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Abstract

:

The main question of this paper is what factors influence willingness to participate in a smartphone-application-based data collection where participants both fill out a questionnaire and let the app collect data on their smartphone usage. Passive digital data collection is becoming more common, but it is still a new form of data collection. Due to the novelty factor, it is important to investigate how willingness to participate in such studies is influenced by both socio-economic variables and smartphone usage behaviour. We estimate multilevel models based on a survey experiment with vignettes for different characteristics of data collection (e.g., different incentives, duration of the study). Our results show that of the socio-demographic variables, age has the largest influence, with younger age groups having a higher willingness to participate than older ones. Smartphone use also has an impact on participation. Advanced users are more likely to participate, while users who only use the basic functions of their device are less likely to participate than those who use it mainly for social media. Finally, the explorative analysis with interaction terms between levels has shown that the circumstances of data collection matter differently for different social groups. These findings provide important clues on how to fine-tune circumstances to improve participation rates in this novel passive digital data collection.
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1. Introduction


Empirical social science, especially survey research, is increasingly challenged by growing non-response rates. The systematic exclusion of certain social groups calls into question the representativeness of the samples used and the accuracy of the estimates derived from them [1,2]. It is therefore essential to investigate the potential selection biases caused by non-response to units. This is especially true for innovative data collection techniques that go beyond traditional survey methods by using new instruments to collect new types of data [3,4,5].



The vast majority of empirical studies in the social sciences still rely on traditional, survey-based data collection procedures. However, a growing number of experiments are taking advantage of the opportunities offered by the information revolution and the development of infocommunication technologies, and are developing new procedures and methods for data collection [6,7,8,9]. The vast majority of empirical studies in the social sciences still rely on traditional, survey-based data collection procedures. However, a growing number of experiments are taking advantage of the opportunities offered by the information revolution and the development of infocommunication technologies and are developing new procedures and methods for data collection [6,7,8,9]. In this paper we join these efforts and present the results of an exploratory study conducted in Hungary. This involved an online survey to determine willingness to participate in a future research project based on smartphone data collection.



In our study, we seek answers to three questions: first, how the willingness to participate in smartphone-based data collection is related to the socio-demographic characteristics of the individuals; second, how participation is influenced by the different types of smartphone use; and third, to what extent can the selection biases caused by the previous two factors be reduced by careful planning of the survey design.



Factors Determining Willingness to Participate


The development and application of innovative data collection techniques is necessitated by the fact that traditional survey methods are encountering increasing difficulties as non-response rates rise [1,2,10]. However, with novel and innovative techniques—such as online data collection, data donation or the use of smartphone applications—it may be possible to reach social groups (e.g., young people) who are difficult to persuade to participate in social science research using conventional survey methods [3,4,5,8,11,12]. In addition to reaching potentially new groups of respondents, however, a far greater advantage of these new techniques is that we can measure digital activity with a level of accuracy and detail that is not possible with traditional surveys.



According to the method of data collection, a distinction can be made between active and passive data collection [5,13]. Traditional survey-based techniques almost exclusively use the active form of data collection. Data is collected in such a way that respondents actively answer questions formulated in advance by the researcher. In this case, the researcher assumes, or is forced to assume, that respondents understand the questions in the survey and have sufficient information to answer them. Another important assumption is that respondents are willing to answer the questions honestly and to the best of their knowledge and belief [14,15,16]. It is clear that these conditions, or some of them, are regularly not fulfilled and the researcher has limited possibilities to verify them.



Passive data collection, on the other hand, does not require the data provider to actively participate in the collection of the information. Smartphone-based data collection techniques, for example, obtain information through an application that accesses data generated by sensors built into the device or by the smartphone’s operating system. This can include information about people’s online activities, app usage, location data or even their health status [9,13,17,18,19,20]. A key advantage of passive data collection is that it avoids many of the pitfalls of active techniques, as it does not rely on the active role of participants in data collection. This can lead to more accurate measures of digital activity.



However, it is also clear that while innovative data collection techniques have many advantages over traditional survey-based methods, there are also some problems that pose a major challenge to the widespread use of these techniques.



All social science data collection is based on a strong relationship of trust between researchers and data providers [21,22,23]. If this relationship of trust does not exist, members of society will refuse to participate in research. Refusal to participate is a growing problem in traditional data collection, but it is even more pronounced in passive data collection (including smartphone-based techniques), which require access to particularly sensitive personal data when they aim to observe people’s digital behaviour. It is no coincidence that willingness to participate in this type of data collection is generally lower than in traditional surveys [13,24,25,26,27,28,29]. Depending on the research design and specific data collection, actual and hypothetical willingness to participate varies widely. (For a comparative overview see [5,12])



Digital footprints can be used for research in many ways. The constantly evolving technological environment puts these data collections under constant pressure to innovate. On desktops, the most common methods are customised browsers or browser plug-ins that log website traffic and methods that use screen scraping. On mobile devices, it is possible to monitor a wide range of user activity by directly accessing sensors and local databases via APIs. The third method is data donation, where users donate their personal data generated and stored by social media services, e-commerce, etc. Research has looked at a variety of factors that influence willingness to participate and the level of collaboration. The type of organisation conducting the research (i.e., academic research is favoured over commercial research) and the purpose of the research (to what extent it serves the public good) seem to have an impact on willingness to participate [30,31]. Empirical experience to date is contradictory in terms of preference for full, partial or no transparency of the actual data users provide from their device when participating [21,32]. However, the sensitivity and personal relevance of the data is perceived to be the most decisive factor [31,32,33]. So far, research on the role of incentives has been rather hypothetical, i.e., surveys have been conducted to measure willingness to participate in the case of different incentives. Experience so far shows that there are no easy-to-apply formulas for the amounts of incentives for which people are willing to participate in passive data collection or to donate their data. Higher amounts are associated with higher willingness to participate, but beyond a certain point, higher payments no longer improve the level of engagement [12,21,30,34]. Compared to previous studies, we examine these factors in a controlled survey experiment that allows us to test whether the different factors in the research design affect willingness to participate differently in different social groups.



Since data collection via smartphone directly observes the digital behaviour of individuals, the question of research ethics arises to a much greater extent. Therefore, data collection needs to be much more carefully and thoroughly planned to avoid data containing personal information and to ensure proper anonymisation of sensitive data. In addition, the safe storage of particularly sensitive data must be ensured [9,35,36].



Due to the higher refusal rate, smartphone-based data collection techniques may also lead to difficulties in reaching certain social groups. For example, it is obvious that a prerequisite for participation in a smartphone-based data collection is that the respondent owns such a device. In Hungary, more than 90% of the population owns a smartphone, but those who are excluded due to the lack of smart devices still cause systematic selection bias. In fact, the most disadvantaged and vulnerable populations are systematically excluded from data collection. Participation in this type of innovative data collection also requires a minimum level of digital literacy, which automatically limits the reach of certain social groups, e.g., the digitally excluded groups [37,38,39,40]. However, this innovative method of data collection can reach previously less accessible groups (e.g., the younger generation) at a higher rate. In our exploratory study, we focus on these issues by investigating which social groups can be reached with passive digital data collection and which would refuse to participate in such a survey. We investigate the role socio-economic variables play in willingness to participate. In addition, we use a survey experiment to estimate how certain elements of the research design affect the willingness to participate of different social groups and different types of smartphone users.



