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Abstract
Some social surveys in the UK have either transitioned to online data collection or are in the process of transitioning. The Covid-19 pandemic forced rapid moves to online data collection for some surveys. There are still some concerns regarding the quality of data produced by respondents using smartphones for survey questionnaire completion. This paper uses the first available in the UK, large scale mixed-device survey, Understanding Society Wave 8, where 40% of the sample were assigned to an online mode of data collection. It allows comparison of data quality between different devices. Different data quality and differential reporting indicators are assessed. The results suggest that even when the questionnaire is not optimised for a smartphone, we should not be concerned about respondents using smartphones in social surveys, even for longer surveys, such as Understanding Society, as break-off rates are very low and data quality between devices is not very different.  
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This study uses the following dataset: Understanding Society main survey Wave 8.  The Understanding Society data were obtained from the UK Data Archive (http://www.data-archive.ac.uk/). Data Citation for the Understanding Society data: University of Essex. Institute for Social and Economic Research, NatCen Social Research, Kantar Public. (2018). Understanding Society: Waves 1-8, 2009-2017 and Harmonised BHPS: Waves 1-18, 1991-2009. [data collection]. 11th Edition. UK Data Service. SN: 6614, http://doi.org/10.5255/UKDA-SN-6614-12.
Ethics approval was sought from the University of Southampton Ethics and Research Governance Committee and the project received ethics approval (submission number 30659) on the 16th of October 2017.

1. Introduction
For number of years social surveys have been experiencing lowering response rates but their costs have been increasing as data collection agencies try to address nonresponse.  Another trend, which is observed globally, is increased internet access and internet use as well as increased ownership of mobile devices such as smartphones and tablets.  According to ONS (2020), 92% of adults in the UK used the internet daily in 2020 and according to Ofcom (2023), 93% of the UK households had an internet connection in 2023.  Also, according to Statista (2024), 93% of adults owned a smartphone in the UK in 2022 in comparison to only 17% in 2008. To respond to all these trends, data collection organisations are undergoing a paradigm shift and moving towards online data collection.   Mixed-mode designs were introduced in some major surveys in the UK as cost saving initiative, such as the Understanding Society (Carpenter & Burton, 2017). Other major social surveys, such as the UK Labour Force Survey (LFS), were undergoing an experimental stage in preparation to transition the survey to online mode of data collection (Finlay et al., 2018a; Finlay et al., 2018b).  Once everything is ready for online data collection and infrastructure is in place, it is cheaper to collect data online. The Covid-19 pandemic forced rapid transitions to online data collection for some social surveys globally, with this mode of data collection together with a telephone mode being the only options at the time. However, a key question remains regarding data quality: does data quality suffer after this shift in data collection method?  
For a number of years there were concerns regarding allowing respondents to use smartphones when completing surveys. Tourangeau et al. (2018) highlighted three main areas which could be a source for concerns regarding data quality produced by respondents using smartphones: 1. screens on smartphones are smaller than those on tablets or PCs, which could lead to larger response order effects or more superficial processing of the questions; 2. touch screen interface, which could lead to item nonresponse or inadvertent choice of the wrong answer; 3. smartphone respondents may complete surveys in settings where other people or other distractions are present, which could lead to less candid reporting of sensitive information or lower quality reporting overall. 
Also, lack of optimisation of questionnaires for smartphones caused concerns in researchers regarding the quality of data produced by respondents using smartphones for questionnaire completion.  Lack of optimisation was reported to negatively influence data quality (see Mavletova & Couper, 2015; Young et al., 2014; Peterson et al., 2013; Lorch & Mitchell, 2014; Arn et al., 2015; Horwitz, 2016; Revilla et al., 2016). 
Social surveys have progressed through various stages regarding how they were treating smartphones.  Historically, due to concerns regarding lower data quality produced by respondents using smartphones, smartphones were blocked when respondents attempted using them for questionnaire completion (Maslovskaya et al., 2019).  Later, the use of smartphones was discouraged, for example, in the Second Longitudinal Study for Young People in England (LSYPE2), the National Child Development Study (NCDS) 2013-2014, the Community Life Survey (CLS) 2014-2015, Understanding Society Innovation Panel Waves 8 and 9, and Understanding Society Wave 8.  However, the best practice nowadays is to adopt a “mobile-first” design, where the questionnaire is designed with a small screen in mind and, therefore, there are no issues associated with non-optimised versions of questionnaire.  When the UK Office for National Statistics (ONS) was preparing to transition the LFS online, they adopted a “mobile-first” design for the Labour Market Survey (LMS) which was used as a test for the transformation of the LFS to a mixed-mode design.  It is still important to compare data quality between smartphones and other devices in order to establish whether these concerns regarding lower data quality obtained through smartphones have any grounds.  The Understanding Society Wave 8 was the first large-scale survey in the UK, where 40% of the sample were assigned to an online mode of data collection, and it provided an opportunity to conduct this analysis as it has a large online component with a sizable group of people who chose to respond using smartphones. Furthermore, the questionnaires were not optimised for smaller screen sizes.  The main research question for this analysis is: Do respondents who use smartphones for questionnaire completion produce lower quality data in comparison to those using PCs (desktops/laptops) or tablets?
The remainder of the paper is structured as follows. The next section of the paper reviews existing literature. The third section discusses the Understanding Society Wave 8 survey, which was used for the analysis, followed by the Methodology section.  The results section summarises the findings from the analysis of various data quality and differential reporting indicators and compares them with the limited existing findings in the UK context.  The final section discusses limitations and implications of the results for survey practice.  

