expected, participants invited to track their travel be-
havior for one day completed the study more often (71%)
than those invited to track for seven days (58%). Respon-
dents invited to participate for one day often extend their
participation, implying that the cumulative burden of par-
ticipating for multiple days is not so high. Especially if this
cumulative burden is compared with the high initial burden
of downloading and registering a study app.

We do find significant effects of socio-demographic vari-
ables on participation in the app and web diary. In the web
diary, we find people living in highly urban areas, and peo-
ple in the second income quartile (compared to the first
income quartile) less likely to participate. In the app diary
we find self-employed people and people not born in the
Netherlands less likely to participate. People in the highest
income quartile are more likely to participate in the app.
Both in the app and in the web diary two-person households
are more likely to participate than one-person households.
Additionally, we find that one-person households were less
likely to participate in the seven-day diary than in the one-
day diary than persons with other household compositions.
Except for the household type, we did not find any other
significant relations between socio-demographic variables
and the study duration.

There were only small differences in the measurement
quality between the one-day and the seven-day group on
the first full day. Both groups provide on average 16h
with geolocation measurements. The one-day group is
slightly more actively engaged than the seven-day group on
their first full day, demonstrated by a higher labeling rate
(78 vs. 73%). In the seven-day group we do see some sort
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of fatigue effect, as the average number of measurements
collected during the first six days is lower than that of the
first full day. We do not see a strong difference in active
engagement over time.

The dropout from the app study was, however, consider-
able, with 29% of the one-day group discontinuing partici-
pation within 24h and 42% of the seven-day group drop-
ping out before the seventh day. It is difficult to disentangle
the potential reasons for dropout such as app usability, tech-
nical issues with devices, and respondent motivation. The
results of the logistic regression model predicting comple-
tion imply that the app functionalities and device types did
affect attrition. While not everyone uses the editing func-
tionalities, participants with limited editing functionalities
dropped out more often than those with extensive editing
functionalities. We assume smartphone users are used to
having extensive functionalities in apps and we received
anecdotal in-app respondent feedback that not being able
to edit mistakes in the diary is frustrating. Participants with
a smartphone other than an iPhone or a Samsung completed
the study less often. We saw that these devices had more
technical issues which can add to cumulative burden. Over-
all, the combined response rate was 19% (12% for the app
and 7% for the web diary) which was lower than we ex-
pected based on the previous travel app in 2018 (27% for
seven days, see Lugtig et al., 2022; McCool et al., 2021).
Besides the overall declining response rates, and the recruit-
ment strategy with a low conditional incentive, the experi-
mental study design likely has impacted the response. The
mix of modes, resulting in lengthy and complex invitation
letters may have confused or demotivated respondents. An-
other limitation of our study was the measurement quality
of the location data. Also when omitting some problem-
atic brands and models, the amount of missing data and the
drop-out were larger than in 2018.

The higher response rate for the seven day groups as
opposed to the one day group is intriguing. We see two
likely explanations for the lower response rate for the one-
day study. The assignment of a fixed starting day hinders
people from starting the study immediately after which they
might simply forget to participate. Another potential expla-
nation is that the initial burden of downloading the app,
setting it up and adhering to the study protocol is too high
for a one-day study so that participants might think the
effort is simply not worth their time.

Another reason to argue for a longer study duration is
that people have trouble following instructions regarding
when to begin and finish the one-day diary. Since partici-
pants can only start to provide data upon app installation,
they can provide fewer hours on the starting day. There-
fore, to ensure a full day of data collection, we instructed
the one-day group to begin using the app on the day follow-
ing their app registration. However, some people only used

the app on the day of the app installment. Moreover, not
everyone invited to participate for one day used the diary
app on their assigned day.

As a byproduct of our analyses, we learned that active
app respondents, regardless of whether they completed the
study of the duration assigned to them or not, have vary-
ing response patterns. Some did not provide any geoloca-
tion measurements after one hour, while others still did for
a couple of days. Moreover, the variation in the number
of geolocation measurements provided is high. Due to this
variation in measurement quality among participants a dif-
ferent definition of study completion that takes into account
the quality of the collected data, might be useful. There-
fore, further research into thresholds of a sufficient number
of hours and days with geolocation data to calculate valid
travel statistics is necessary. This is also useful from the
perspective of data minimization. Researchers and national
statistical institutes want to collect minimal data (for ex-
ample, to protect participants’ privacy) while being able to
calculate meaningful statistics. Further research is neces-
sary in order to recommend for how many days researchers
need to collect app travel diary data.

We see a few more avenues for future research and ex-
plorations. An important open question is how to combine
different modes, if at all. A recommendation is to go for
a harmonization of web questionnaire and app design pa-
rameters. Furthermore, future studies on the feasibility of
app data collection for official statistics might benefit from
a more explicit focus on burden by asking the respondents
in-situ. We do have measures on how much time people
spend in the app, but we did not ask about the experi-
enced burden in the app. Furthermore, as discussed by Read
(2019), it would be useful to compare the burden between
mobile app data collection and traditional survey methods.

We conclude with a few recommendations based on
our experiences with conducting the app-based diary study.
Firstly, we advise to offer an alternative mode next to the
app mode as not everyone is able or willing to use an app.
In our study adding a web mode did not lower the app
uptake. Additionally, the composition of the web and app
respondents does not differ greatly in terms of the available
socio-demographic background characteristics. Why some
people prefer the app or web mode for a diary study, needs
further investigation with different sets of variables. Sec-
ondly, we advise to conduct the study for one week as the
willingness to participate multiple days is high, and the be-
forementioned advantages of collecting multiple diary days
per person are compelling. Thirdly, we advise to offer ex-
tensive (editing) functionalities in the app as this does not
adversely affect participant dropout rates but does have the
advantage of improved data quality.
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