Based on the literature, we explore three questions related to participation rates and research design.



First, previous studies show that participation in traditional surveys is systematically related to demographic and socio-economic characteristics of respondents. In Hungary, for example, non-response is systematically higher among young people, people living in the capital and people with a more favourable social position [2]. However, we expect socio-economic factors to have a different effect in the case of innovative, sensor-based data collection. For example, we expect that, similar to other studies, younger people are more likely to participate in smartphone-based data collections [5,27]. Our first question is therefore: How is the willingness to participate in a smartphone-based data collection related to the demographic and socio-economic characteristics of the respondents?



Second, smartphone ownership and the nature of smartphone use itself is related to individuals’ socio-economic characteristics [32,34]. Based on these findings, we hypothesise that the type of smartphone use itself might also be related to participation in data collection. In our work, we create a typology of smartphone users based on intensity and different types of device use and explore how this relates to willingness to participate. Based on previous work, we hypothesise that people who use their smartphone more intensively, diversely and progressively are more willing to participate in data collection [27,38]. Therefore, our second question is whether and how smartphone use is related to willingness to participate.



The third main question of the article is to what extent willingness to participate in a sensor-based data collection depends on the research design itself. Similar to [5], but with a different measurement of the dependent variable, we investigate how the survey can be designed to minimise non-response and encourage participation. In this context, we examine the role of various factors (survey organiser, amount of data collected, duration of the survey, level of incentives offered to respondents, interruption and control of data collection) that can have a major impact on willingness to participate in data collection [5].



However, we would like to explore not only how these factors relate to participation, but also how they work across different social groups and smartphone user groups. This part of the analysis is mainly exploratory, although the basis of these analyses is our assumption that incentives, duration of data collection or other factors do not have the same effect on willingness to participate among higher and lower status individuals or among basic and advanced smartphone users. The strength and direction of these effects are difficult to predict because people from different social backgrounds and with different ways of using their phones may have different sensitivities to elements of the research design, resulting in different participation rates. For this reason, we systematically investigate (i) how the interactions between social status and different factors of the research design and (ii) how the interactions between types of phone users and factors of the research design relate to willingness to participate in sensor-based data collection. Our fourth question is therefore: What are the effects of the different elements of the research design on the different social groups and types of smartphone users studied and how do they affect willingness to participate?





2. Materials and Methods


In 2021, an online data survey was conducted among Hungarian internet users. The sample was selected from the online panel of a market research company and is representative of Hungarian internet users by gender, age, highest level of education, type of establishment and region. The sample size was 1000. The questionnaire included questions about the socio-demographic characteristics of the respondents, their attitudes towards various aspects of the digital world and their use of information and communication technology (ICT) devices. In addition to these questions, we also created a special block with a factorial survey design. In this block, we asked respondents about different situations, which we called ‘vignettes’. Each vignette contained a hypothetical scenario about a smartphone-based data collection, and respondents had to indicate how likely they would be to participate in such research [5]. An example of the vignettes is shown in Figure 1. We systematically varied five different features of the situation (underlined in Figure 1).



The different characteristics were the following: organisation of the study (decision-maker; a private company; a scientific research institute), data collected (spatial movement; mobile phone use; communication habits; spatial movement and mobile phone use; spatial movement and communication habits; mobile phone use and communication habits; all three), duration of the study (one month; six months), incentive (EUR 15 (HUF 5000) after installation of the application; EUR 15 (HUF 5000) after completion of the study; EUR 15 (HUF 5000) after installation of the application; and EUR 15 (HUF 5000) after completion of the study), interruption and control (the user cannot interrupt data collection; the user can temporarily interrupt data collection; the user can temporarily interrupt data collection and review the data and approve its transfer). Following Jasso’s [41] research design strategy, we randomly selected 150 out of the 378 different combinations of these dimensions—i.e., out of all possible situations—and divided them into 15 different packages (called decks) with 10 situations each. Each deck was randomly assigned to a respondent. One respondent rated one deck, i.e., ten different situations. In total, the 1000 respondents rated 10,000 vignettes. This method combines the advantages of surveys and experiments: Due to the large sample size, not only can the main effects of the stimuli be estimated, but also their interaction with each other and with the respondents’ characteristics.



Of the socio-demographic characteristics of the respondents, we used gender, age, type of settlement and a typology of activity and education as control variables. Gender was measured as a binary variable (men and women). Age and type of settlement were measured in three categories (18–39, 40–59, 60+ years old; and correspondingly capital, city, village). The typology comprised eight categories: employed (including employers and entrepreneurs), unemployed, retired and other inactive—all divided into skilled (tertiary) and unskilled (maximum secondary) categories based on education level. Gender, age and settlement type were used as control variables and the analyses focused on the role of typology in the decision-making process about participation.



In addition to socio-demographic characteristics, we also included a variable on smartphone use in the models. Based on (1) 15 different activities listed in the questionnaire for which one can use a smartphone, (2) the average self-estimated daily duration of smartphone screen use, and (3) self-reported smartphone use skills (see original items in Appendix A, Table A2), we defined 5 clusters using latent class analysis [42] using R’s poLCA package (v1.6.0.1) [43]. The main clustering factors were social media use, time spent on general entertainment and use of some specific device features (i.e., camera and related apps). The names and short descriptions of these clusters are as follows. For social media and entertainment users, smartphone use essentially revolves around social media and entertainment. They tend to be younger, have average (self-assessed) technical knowledge and spend an above-average amount of time on the smartphone. Non-social-media users are less focused on social media and entertainment in general or rarely perform these activities on their mobile devices. Young people are underrepresented in this group, otherwise they show an average level of technical knowledge and screen time. General basic users do not consider their smartphone as a universal tool, but use it mainly for making phone calls, searching for basic information and doing everyday tasks. They are characterised by a low level of technical knowledge. The main characteristic of camera users is the prominent importance of the device as a camera, complemented by the use of apps to create media content. Advanced users are the jacks-of-all-trades who use their smartphone in a variety of ways. They have a secure technological knowledge and spend an above-average amount of time with their phone. The descriptive statistics for these variables are summarised in Table 1.



When we examine the five groups of smartphone users in terms of age, education and position in the labour market (see Table 2), we find that the results are consistent with the literature [38,44]. Advanced users are generally younger (only 7.7% of respondents aged 60 and older belong to this group), while social media use is more consistent across the sample. Smartphone use is less clear when looking at education and labour market activity. While 34% of the skilled and employed part of the sample are advanced users, this percentage is 34.8% for the unskilled–other category. The main users of the camera are the unskilled–retired (27.8%), while the unskilled–employed are among the groups least likely to use their device with the camera only.



We analysed the data with multilevel models [45,46], using the binary version of willingness to participate as the dependent variable, recoding it from 0 to 5 into ‘rather not participate’ and from 6 to 10 into ‘rather participate’. We built hierarchical models using R’s lme4 package (v1.1-31) in the following way [47]. We included only the independent variables at the vignette level in the first model (Table 3, Model 1), then respondent characteristics in the second model (Table 3, Model 2), and smartphone user groups in the third model (Table 3, Model 3). We then successively tested the interactions between respondents’ socio-demographic characteristics and vignette dimensions (e.g., the interaction between the incentive and the education and activity typology) and then the interactions of smartphone user groups with different vignette-level variables (e.g., the interaction between the research organiser and user groups) on willingness to participate (Figure 2 and Figure 3—see detailed results in Appendix A, Table A1). The interaction plots were made with the ggeffects (v1.1.4) R package [48]. To assess model fit, we used the Akaike information criterion (AIC) and the Bayesian information criterion (BIC), both of which provide information about model fit while penalising the inclusion of additional variables in the model. The lower the AIC and BIC values, the better the model.