2. Background and Data Quality Indicators
[bookmark: _Hlk42773606]Data quality indicators include measures related to coverage, measurement effects and nonresponse. To assess the quality of questionnaires, measurement errors and the quality of substantive answers by device used by respondents, various data quality indicators can be employed  as well as different differential reporting indicators. Analysis of these indicators will allow comparison of the quality of data collected through different devices within one survey.  The following nonresponse indicators are used in the literature: break-off rates by device and item nonresponse by device.  To assess the risk of measurement error by device the following data quality indicators can be useful: length of interview, response style indicators, such as straightlining (the average deviation between the current answer in battery of attitudinal questions to the answer to previous question (Loosveldt et al., 2018)), differential reporting, number of grid questions in questionnaire, speed per question, number of answering categories and other indicators.  Quite a few studies have been conducted in Germany, Netherlands, Russia, Spain and the US context (Andreadis, 2015; Gummer & Rossmann, 2014; Stapleton, 2013; Mavletova, 2013; Toepoel & Lugtig, 2014; Lugtig & Toepoel, 2016; Guidry, 2012; Barlas & Thomas, 2015; McClain & Crawford, 2013; Baker-Prewitt & Miller, 2013; Revilla & Couper, 2017; Tourangeau et al., 2018; Antoun et al., 2017; McClain et al., 2012; Buskirk & Andrus, 2014; Schlosser & Mays, 2017; Mavletova & Couper, 2014; Mavletova & Couper, 2015; Struminskaya et al., 2015; Cernat and Revilla, 2020; Goodman et al., 2022; Cernat and Sakshaug, 2020; Clement et al., 2020). The majority of these studies were observational in nature. However, some of them had an experimental design (Tourangeau et al., 2018) or conducted meta-analysis (Mavletova & Couper, 2015). The main concerns regarding lower quality of data produced by smartphones are: (i) it would take longer to complete surveys for those using smartphone (Andreadis, 2015; Gummer and Russman, 2014 – their results were true for both optimised and non-optimised surveys, Buskirk & Andrus, 2014; de Bruijne & Wijnant, 2013; Keusch & Yan, 2017; Struminskaya et al., 2015); (ii) the likelihood of break-offs is higher for smartphones especially if questionnaires are not optimised (Mavletova & Couper, 2015 – meta-analysis; Emery et al., 2023); (iii) item non-response is higher for smartphone respondents (Mavletova & Couper, 2014 and 2015; Struminskaya et al., 2015; Lugtig & Toepoel, 2016; Keusch & Yan, 2017); (iv) there is a  tendency of response style behaviours, such as primacy effects (when respondents are more likely to choose the earlier option(s) when the scale/list is presented visually (Dillman et al., 2014))  (Stapleton, 2013; Lugtig and Toepoel, 2016) and straightlining or non-differentiation (Guidry, 2012; Barlas & Thomas, 2015; McClain & Crawford, 2013; Bake-Prewitt & Miller, 2013). However, it is important to mention that other studies found no difference in straightlining by device used by respondents (Revilla & Couper, 2017; Tourangeau et al., 2018; Antoun et al., 2017) or in primacy effects (Mavletova, 2013; Toepoel & Lugtig, 2014; Wells et al., 2013; Matthews et al., 2018; Erens et al. 2019) as well as in item nonresponse (McCain et al., 2012; Wells et al., 2013; Buskirk & Andrus, 2014; Toepoel & Lugtig, 2014; Schlosser & Mays, 2017; Tourangeau et al., 2018 - experimental design study). Overall, in all these studies the responses produced by smartphones appeared to be very similar to the responses obtained by other devices and the differences which are found are not large (Couper et al., 2017; Tourangeau et al., 2018). However, it is important to mention that all these results came from a non-UK context and more work is needed to obtain more conclusive results regarding data quality produced by respondents using smartphones for questionnaire completion generally but also specifically in the UK context.  
Data quality by device used by respondents in the UK context is still under-researched.  Matthew et al. (2018) investigated the following five areas of data quality: missingness, satisficing, survey length, response accuracy, and social desirability bias.  They assessed these five areas through the following data quality indicators in the context of young people aged 16-17 in England (using the Second Longitudinal Study of Young People in England (LSYPE2) for the analysis): break-off rates, item non-response, consent to data linkage, straightlining, primacy effects, acquiescence effects, completion time, response validation, and self-reported risky behaviours (Matthews et al., 2018).  Their results were reassuring and found no evidence of differences by device in item nonresponse, consent to data linkage, straightlining, primacy or acquiescence effects, completion time, response validation or self-reported risky behaviours. The only indicator they found differences by devices was break-off rates with a slightly higher break-off rate among smartphone respondents (4% in comparison to 1% for PCs and 2% for tablets).  These results are reassuring but the analysis was conducted using sample of the young people of aged 16-17 who are often referred to as “digital natives”. Therefore, it is important to conduct a similar assessment of data quality on the general UK population in order to ascertain whether smartphone respondents produce lower or the same quality data when compared to other device users.  
Hanson et al. (2018) conducted preliminary assessment of data quality in the Community Life Survey (CLS) (2016-2017), which is a survey of the UK general population and in which 505 respondents used a smartphone (7% of the sample). They assessed only a limited number of data quality indicators (break-off rates and length of questionnaire) and found that break-off rates (or drop-out rates) are significantly higher for smartphones (13% in comparison to 7% observed for PCs and tablets). No evidence was found for differences in completion time by device.  One of their main conclusions was that there was a need to analyse data quality across other UK surveys in order to obtain more conclusive results regarding the quality of data produced by respondents using smartphones for questionnaire completion in the UK context. 
The team of researchers who conducted the analysis for this paper conducted a preliminary assessment of data quality in the Understanding Society Innovation Panel Wave 9 in the absence of a large-scale, UK survey at that time (Maslovskaya, 2020).  In this survey, respondents were discouraged from using smartphones for questionnaire completion.  Furthermore, the total sample size for online mode of data collection was small with the group which choose to use smartphone for questionnaire completion having only 83 respondents for whom device was known (7.4% of the sample).  Therefore, these results should be interpreted with caution and more work is required to obtain more conclusive results.  There was no difference by devices found for completion time and for agreeableness.  Differences by device were found for item nonresponse.  However, the item nonresponse was either lower for smartphones or no difference to other devices was found depending on the variable that was assessed.  Mixed results were found for differential reporting.  However, the final results suggest that even where device effects were found for differential reporting, the differences were due to selection effects rather than due to device effects.  Differences were reported for straightlining with respondents using smartphones having a higher tendency for straightlining. Differences in break-off rates were also reported to be significant (7.2% break-off rate for smartphones in comparison to 1.6% for desktops/laptops and 2.0% for tablets). However, due to the very low frequencies of break-offs, more work needs to be done as these results were obtained using only bivariate analysis.  Also, differences by device were found for consent to data linkage with respondents using smartphone for questionnaire completion having a higher probability of not giving consent to data linkage. For more details of this unpublished preliminary analysis see Maslovskaya (2020). 
An important extension to previous work is to assess differences in data quality produced by different devices in a large scale mixed-device survey in the UK context.  
3. Data
This paper employs Wave 8 of the UK Understanding Society survey - the Household Longitudinal Study in the United Kingdom. The survey covers topics of health, work, education, income, family and social life to help understand the long-term effects of social and economic change, as well as policy interventions. Therefore, it is very important to establish whether the quality of data is equally high irrespective of the device respondents chose to use for questionnaire completion in the online mode of the survey. In Wave 8, Understanding Society moved to a mixed-mode design as a cost saving initiative and introduced an online mode of data collection.  Specifically, Wave 8 used a push-to-web mixed-mode design and was the first wave in which 40% of participants were initially invited to complete the questionnaire online. A model was used to identify households which were more likely to take part online and those households were included in this group. A further 40% were initially invited to complete a face-to-face interview (CAPI) but then given the opportunity to complete survey online if they had not completed it in CAPI mode. For these two groups, the allocation to the initial mode was not random. The remaining 20% were a ring-fenced sample and were only approached for a face-to-face interview and a random sample of households were part of this CAPI-only sample.  More details about the mixed-mode design and the sample allocations can be found in Understanding Society (2020).  
Wave 8 has the advantages over previous waves: it collected 40% of households online and had a large sample of respondents who chose to use smartphones when responding to the survey. 
Respondents were able to complete questionnaire online and to choose the device they wanted to use for completion.  However, the advanced letter said: “The survey is available online at the website shown below, so you can complete it at a time that’s best for you, although it might be easier for you if you use a computer rather than a mobile device.” (https://www.understandingsociety.ac.uk/sites/default/files/downloads/documentation/mainstage/fieldwork-documents/wave-8/advance-communications/wave-8-letters.pdf). The respondents were still discouraged from using smartphones and the reason for this was that the questionnaire was not optimised for the small screens of mobile devices including smartphones.  However, despite this discouragement, 902 (11%) respondents in the online sample still chose to use a smartphone for questionnaire completion.  It is likely that in this self-selected sample the respondents may have good quality devices and feel confident to use them to respond to the survey. 
The final analysis sample, including only cases who responded online and for whom the device used for survey questionnaire completion was known, contains 7,972 respondents. 
4. Methodology
The main variable of interest is device used by respondents for questionnaire completion. It contains three categories: PCs (desktops and laptops) – 5,055 (63.4%), tablets – 2,015 (25.3%) and smartphones – 902 (11.3%).  Respondents were not assigned to a device and were free to choose any device they wished for questionnaire completion.  Therefore, endogeneity might be a problem in the analysis and will be addressed below. 