3. Results


The results of the models focusing on the socio-demographic characteristics and smartphone use behaviour of the respondents are presented in Table 3. In the first model, we tested the effects of the variables at the vignette level. The results of the base model (Model 1 in Table 3) show that respondents are less willing to participate in a survey conducted by policymakers than by private companies. Respondents are also less willing to participate in a study if the duration of data collection is longer, preferring a period of one month. Compared to respondents who can interrupt data collection, they are less willing to participate in a survey if they have no control over interrupting the process. They are more likely to participate if it is possible for users to temporarily pause the data collection, review the data and authorise its sharing. The study of the effects of the vignette variables has shown that the level of incentives matters. Compared to a study without incentives, respondents are more likely to participate if they receive EUR 15 after installing the application and EUR 15 after completing the study. These effects in Model 1 (in Table 3) are also robust to different model specifications, such as the introduction of socio-economic variables and cross-level interactions.



By introducing additional variables into the model (see Model 2 in Table 3), we were able to determine the impact of socio-demographic variables on willingness to participate by controlling for respondents’ gender, age, settlement type, education level and active/inactive economic status (see the eight-category typology of the latter two). Compared to the youngest age group (18–39 years), willingness to participate in data collection was lower among both middle-aged (40–59 years) and elderly (60+ years) respondents. Examination of the gender of the participants revealed that women were less likely to participate in research to capture digital traces of their everyday life compared to men.



In examining the typology based on participants’ smartphone use, we noted the differences between levels of user engagement and activities (see Model 3 in Table 3). According to the AIC and BIC scores, this model fits the data better. Compared to those who typically use their smartphone for social media and entertainment options, those who only use the camera and basic options are less likely to be engaged. However, those we can call advanced users (i.e., those who use almost all the features a smartphone can offer) declared a higher willingness to participate.



We also examined the interactions of the different variables at the vignette level with the constructed eight-category typology (see Table A1 in Appendix A for details) to gain insight into the mixed effects that variables can have on interest in participation. The results are shown in Figure 2A,B. Compared to the educated, active group of respondents, the qualified and retired respondents are less concerned about control over data collection when deciding whether to participate, but the lack of interruption is a red flag and in this circumstance they would participate even less than the reference group. However, compared to the same reference group, the less educated active workers, the lack of interruption is less important when they declare their willingness to participate. Regarding the role of the incentive, we can see that those who are educated and retired rely less on the level of the incentive in their decision than those who are also educated but active.



Based on the interactions between smartphone use and vignette-level variables, we can observe several cross-effects (see Figure 3 and Models 3–5 in Table A1).



For those who belong to the broad category of non-social-media users (i.e., those who use several features of their smartphone but not social media), it is more likely to be a positive factor if the organiser of the data collection is a research institute rather than a private company than for those who mainly use social media and entertainment (Model 3 in Table A1, visualised in Figure 3A). Compared to the same reference group, the level of incentive is more important for advanced users, so they are more likely to participate if they are offered EUR 15 after installing the app and EUR 15 after completing the study (Model 4 in Table A1, visualised in Figure 3B). Control over data collection is also more important to them when deciding to participate; advanced users are more likely to participate if they have the option to temporarily pause data collection, review the data and approve its transfer compared to those who focus on social media and entertainment options (Table A1, Model 5, visualised in Figure 3C).




4. Discussion


In our study, we investigated how willingness to participate in smartphone-based data collection is related to individuals’ socio-demographic characteristics and type of smartphone use. Our first and second research questions focused on the influence of socio-economic variables and smartphone use on respondents’ willingness to participate in passive data collection. We find that both socio-demographic characteristics and smartphone use influence the outcome, albeit to different degrees. Our results show that of the socio-demographic variables, age has the greatest influence, with younger age groups having a higher willingness to participate than older age groups. Interestingly, education and labour market status do not have a significant impact on willingness to participate, even when smartphone use behaviour is excluded.



We also find that the more smartphone features respondents use, the greater their willingness to participate in passive data collection. Comparing the different smartphone user groups with those who use the smartphone only for social media and entertainment purposes, willingness to participate is lower among camera users. On the other hand, the willingness to participate is significantly higher among advanced users. Our results are in line with previous studies [21,27,49]. They also show that digital literacy is a crucial factor to consider when designing studies that rely on passive data collection.



To answer our third research question, how design choice affects participation outcomes, we used vignette-level data from the survey experiment. In line with [5], we found that the type of data collected did not significantly affect willingness to participate. However, the ability to interrupt and/or control the survey, a greater incentive and a shorter duration of data collection increased willingness to participate. Among respondents, interruption was considered more important than control over their data. Advanced users valued the incentives they received both after downloading the app and at the end of the study, as well as the ability to pause the survey and have control over their data, compared to the social media and entertainment group. The duration of data collection of six months compared to one month significantly reduced willingness to participate.



Exploratory analysis with the interaction terms shows that the circumstances of data collection matter differently for different social groups. For those who are educated and retired, both control over data collection and the level of incentive are less important than for those who are also educated but still active. Interestingly, the dual incentive does not play as big a role for the educated retirees in their decision to participate as it does for the educated active. We also found that the organiser of the research, the level of the incentive and the control over the data play different roles for different groups of smartphone users.



Nevertheless, our study is subject to several limitations. First, the situations assessed by the respondents are hypothetical, so their real-life activities may be different. Since installing the application or verifying the data is an energy- and time-consuming process (which also depends on the digital skills of the participant), we can assume that such a requirement may discourage participation. The actual willingness to participate may also be influenced by recent scandals related to the misuse of personal data, as in the case of Cambridge Analytica or Pegasus. Therefore, these results are suitable for studying trends between different social groups (which is what we used them for), but less so for estimating actual participation rates. Another line of research that solves this limitation could be the comparison of the evaluation of such hypothetical situations with real behaviour, as in the case of [23]. Another limitation relates to the generalisability of the results. Our study focuses on a single country, namely Hungary. However, we can assume that a variety of factors that vary between societies and cultures may influence participation in innovative data collection. For example, in the case of data donation, Kmetty et al. [50] found that circumstances of the research affect potential participants’ decision differently in Hungary and in the US. However, as we have argued above, our results seem to be comparable to those of other countries, suggesting that there are overarching patterns that can be observed in different cultures and countries.