4.1 Outcome measures
We examine seven types of data quality and differential reporting indicators. The first outcome variable is completion time in minutes.  Completion times are positively skewed, therefore, log-time is modelled. The main concern is that it might take respondents longer to answer using smartphones as the questionnaires were not optimised, so the burden on respondents would be higher due to the need to do additional horizontal and vertical scrolling. 
[bookmark: _Hlk171500467]Various response style indicators are obtained for four blocks of attitudinal variables (questions included in different blocks for the assessment of different response style behaviours can be found in Table SA5).  The following blocks are used: eight questions regarding personal good qualities (4-point scale), 12 questions on General Health Questionnaire aspects (4-point scale), four questions about life satisfaction (7-point scale), and seven questions on what is important for an individual (5-point scale).  The following response style indicators are obtained for all four blocks: primacy effects, extreme responses, and straightlining. These response style indicators are the tendencies of respondents to take cognitive “short cuts” when completing questionnaires (Krosnick, 1991; Roberts et al., 2019).  We expect them to be more prominent in respondents using smartphones due to the need to scroll horizontally and vertically given the non-optimised questionnaire of Understanding Society.  The following two indicators are investigated: extreme responses and straightlining.  If the questionnaire is not optimised, there is a high likelihood that extreme responses might not be visible to respondents and therefore the respondents would need to scroll horizontally which would increase the burden on respondents.  To obtain the total number of extreme responses, all responses with the highest value within blocks of variables are summed to obtain the total number of extreme responses.  To measure straightlining, a score is calculated, and the higher the score, the lower the straightlining tendency (Loosveldt et al, 2018). This score is then converted into a binary indicator by giving respondents in the bottom decile a value of 1 (high straightlining tendency) and the remaining respondents a value of 0. 
The third type of outcome indicators is break-off rate.  Break-off rates are calculated on the basis of a binary variable which has a value of 1 for partially productive interviews, and fully productive interviews are assigned a value of 0.  According to Stephanie Auty (2019)[footnoteRef:1] who was the Understanding Society User Support and Training Officer, “a partial interview is where someone has completed up to the household finances section, but not finished the interview. We define this as a useable partial. If someone does not get as far as the household finances section then they get an unproductive outcome, and their data is not included in the dataset.” [1:  Personal communication via email on 08 August 2019.] 

The fourth type of outcome indicators is item nonresponse. It is important to remember the context of Understanding Society when deciding on the approach to item nonresponse investigation. The reason that we do not assess item nonresponse across the entire questionnaire is due to the specific characteristic of Understanding Society which has very low item nonresponse. This is because by Wave 8 respondents have been with the survey for number of years and are loyal to the survey.  Therefore, we selected six variables with the highest item nonresponse and use them separately for the analysis.  Table SA1 in the Supplementary Appendix contains details of the variables which are assessed for item nonresponse.  For each variable an additional variable is created where 1 indicated a respondent who has a missing value for this specific variable and 0 otherwise.
The fifth type of indicators used for the analysis measures differential reporting.  These indicators help assessing whether different devices might be associated with differences in the reporting of binary survey variables.  Nine variables with “yes/no” options available to respondents are selected for the analysis of differential reporting in Understanding Society.  Table SA2 in the Supplementary Appendix presents the variables used for this type of data quality indicators assessment and associated sample sizes.  
The sixth type of indicators concerns consent to data linkage. Data linkage is crucial for understanding of different social phenomena and a high consent rate to data linkage can guarantee that the majority of available data could be used for analysis.  A variable regarding Her Majesty’s Revenue and Customs (HMRC) record linkage (see Table SA9 in Supplementary Appendix) is used to assess differences in consent by device.  This variable is a binary variable with 1 indicating a respondent who does not want to give consent to data linkage and 0 a respondent who has read a leaflet and is happy to give consent. 
Finally, the seventh type of indicators is self-reporting of risky behaviours. Only a very small subset of the sample – youth self-completion questionnaire – was asked these sensitive questions (see Table SA3 in Supplementary Appendix).  Binary variables are created with 1 indicating any reports of risky behaviours irrespective of frequency where applicable and 0 when risky behaviour is not reported.  
Tables SA4, SA6SA11 in the Supplementary Appendix present distributions of all outcome indicators used in the analysis by device used to complete the survey.
To address three main concerns regarding data quality of smartphone responses highlighted by Tourangeau et al. (2018), the data quality indicators mentioned above are analysed. To assess the first concern - whether it is more likely for smartphone respondents to select response options that they can see immediately rather than options that require an action such as scrolling - response style behaviour indicators, such as extreme responses and straightlining are analysed.  There is a possibility that a respondent using smartphone for questionnaire completion did not mind scrolling but then may  require more time to complete questionnaire in comparison to other devices. To assess this issue, completion time is investigated.  To address the second concern regarding higher likelihood of item nonresponse for smartphone respondents, item nonresponse will be explored.  To assess the third concern regarding smartphone respondents being less likely to report sensitive information as well as generally providing lower quality data, various differential reporting indicators are analysed including self-reporting of risky behaviours.   