Our results show that the circumstances of the survey affect participation rates differently across social groups. Both socio-demographic and digitisation-related factors (such as smartphone use) play a role. These findings can be useful for researchers in designing data collection when the inclusion of certain social groups is particularly important. In order to minimise the exclusion of certain social groups on which the research focuses, it is worthwhile to design such a data collection in a way that optimises the willingness of these groups to participate. The results may also be useful for researchers targeting a more general population, as they can be more aware of the potential selection bias in their sample.
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Table A1. Results of the multilevel models on willingness to participate including vignette dimensions, socio-demographic variables, and smartphone user typology. Interactions between the respondents’ socio-demographic characteristics and the dimensions of the vignettes and the respondents’ smartphone usage and the dimensions of the vignettes. Unstandardized coefficients (* p < 0.05, ** p < 0.01, *** p < 0.001); standard errors of the coefficients are in brackets.
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DV: Willingness to Participate




	

	
Model 1

	
Model 2

	
Model 3

	
Model 4

	
Model 5






	
Vignette-level variables

	

	

	

	

	




	
Organiser of the research (ref: private company)

	

	

	

	

	




	
Scientific research institute

	
0.07 (−0.11)

	
0.08 (−0.1)

	
−0.14 (−0.22)

	
0.04 (−0.12)

	
−0.02 (−0.13)




	
Decision-maker

	
−0.42 *** (−0.11)

	
−0.41 *** (−0.1)

	
−0.47 (−0.24)

	
−0.55 *** (−0.12)

	
−0.58 *** (−0.12)




	
Data collected (ref: spatial movement)

	

	

	

	

	




	
Mobile usage

	
−0.28 (−0.17)

	
−0.18 (−0.16)

	
−0.15 (−0.19)

	
−0.06 (−0.18)

	
−0.23 (−0.19)




	
Communication habits

	
−0.37 * (−0.18)

	
−0.26 (−0.17)

	
−0.2 (−0.2)

	
−0.19 (−0.19)

	
−0.36 (−0.2)




	
Movement and usage

	
−0.23 (−0.16)

	
−0.18 (−0.15)

	
−0.15 (−0.18)

	
−0.08 (−0.17)

	
−0.17 (−0.18)




	
Movement and comm. habits

	
0.04 (−0.18)

	
0.08 (−0.17)

	
0.15 (−0.2)

	
0.18 (−0.19)

	
0.07 (−0.21)




	
Mobile usage and comm. habits

	
−0.18 (−0.17)

	
−0.1 (−0.16)

	
0.03 (−0.19)

	
0.04 (−0.18)

	
−0.07 (−0.19)




	
Movement, usage and comm. habits

	
−0.1 (−0.18)

	
−0.07 (−0.17)

	
−0.12 (−0.2)

	
−0.09 (−0.19)

	
−0.1 (−0.21)




	
Length of the research (Ref: one month)

	

	

	

	

	




	
Six-month duration

	
−1.29 *** (−0.09)

	
−1.19 *** (−0.09)

	
−1.39 *** (−0.1)

	
−1.33 *** (−0.1)

	
−1.48 *** (−0.11)




	
Incentive (ref: after downloading the app)

	

	

	

	

	




	
After the end of the research EUR 15

	
0.09 (−0.11)

	
0.03 (−0.15)

	
−0.01 (−0.13)

	
−0.28 (−0.21)

	
−0.01 (−0.13)




	
Both after downloading the app and at the end of the research EUR 15-EUR15

	
0.68 *** (−0.11)

	
0.71 *** (−0.16)

	
0.66 *** (−0.13)

	
0.44 (−0.25)

	
0.73 *** (−0.13)




	
Interruption and control (ref: user can interrupt the data collection)

	

	

	

	

	




	
User cannot interrupt the data collection

	
−0.98 *** (−0.16)

	
−1.01 *** (−0.11)

	
−1.13 *** (−0.13)

	
−1.09 *** (−0.12)

	
−1.16 *** (−0.23)




	
User can interrupt the data collection and has control over their data

	
0.33 (−0.18)

	
0.21 * (−0.1)

	
0.31 * (−0.12)

	
0.32 ** (−0.12)

	
0.19 (−0.31)




	
Respondent level socio-demographic variables

	

	

	

	

	




	
Age 40–59 (ref: 18–39)

	
−1.42 ** (−0.49)

	
−1.37 ** (−0.48)

	
−0.89 (−0.62)

	
0.01 (−0.51)

	
−0.16 (−0.52)




	
Age 60+

	
−2.52 ** (−0.82)

	
1.9491

	
−0.83 (−0.9)

	
0.17 (−0.79)

	
−0.18 (−0.81)




	
Gender (ref: men)

	
−0.44 (−0.45)

	
−0.57 (−0.46)

	
−0.39 (−0.51)

	
−0.35 (−0.45)

	
0.22 (−0.45)




	
Town (ref: capital)

	
1.13 * (−0.52)

	
0.77 (−0.52)

	
0.77 (−0.63)

	
0.78 (−0.54)

	
1.12 * (−0.55)




	
Village

	
1.22 * (−0.6)

	
0.85 (−0.6)

	
0.67 (−0.75)

	
0.51 (−0.62)

	
1.11 (−0.63)




	
Skilled–retired (ref: skilled–employed)

	
0.56 (−0.92)

	
−0.1 (−0.86)

	
−2.15 (−1.49)

	
−0.43 (−1.26)

	
−0.3 (−1.43)




	
Skilled–unemployed

	
−0.72 (−1.08)

	
−1.33 (−0.98)

	
−0.68 (−0.98)

	
−0.02 (−0.83)

	
0.24 (−0.9)




	
Skilled–other inactive

	
−1.2 (−0.77)

	
−1.02 (−0.7)

	
−1.93 * (−0.84)

	
−0.53 (−0.77)

	
−1.29 (−0.82)




	
Unskilled–employed

	
−0.65(−0.67)

	
−0.04 (−0.59)

	
−0.37 (−0.79)

	
−0.64 (−0.66)

	
−0.45 (−0.79)




	
Unskilled–unemployed

	
0.34 (−1.52)

	
0.95 (−1.33)

	
−0.11 (−1.73)

	
−0.69 (−1.49)

	
0.03 (−1.59)




	
Unskilled–retired

	
−1.19 (−1.18)

	
−1.04 (−1.06)

	
−1.35 (−1.3)

	
−1.36 (−1.11)

	
−1.52 (−1.12)




	
Unskilled–other inactive

	
0.49 (−1.17)

	
0.39 (−1.05)

	
−0.84 (−1.42)

	
−0.37 (−1.21)

	
−1.44 (−1.21)




	
Typology of smartphone use (ref: social media and entertainment)

	

	

	

	

	




	
Broad non-social-media users

	

	

	
−0.29 (−0.9)

	
−0.06 (−0.75)

	
0.15 (−0.81)




	
Basic general users

	

	

	
−0.4 (−0.79)

	
−0.68 (−0.65)

	
−0.34 (−0.71)




	
Camera users

	

	

	
−3.83 *** (−1.13)

	
−3.99 *** (−0.95)

	
−4.37 *** (−0.99)




	
Advanced users

	

	

	
1.75 * (−0.7)

	
1.29 * (−0.57)

	
1.54 * (−0.63)




	
Cross-level interaction terms

	

	

	

	

	




	
Skilled–unemployed * User cannot interrupt the data collection

	
−0.5 (−0.54)

	

	

	

	




	
Skilled–retired * User cannot interrupt the data collection

	
−1.13 ** (−0.43)

	

	

	

	




	
Skilled–other inactive * User cannot interrupt the data collection

	
−0.21 (−0.37)

	

	

	

	




	
Unskilled–employed * User cannot interrupt the data collection

	
1.09 ** (−0.36)