4.2 Data analysis
The majority of data quality indicators considered here are binary variables.  Completion time, primacy effects and extreme responses indicators are continuous. The logarithm of the completion time is normally distributed.  First, bivariate tests of associations are employed (Chi-squared and Kruskal-Wallis tests) and then appropriate regression models are fitted.  When binary associations between indicators and device used by respondents are found to be significant, these associations are then further assessed by modelling.  A stepwise forward selection procedure is used to build the models for the individual indicators. 
Linear regression is used to analyse the logarithm of the completion time indicator as well as some of the response style behaviour indicators such as extreme responses.  For all other indicators binary logistic regression is used for the analysis.  As all respondents are clustered within households, robust standard errors are estimated to control for potential clustering (Huber, 1967; White, 1980, 1984 and 1994).  
Literature suggests that various data quality indicators are associated with respondents’ demographic and socio-economic characteristics (Hox et al., 1991; Steinbrecher et al., 2015; Yan & Tourangeau, 2008).  Therefore, the following demographic and socio-economic characteristics of respondents are used as independent variables in the analyses: gender, age, qualification, employment status, economic activity, income, marital status, household type, children in household, ethnicity, country of residence, government office region (GOR), and urban/rural locality. These indicators are also helpful for regression adjustment approach, which we employ to address the potential endogeneity issue. Table SA12 in the Supplementary Appendix contains the demographic and socio-economic characteristic of respondents by device type employed in the analysis. 
This study is an observational study and does not have an experimental design.  There is a concern (as for any other observational study) that when we observe device effects that they are really selection effects.  The main approach which we use to overcome potential endogeneity issue is the regression modelling adjustment approach which controls for those measured confounders in our regression models (Kolesnikov and Kennedy, 2014).  
5. Results
5.1 Bivariate analysis
Tests of bivariate association (Kruskal-Wallis and Chi-squared) are used to identify which outcome indicators are associated with devices used by respondents for questionnaire completion.  Table SA13 in the Supplementary Appendix shows the results of bivariate associations by outcome indicators.
The results from this analysis suggest that there is no association between device used by respondents for questionnaire completion and self-reported risky behaviours or consent to data linkage.  These indicators will not be further assessed in regression models.  These results are consistent with the findings by Matthews et al. (2018).  However, in the preliminary work we found an association between consent to data linkage and device used but a different variable (consent to data linkage to benefits data) was used for the previous analysis of the Innovation Panel (Maslovskaya, 2020). 
The majority of the variables in the survey have very low item nonresponse.  The results of bivariate analysis of the variables with highest item nonresponse rates suggest that for all six variables there is no significant association between item nonresponse and device used by respondents.  These results are also consistent with results by Matthews et al. (2018). However, Maslovskaya (2020) found association between item nonresponse and device in the Innovation Panel of Understanding Society but the direction of association was the opposite to the one expected, i.e., the likelihood of item nonresponse was lower for smartphones than for other devices. 
The Kruskal-Wallis test results suggest that there is a significant difference in completion times by devices with completion times being longer for tablets and smartphones when compared to PCs.  
The results for the response styles are mixed and consistent with earlier finding by Matthews et al. (2018).  There is a significant association between device used and primacy effect for Block 2.  There is a consistent association between device used and extreme responses across all blocks of variables used for the analysis with the exception of Block 4.  Also, there is an association between straightlining and device used found in Block 1.  All these significant associations will be further investigated using regression techniques.
A chi-squared test suggests that there is a significant association between break-off rates and devices used with smartphones having the highest break-off rate (1% in comparison to 0.3% for desktops and laptops, and 0.5% for tablets).  However, it is important to mention here that only 36 respondents had partially productive interviews.  Therefore, these very low frequencies do not allow us to investigate break-off rates by devices further in the modelling.  The break-off rates are also consistently very low, possibly due to the loyalty of the respondents to the survey.  These results are consistent with results reported by Matthews et al. (2018), Hanson et al. (2018) and Maslovskaya (2020).  However, the break-off rates were reported to be higher in other surveys for all devices with the highest group being smartphone (LSYPE2 – 3.5%; CLS – 13%; Innovation Panel – 7.2%).    
5.2 Regression analysis 
When differential reporting is assessed, most variables are bivariately associated with the device used by respondents for questionnaire completion with an exception for the questions regarding access to a car or a van and driving licence.  The variables for which a significant association with device is found is further investigated in the modelling with the hope that once we have controlled for other variables, the device effect, which is observed in the bivariate analysis, may disappear. The modelling results are summarised and presented in Table 1.  
Table 1: Bivariate analysis and regression results for associations between device used for survey completion and data quality indicators.
	Outcome indicator
	Significance in bivariate analysis
	Significance in regression modelling 