	

	

	

	




	
Unskilled–unemployed * User cannot interrupt the data collection

	
1.26 (−0.83)

	

	

	

	




	
Unskilled–retired * User cannot interrupt the data collection

	
0.38 (−0.62)

	

	

	

	




	
Unskilled–other inactive * User cannot interrupt the data collection

	
−0.11 (−0.61)

	

	

	

	




	
Skilled–unemployed * User can interrupt the data collection and has control over their data

	
−0.73 (−0.59)

	

	

	

	




	
Skilled–retired * User can interrupt the data collection and has control over their data

	
−1.29 ** (−0.44)

	

	

	

	




	
Skilled–other inactive * User can interrupt the data collection and has control over their data

	
−0.02 (−0.41)

	

	

	

	




	
Unskilled–employed * User can interrupt the data collection and has control over their data

	
0.56 (−0.4)

	

	

	

	




	
Unskilled–unemployed * User can interrupt the data collection and has control over their data

	
0.69 (−0.98)

	

	

	

	




	
Unskilled–retired * User can interrupt the data collection and has control over their data

	
0.27 (−0.64)

	

	

	

	




	
Unskilled–other inactive * User can interrupt the data collection and has control over their data

	
0.84 (−0.7)

	

	

	

	




	
Skilled–unemployed * After the end of the research

	

	
0.98 (−0.51)

	

	

	




	
Skilled–retired * After the end of the research

	

	
−0.18 (−0.37)

	

	

	




	
Skilled–other inactive * After the end of the research

	

	
−0.16 (−0.33)

	

	

	




	
Unskilled–employed * After the end of the research

	

	
−0.08 (−0.33)

	

	

	




	
Unskilled–unemployed * After the end of the research

	

	
0.3 (−0.84)

	

	

	




	
Unskilled–retired * After the end of the research

	

	
0.13 (−0.54)

	

	

	




	
Unskilled–other inactive * After the end of the research

	

	
0.63 (−0.53)

	

	

	




	
Skilled–unemployed * Both after downloading the app and at the end of the research

	

	
−0.05 (−0.52)

	

	

	




	
Skilled–retired * Both after downloading the app and at the end of the research

	

	
0.3002

	

	

	




	
Skilled–other inactive * Both after downloading the app and at the end of the research

	

	
−0.26 (−0.36)

	

	

	




	
Unskilled–employed * Both after downloading the app and at the end of the research

	

	
0.13 (−0.35)

	

	

	




	
Unskilled–unemployed * Both after downloading the app and at the end of the research

	

	
0.02 (−0.74)

	

	

	




	
Unskilled–retired * Both after downloading the app and at the end of the research

	

	
0.43 (−0.63)

	

	

	




	
Unskilled–other inactive * Both after downloading the app and at the end of the research

	

	
0.55 (−0.59)

	

	

	




	
Scientific research institute * Broad non-social-media users

	

	

	
0.85 * (−0.4)

	

	




	
Decision-maker * Broad non-social-media users

	

	

	
0.09 (−0.45)

	

	




	
Scientific research institute * Basic general users

	

	

	
0.33 (−0.36)

	

	




	
Decision-maker * Basic general users

	

	

	
−0.16 (−0.41)

	

	




	
Scientific research institute * Camera users

	

	

	
−0.08 (−0.61)

	

	




	
Decision-maker * Camera users

	

	

	
−0.78 (−0.69)

	

	




	
Scientific research institute * Advanced users

	

	

	
0.02 (−0.35)

	

	




	
Decision-maker * Advanced users

	

	

	
−0.06 (−0.38)

	

	




	
Broad non-social-media users * After the end of the research

	

	

	

	
0.22 (−0.39)

	




	
Basic general users * After the end of the research

	

	

	

	
0.35 (−0.34)

	




	
Camera users * After the end of the research

	

	

	

	
0.04 (−0.6)

	




	
Advanced users * After the end of the research

	

	

	

	
0.43 (−0.32)

	




	
Broad non-social-media users * Both after downloading the app and at the end of the research

	

	

	

	
−0.52 (−0.47)

	




	
Basic general users * Both after downloading the app and at the end of the research

	

	

	

	
−0.02 (−0.44)

	




	
Camera users * Both after downloading the app and at the end of the research

	

	

	

	
−0.83 (−0.71)

	




	
Advanced users * Both after downloading the app and at the end of the research

	

	

	

	
1.05 * (−0.41)

	




	
Broad non-social-media users * User cannot interrupt the data collection

	

	

	

	

	
−0.42 (−0.45)




	
Basic general users * User cannot interrupt the data collection

	

	

	

	

	
−0.23 (−0.39)




	
Camera users * User cannot interrupt the data collection

	

	

	

	

	
0.73 (−0.69)




	
Advanced users * User cannot interrupt the data collection

	

	

	

	

	
0.48 (−0.37)




	
Broad non-social-media users * User can interrupt the data collection and has control over their data

	

	

	

	

	
−0.04 (−0.59)




	
Basic general users * User can interrupt the data collection and has control over their data

	

	

	

	

	
−0.44 (−0.53)




	
Camera users * User can interrupt the data collection and has control over their data

	

	

	

	

	
−1.38 (−0.83)




	
Advanced users * User can interrupt the data collection and has control over their data

	

	

	

	

	
1.10 * (−0.5)




	
AIC

	
6720.69

	
6792.82

	
5236.79

	
5253.7

	
5198.44




	
BIC

	
7052.36

	
7124.49

	
5543.22

	
5560.14

	
5504.88




	
Observations

	
10,000

	
10,000

	
7820

	
7820

	
7820




	
Groups (respondents)

	
1000

	
1000

	
782

	
782

	
782









Items of the Smartphone User Typology



	(1)

	
The 15 different activities for which one can use a smartphone.
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Table A2. Do you use your smartphone to do the following (1—yes, 0—no).






Table A2. Do you use your smartphone to do the following (1—yes, 0—no).











	
	Yes
	No
	DK





	
	
Browsing websites





	1
	2
	8



	
	2.

	
Writing/reading emails






	1
	2
	8



	
	3.

	
Taking photos, videos






	1
	2
	8



	
	4.

	
View content on social networking sites (e.g., texts, pictures, videos on Facebook, Instagram, Twitter, etc.)






	1
	2
	8



	
	5.

	
Posting content to social networking sites (e.g., sharing texts, pictures, videos on Facebook, Instagram, Twitter)






	1
	2
	8



	
	6.

	
Online shopping (e.g., tickets, books, clothes, technical goods)






	1
	2
	8



	
	7.

	
Online banking (e.g., balance enquiries, transfers)






	1
	2
	8



	
	8.

	
Install new apps (e.g., via Google Play or the App Store)






	1
	2
	8



	
	9.

	
Use apps that use your device’s location (e.g., Google Maps, Foursquare)






	1
	2
	8



	
	10.

	
Connect devices to your device via Bluetooth (e.g., smartwatch, pedometer)






	1
	2
	8



	
	11.

	
Game






	1
	2
	8



	
	12.

	
Listening to music, watching videos






	1
	2
	8



	
	13.

	
Recording of training data (e.g., during a run, number of steps per day, etc.)






	1
	2
	8



	
	14.

	
Read, edit files related to work, learning






	1
	2
	8



	
	15.