	Completion time
	***
	***

	Response style indicators1
	
	

	Block 1
	
	

	High extreme responses
	**
	NS

	Straightlining
	*
	*

	Block 2
	
	

	Primacy effect
	**
	NS

	High extreme responses
	***
	NS

	Block 3
	
	

	High extreme responses
	***
	NS

	Break-off rates
	*
	NA

	Differential Reporting
	
	

	And are you male or female?
	***
	***

	Are you in paid employment?
	***
	***

	Do you have any long-standing physical or mental impairment, illness or disability? By ‘long-standing’ I mean anything that has troubled you over a period of at least 12 months or that is likely to trouble you over a period of at least 12 months.
	***
	NS

	Do you smoke cigarettes? 
	***
	NS

	Do you regard yourself as belonging to any particular religion?
	***
	NS

	Should UK remain a member of the EU?
	***
	NS

	We would like to use your email address to keep in touch.  What is your email address?
	*
	*


[bookmark: _Hlk164110046]Note: *-p<0.05; **-p<0.01; ***-p<0.001; NS – not significant, NA – not appropriate due to very small sample size of those with partial interviews (N=36).
 1Details about questions included in different blocks for assessment of response style behaviours can be found in Table SA5.

In the modelling, the completion time variable (ln(min)) is still found to be significantly associated with device used by respondents after controlling for other significant variables: age, race, household type, income, health and GOR.  It takes 18% longer on average to complete the survey using smartphones than PCs or laptops. No difference in completion times is found between PCs/laptops and tablets.  These results contradict the findings by Matthews et al. (2018), Hanson et al. (2018) and Maslovskaya (2020) where in other three contexts no evidence of difference in time taken to complete the survey by device was found.  This finding is not surprising and expected. There are two plausible explanations for the effect observed. First, the questionnaire is not optimised and, therefore, the task for those using smartphones is harder due to potentially needing to scroll horizontally and vertically to see all the possible answers to the questions and due to other possible difficulties with non-optimised questionnaire and, therefore, higher burden on respondents.  Second, it might have taken longer to complete each question for those using smartphone due to contextual effects as they might have been multi-tasking or being distracted.  This hypothesis can be tested by comparing response times by individual questions between devices and will be undertaken as a part of further work.
When different response style indicators are modelled, no associations are found to be significant between either extreme responses or primacy effects and device used by respondents.  However, in Block 1 the straightlining indicator is still found to be significantly associated with device used by respondents after controlling for respondent’s gender.  The results suggest that straightlining is more likely in tablets and smartphones when compared to desktops or laptops.  This finding is also not surprising and might be due to the questionnaire not being optimised for mobile devices.  For attitudinal questions, there is a higher likelihood of all the answers not being visible on small screen and, therefore, horizontal scrolling may be required.  This might cause straightlining in some of the respondents as a short-cut to quicker completion of a burdensome task.  Maslovskaya (2020) reported similar results in the Innovation Panel of the Understanding Society for an association between straightlining tendency and device used.
As for differential reporting, after controlling for possible confounding factors, we still find an association between device used and three survey variables (gender, employment status and access to an email).  A higher likelihood of reporting being a woman is observed for tablets and smartphones when compared to PCs as well as a higher likelihood of not being employed for PCs/laptops when compared to smartphones and tablets.  Also, there is a higher likelihood of not having an email for those using tablets than PCs but there is no difference in the likelihood of not having an email in those using smartphones than PCs or laptops.  We believe that in all three cases we observe a selection effect rather than a device effect. The same results were reported by Maslovskaya (2020) in the analysis of the Innovation Panel for the gender and employment variables. From previous analysis by Maslovskaya et al. (2019) we know that women are more likely to use smartphones as well as those being employed.  In the third variable, we do not find a difference between smartphones and PCs, and as we know that tablet users are on average older than other device users and might have other distinctive characteristics, there is a higher likelihood for them not to have an email address.  We are confident that the results presented above suggest selection effects rather than device effects. 