	
Voice assistant services (Google Assistant, Apple Siri, Amazon Alexa, etc.)






	1
	2
	8








	(2)

	
The average self-estimated daily duration of smartphone screen time.







Overall, how would you rate your knowledge and skills in using a smartphone? Please rate on a scale of 1 to 5.












	Very Bad
	
	
	
	Excellent
	DK
	Refusal



	1
	2
	3
	4
	5
	8
	9








	(3)

	
Self-reported smartphone use skills.







On an average day, approximately how much time do you use your smartphone for work or personal use? Please specify in hours and minutes.



… Hours … Minutes





References


	



Couper, M.P. New Developments in Survey Data Collection. Annu. Rev. Sociol. 2017, 43, 121–145. [Google Scholar] [CrossRef]

	



Szeitl, B. Revisiting the ESS R8 Sample a Year after—Lessons from a Re-Contact Survey to Test Patterns of Unit Non-Response in Hungary. Surv. Methods Insights Field 2021, 1–17. [Google Scholar] [CrossRef]

	



Bethlehem, J. Selection Bias in Web Surveys: Selection Bias in Web Surveys. Int. Stat. Rev. 2010, 78, 161–188. [Google Scholar] [CrossRef]

	



Scherpenzeel, A. Mixing Online Panel Data Collection with Innovative Methods. In Methodische Probleme von Mixed-Mode-Ansätzen in der Umfrageforschung; Springer VS Wiesbaden: Wiesbaden, Germany, 2017; pp. 27–49. [Google Scholar]

	



Ságvári, B.; Gulyás, A.; Koltai, J. Attitudes towards Participation in a Passive Data Collection Experiment. Sensors 2021, 21, 6085. [Google Scholar] [CrossRef]

	



De Bruijne, M.; Wijnant, A. Comparing Survey Results Obtained via Mobile Devices and Computers: An Experiment with a Mobile Web Survey on a Heterogeneous Group of Mobile Devices versus a Computer-Assisted Web Survey. Soc. Sci. Comput. Rev. 2013, 31, 482–504. [Google Scholar] [CrossRef]

	



De Bruijne, M.; Wijnant, A. Mobile Response in Web Panels. Soc. Sci. Comput. Rev. 2014, 32, 728–742. [Google Scholar] [CrossRef]

	



Link, M.W.; Murphy, J.; Schober, M.F.; Buskirk, T.D.; Hunter Childs, J.; Langer Tesfaye, C. Mobile Technologies for Conducting, Augmenting and Potentially Replacing Surveys: Executive Summary of the AAPOR Task Force on Emerging Technologies in Public Opinion Research. Public Opin. Q. 2014, 78, 779–787. [Google Scholar] [CrossRef]

	



Kreuter, F.; Haas, G.-C.; Keusch, F.; Bähr, S.; Trappmann, M. Collecting Survey and Smartphone Sensor Data with an App: Opportunities and Challenges around Privacy and Informed Consent. Soc. Sci. Comput. Rev. 2020, 38, 533–549. [Google Scholar] [CrossRef]

	



Kreuter, F.; Presser, S.; Tourangeau, R. Social Desirability Bias in Cati, Ivr, and Web Surveysthe Effects of Mode and Question Sensitivity. Public Opin. Q. 2008, 72, 847–865. [Google Scholar] [CrossRef]

	



Younis, E.M.; Kanjo, E.; Chamberlain, A. Designing and Evaluating Mobile Self-Reporting Techniques: Crowdsourcing for Citizen Science. Pers. Ubiquitous Comput. 2019, 23, 329–338. [Google Scholar] [CrossRef]

	



Christner, C.; Urman, A.; Adam, S.; Maier, M. Automated Tracking Approaches for Studying Online Media Use: A Critical Review and Recommendations. Commun. Methods Meas. 2021, 16, 79–95. [Google Scholar] [CrossRef]

	



Revilla, M.; Ochoa, C.; Loewe, G. Using Passive Data from a Meter to Complement Survey Data in Order to Study Online Behavior. Soc. Sci. Comput. Rev. 2017, 35, 521–536. [Google Scholar] [CrossRef]

	



Bourdieu, P. Public Opinion Does Not Exist. Commun. Cl. Struggl. 1979, 1, 124–130. [Google Scholar]

	



Tourangeau, R.; Rips, L.J.; Rasinski, K. The Psychology of Survey Response; Cambridge University Press: Cambridge, UK, 2000. [Google Scholar]

	



Palczyńska, M.; Rynko, M. ICT Skills Measurement in Social Surveys: Can We Trust Self-Reports? Qual. Quant. 2021, 55, 917–943. [Google Scholar] [CrossRef]

	



Palmer, J.R.; Espenshade, T.J.; Bartumeus, F.; Chung, C.Y.; Ozgencil, N.E.; Li, K. New Approaches to Human Mobility: Using Mobile Phones for Demographic Research. Demography 2013, 50, 1105–1128. [Google Scholar] [CrossRef] [PubMed]

	



Philip, B.J.; Abdelrazek, M.; Bonti, A.; Barnett, S.; Grundy, J. Data Collection Mechanisms in Health and Wellness Apps: Review and Analysis. JMIR Mhealth Uhealth. 2022, 10, e30468. [Google Scholar] [CrossRef] [PubMed]

	



Kolakowska, A.; Szwoch, W.; Szwoch, M. A Review of Emotion Recognition Methods Based on Data Acquired via Smartphone Sensors. Sensors 2020, 20, 6367. [Google Scholar] [CrossRef] [PubMed]

	



Struminskaya, B.; Toepoel, V.; Lugtig, P.; Haan, M.; Luiten, A.; Schouten, B. Understanding Willingness to Share Smartphone-Sensor Data. Public Opin. Q. 2020, 84, 725–759. [Google Scholar] [CrossRef]

	



Keusch, F.; Struminskaya, B.; Antoun, C.; Couper, M.P.; Kreuter, F. Willingness to Participate in Passive Mobile Data Collection. Public Opin. Q. 2019, 83, 210–235. [Google Scholar] [CrossRef] [PubMed]

	



Cabalquinto, E.; Hutchins, B. “It Should Allow Me to Opt in or Opt out”: Investigating Smartphone Use and the Contending Attitudes of Commuters towards Geolocation Data Collection. Telemat. Inform. 2020, 51, 101403. [Google Scholar] [CrossRef]

	



Struminskaya, B.; Lugtig, P.; Toepoel, V.; Schouten, B.; Giesen, D.; Dolmans, R. Sharing Data Collected with Smartphone Sensors: Willingness, Participation, and Nonparticipation Bias. Public Opin. Q. 2021, 85, 423–462. [Google Scholar] [CrossRef] [PubMed]

	



Bricka, S.; Zmud, J.; Wolf, J.; Freedman, J. Household Travel Surveys with GPS: An Experiment. Transp. Res. Rec. 2009, 2105, 51–56. [Google Scholar] [CrossRef]

	



Biler, S.; Šenk, P.; Winklerová, L. Willingness of Individuals to Participate in a Travel Behavior Survey Using GPS Devices. In Proceedings of the Conference on New Techniques and Technologies for Statistics, Brussels, Belgium, 5–7 March 2013. [Google Scholar]

	



Toepoel, V.; Lugtig, P. What Happens If You Offer a Mobile Option to Your Web Panel? Evidence from a Probability-Based Panel of Internet Users. Soc. Sci. Comput. Rev. 2014, 32, 544–560. [Google Scholar] [CrossRef]

	



Pinter, R. Willingness of Online Access Panel Members to Participate in Smartphone Application-Based Research. In Mobile Research Methods: Opportunities and Challenges of Mobile Research Methodologies; Ubiquity Press: London, UK, 2015; pp. 141–156. [Google Scholar]

	



Revilla, M.; Toninelli, D.; Ochoa, C.; Loewe, G. Do Online Access Panels Need to Adapt Surveys for Mobile Devices? Internet Res. 2016, 26, 1209–1227. [Google Scholar] [CrossRef]

	



Wenz, A.; Jäckle, A.; Couper, M.P. Willingness to Use Mobile Technologies for Data Collection in a Probability Household Panel. Surv. Res. Methods 2019, 13, 1–22. [Google Scholar]

	



Pfiffner, N.; Friemel, T.N. Leveraging Data Donations for Communication Research: Exploring Drivers Behind the Willingness to Donate. Commun. Methods Meas. 2023; 1–23, online first. [Google Scholar] [CrossRef]

	



Hillebrand, K.; Hornuf, L.; Müller, B.; Vrankar, D. The Social Dilemma of Big Data: Donating Personal Data to Promote Social Welfare. Inf. Organ. 2023, 33, 100452. [Google Scholar] [CrossRef]

	



Ohme, J.; Araujo, T.; de Vreese, C.H.; Piotrowski, J.T. Mobile Data Donations: Assessing Self-Report Accuracy and Sample Biases with the IOS Screen Time Function. Mob. Media Commun. 2021, 9, 293–313. [Google Scholar] [CrossRef]

	



Keusch, F.; Struminskaya, B.; Kreuter, F.; Weichbold, M. Combining Active and Passive Mobile Data Collection: A Survey of Concerns. In Big Data Meets Survey Science: A Collection of Innovative Methods; John Wiley & Sons: Hoboken, NJ, USA, 2020; pp. 657–682. [Google Scholar]

	



Silber, H.; Breuer, J.; Beuthner, C.; Gummer, T.; Keusch, F.; Siegers, P.; Stier, S.; Weiß, B. Linking Surveys and Digital Trace Data: Insights from Two Studies on Determinants of Data Sharing Behaviour. J. R. Stat. Soc. Ser. A Stat. Soc. 2022, 185, S387–S407. [Google Scholar] [CrossRef]

	



Van Dijck, J. Datafication, Dataism and Dataveillance: Big Data between Scientific Paradigm and Ideology. Surveill. Soc. 2014, 12, 197–208. [Google Scholar] [CrossRef]

	



Boeschoten, L.; Ausloos, J.; Möller, J.E.; Araujo, T.; Oberski, D.L. A Framework for Privacy Preserving Digital Trace Data Collection through Data Donation. Comput. Commun. Res. 2022, 4, 388–423. [Google Scholar] [CrossRef]

	



White, P.; Selwyn, N. Moving On-Line? An Analysis of Patterns of Adult Internet Use in the UK, 2002–2010. Inf. Commun. Soc. 2013, 16, 1–27. [Google Scholar] [CrossRef]

	



Yates, S.; Kirby, J.; Lockley, E. Digital Media Use: Differences and Inequalities in Relation to Class and Age. Sociol. Res. Online 2015, 20, 71–91. [Google Scholar] [CrossRef]

	



Yates, S.; Lockley, E. Social Media and Social Class. Am. Behav. Sci. 2018, 62, 1291–1316. [Google Scholar] [CrossRef]

	



Schradie, J. The Great Equalizer Reproduces Inequality: How the Digital Divide Is a Class Power Divide. In Rethinking Class and Social Difference; Emerald Publishing Limited: Bingley, UK, 2020. [Google Scholar]

	



Jasso, G. Factorial Survey Methods for Studying Beliefs and Judgments. Sociol. Methods Res. 2006, 34, 334–423. [Google Scholar] [CrossRef]

	



Hagenaars, J.A.; McCutcheon, A.L. Applied Latent Class Analysis; Cambridge University Press: Cambridge, UK, 2002. [Google Scholar]

	



Linzer, D.A.; Lewis, J.B. PoLCA: An R Package for Polytomous Variable Latent Class Analysis. J. Stat. Softw. 2011, 42, 1–29. [Google Scholar] [CrossRef]

	



Wenz, A.; Keusch, F. The Second-Level Smartphone Divide: A Typology of Smartphone Use Based on Frequency of Use, Skills, and Types of Activities. Mob. Media Commun. 2022; online first. [Google Scholar] [CrossRef]

	



Wallander, L. 25 Years of Factorial Surveys in Sociology: A Review. Soc. Sci. Res. 2009, 38, 505–520. [Google Scholar] [CrossRef]

	



Auspurg, K.; Hinz, T. Multifactorial Experiments in Surveys. In Experimente in den Sozialwissenschaften; Nomos Verlagsgesellschaft mbH & Co. KG: Baden-Baden, Germany, 2015; pp. 294–320. [Google Scholar]

	



Bates, D.; Mächler, M.; Bolker, B.; Walker, S. Fitting Linear Mixed-Effects Models Using Lme4. J. Stat. Soft. 2015, 67, 1–48. [Google Scholar] [CrossRef]

	



Lüdecke, D. Ggeffects: Tidy Data Frames of Marginal Effects from Regression Models. J. Open Source Softw. 2018, 3, 772. [Google Scholar] [CrossRef]

	



Jäckle, A.; Burton, J.; Couper, M.P.; Lessof, C. Participation in a Mobile App Survey to Collect Expenditure Data as Part of A Large-Scale Probability Household Panel: Response Rates and Response Biases Understanding Society Working Paper Series Participation in A Mobile App Survey to Collect Expenditure Data as Part of a Large-Scale Probability Household Panel: Response Rates and Response Biases. 2017. Available online: https://www.researchgate.net/publication/323249839_Participation_in_a_Mobile_App_survey_to_collect_expenditure_data_as_part_of_a_large-scale_probability_household_panel_response_rates_and_response_biases_Understanding_Society_Working_Paper_Series_Part (accessed on 27 February 2023).

	



Kmetty, Z.; Stefkovics, Á.; Szamely, J.; Dongning, D.; Kellner, A.; Omodei, E.; Edit, P.; Koltai, J. Determinants of Willingness to Donate Data from Social Media Platforms. OSF Prepr. 2023, pp. 1–32. Available online: https://osf.io/ncwkt/download (accessed on 5 January 2023).








[image: Sensors 23 04571 g001 550] 





Figure 1. An example of a vignette. Underlined features of the situation were systematically varied on the vignettes presented to the respondents. 
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Figure 2. Predicted values of cross-level interactions, Table A1, Models 1 and 2. (A) Respondent level socio-demographic variables and interruption and control over the data collection. (B) Respondent level socio-demographic variables and incentives. Note: Significant interactions are highlighted with colours, nonsignificant ones are grey. 
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Figure 3. Predicted values of cross-level interactions, Table A1, Models 3–5. (A) Respondents’ smartphone usage and organiser of the research. (B) Respondents’ smartphone usage and incentives. (C) Respondents’ smartphone usage and interruption and control over the data collection. Note: Significant interactions are highlighted with colours, nonsignificant ones are grey. 
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Table 1. Descriptive statistics of socio-economic variables. All numbers are in percentage and the proportions are computed with sample weights.
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Age




	
18–39

	
40–59

	
60+




	
42.9

	
39.4

	
17.7




	
Gender




	

	

	
Male

	

	

	
Female

	

	




	

	

	
48.2

	

	

	
51.8

	

	




	
Settlement




	
Capital

	
City

	
Village




	
21.2

	
52.1

	
26.7




	
Education and Labour Market Activity




	
Skilled and employed

	
Skilled and unemployed

	
Skilled and retired

	
Skilled and other

	
Unskilled and employed

	
Unskilled and unemployed

	
Unskilled and retired

	
Unskilled and other




	
42.9

	
3.4

	
9.5

	
8.6

	
20.2

	
3.5

	
6.5

	
5.4




	
Smartphone User Clusters




	
Social media and entertainment users

	

	
Broad non-social-media users

	

	
Basic general users

	

	
Camera users

	
Advanced users




	
31.2

	

	
12.0

	

	
18.7

	

	
9.1

	
29.0




	
Willingness to Participate




	
No

	
Yes




	
47.2

	
52.8
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Table 2. The relationship between smartphone user clusters and socio-economic variables. Row percentages.
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Smartphone User Cluster




	
Age

	
Social Media and Entertainment Users

	
Broad Non-Social-Media Users

	
Basic General Users

	
Camera Users

	
Advanced Users






	
18–39

	
34.4

	
8.0

	
8.0

	
2.0

	
47.5




	
40–59

	
32.6

	
14.3

	
21.6

	
9.1

	
22.3




	
60+

	
21.9

	
14.8

	
32.9

	
22.6

	
7.7




	

	
Smartphone User Cluster




	
Education and Labour Market Activity

	
Social Media and Entertainment Users

	
Broad Non-Social-Media Users

	
Basic General Users

	
Camera Users

	
Advanced Users




	
Skilled and employed

	
30.3

	
13.8

	
15.5

	
6.3

	
34.0




	
Skilled and unemployed

	
14.3

	
33.3

	
23.8

	
9.5

	
19.0




	
Skilled and retired

	
21.9

	
15.6

	
33.3

	
19.8

	
9.4




	
Skilled and other inactive

	
41.2

	
2.5

	
6.2

	
0.0

	
50.0




	
Unskilled and employed

	
40.4

	
9.1

	
18.2

	
11.1

	
21.2




	
Unskilled and unemployed

	
46.7

	
13.3

	
13.3

	
0.0

	
26.7




	
Unskilled and retired

	
19.4

	
2.8

	
47.2

	
27.8

	
2.8




	
Unskilled and other inactive

	
34.8

	
4.3

	
13.0

	
13.0

	
34.8
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Table 3. Results of the multilevel models on the willingness to participate including vignette dimensions, socio-demographic variables and smartphone user typology. Unstandardized coefficients (* p < 0.05, ** p < 0.01, *** p < 0.001); standard errors of the coefficients are in brackets.
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DV: Willingness to Participate




	

	
Model 1

	
Model 2

	
Model 3






	
Vignette-level variables

	

	

	




	
Organiser of the research (ref: private company)

	

	

	




	
Scientific research institute

	
0.07 (−0.09)

	
0.07 (−0.1)

	
0.02 (−0.12)




	
Decision-maker

	
−0.39 *** (−0.09)

	
−0.39 *** (−0.1)

	
−0.52 *** (−0.11)




	
Data collected (ref: spatial movement)

	

	

	




	
Mobile usage

	
−0.19 (−0.14)

	
−0.19 (−0.16)

	
−0.11 (−0.18)




	
Communication habits

	
−0.26 (−0.14)

	
−0.27 (−0.16)

	
−0.21 (−0.19)




	
Movement and usage

	
−0.19 (−0.13)

	
−0.19 (−0.15)

	
−0.12 (−0.17)




	
Movement and comm. habits

	
0.08 (−0.15)

	
0.08 (−0.17)

	
0.15 (−0.19)




	
Mobile usage and comm. habits

	
−0.08 (−0.14)

	
−0.08 (−0.16)

	
0.04 (−0.18)




	
Movement, usage and comm. habits

	
−0.07 (−0.14)

	
−0.07 (−0.16)

	
−0.09 (−0.19)




	
Length of the research (Ref: one month)

	

	

	




	
Six-month duration

	
−1.15 *** (−0.07)

	
−1.16 *** (−0.08)

	
−1.31 *** (−0.1)




	
Incentive (ref: after downloading the app)

	

	

	




	
After the end of the research EUR 15

	
0.08 (−0.09)

	
0.08 (−0.1)

	
0.01 (−0.12)




	
Both after downloading the app and at the end of the research EUR 15-EUR 15

	
0.61 *** (−0.09)

	
0.61 *** (−0.1)

	
0.63 *** (−0.12)




	
Interruption and control (ref: user can interrupt the data collection)

	

	

	




	
User cannot interrupt the data collection

	
−0.98 *** (−0.09)

	
−0.99 *** (−0.1)

	
−1.08 *** (−0.12)




	
User can interrupt the data collection and has control over their data

	
0.20 * (−0.09)

	
0.2 (−0.1)

	
0.29 * (−0.12)




	
Respondent level socio-demographic variables

	

	

	




	
Age 40–59 (ref: 18–39)

	

	
−1.52 *** (−0.46)

	
−0.44 (−0.56)




	
Age 60+

	

	
−2.76 *** (−0.76)

	
−0.77 (−0.89)




	
Gender (ref: men)

	

	
0.3321

	
−0.4 (−0.48)




	
Town (ref: capital)

	

	
0.85 (−0.51)

	
0.96 (−0.59)




	
Village

	

	
1.02 (−0.6)

	
0.97 (−0.69)




	
Skilled–retired (ref: skilled–employed)

	

	
−0.01 (−0.84)

	
−1.17 (−1.41)




	
Skilled–unemployed

	

	
−0.98 (−0.99)

	
−0.35 (−0.95)




	
Skilled–other inactive

	

	
−1.18 (−0.7)

	
−1.47 (−0.82)




	
Unskilled–employed

	

	
−0.05 (−0.6)

	
−0.18 (−0.73)




	
Unskilled–unemployed

	

	
1.14 (−1.33)

	
0.27 (−1.65)




	
Unskilled–retired

	

	
−0.63 (−1.06)

	
−0.5 (−1.25)




	
Unskilled–other inactive

	

	
0.71 (−1.07)

	
−0.57 (−1.35)




	
Typology of smartphone use (ref: Social media and entertainment)

	

	

	




	
Broad non-social-media users

	

	

	
0.02 (−0.79)




	
Basic general users

	

	

	
−0.42 (−0.69)




	
Camera users

	

	

	
−3.69 *** (−0.94)




	
Advanced users

	

	

	
1.66 ** (−0.6)




	
AIC

	
6783.87

	
6773.36

	
5247.53




	
BIC

	
6892.03

	
6968.04

	
5463.43




	
Observations

	
10,000

	
10,000

	
7820




	
Groups (respondents)

	
1000

	
1000

	
782
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