All these results are reassuring as they contribute to the evidence that we can be confident about allowing respondents using smartphones for questionnaire completion even when questionnaires are not optimised for mobile devices.  
6. Discussion and Conclusion
Data collection organisations are undergoing a paradigm shift and more social surveys are conducted online either exclusively or as a part of mixed-mode designs.  Some social surveys have moved to mixed-mode designs in the UK a while ago such as Understanding Society. Other surveys are still at the stage of testing and preparation for transitions online.  In the past, respondents were only allowed to use desktops or laptops for survey completion.  However, due to the increase in ownership of mobile devices, such as tablets and smartphones, it became clear that blocking those devices would not benefit data collection and data quality.  Best practice now is to adopt “mobile-first” designs.  Due to differences in screen sizes between devices, there have been concerns regarding allowing the use of mobile devices and specifically smartphones for questionnaire completion as smartphones were suspected to produce lower quality data, in particular for non-optimised questionnaires.  Studies have been conducted in different survey and country contexts to gather evidence regarding the quality of data produced by smartphones relative to other devices but the results were mixed.  Additionally, not much was known about the quality of data obtained from questionnaires completed using smartphones in the UK.  Wave 8 of Understanding Society, employed in this paper, provided the first unique opportunity to address the issues of data quality from smartphone users as it has a large online sample with a sufficiently large group of respondents who chose to use smartphones.  This paper assessed the following data quality and differential reporting indicators: completion time, response style indicators (straightlining, primacy effects, and extreme responses), item nonresponse, break-off rates, differential reporting, consent to data linkage, and self-reporting of risky behaviours.  
[bookmark: _Hlk171514488]The results of the analysis suggest that although the Understanding Society Wave 8 survey was not optimised for smartphones, the data collected from respondents using smartphones seem to be of similar quality as data collected through other devices such as PCs/laptops. No difference by devices is found for primacy effects, for extreme response, for item nonresponse, consent to data linkage or self-reporting of risky behaviours.  For eight out of thirteen data quality indicators, which are found to be significantly associated with the device used in the bivariate context, this association disappears when other respondents’ characteristics are controlled for. Break-off rates are found to vary significantly by device with higher rates observed for smartphones in the bivariate analysis.  However, the break-off rate for smartphone is very low at around 1.0% when compared to the results obtained by the meta-analysis conducted by Mavletova & Couper (2015).  They reported that on average break-off rates for smartphone respondents are around 14.0%.  Therefore, the results obtained in this study are very reassuring for the smartphone group.  Analysis of differential reporting suggests that there are differences in reporting some of the survey variables by device used by respondents.  However, we conclude that the observed associations in gender and employment variables are due to selection effects rather than device effects. Other studies reported similar findings (de Bruijne and Wijnant, 2013; Gummer et al., 2019). The main differences between smartphone and other devices is for completion time, with smartphone respondents taking longer to complete the questionnaire. There are also higher straightlining tendency for respondents using smartphones.
The results from the assessment of the three main concerns regarding data quality produced by smartphone respondents identified by Tourangeau et al. (2018) suggest that there is no evidence in Understanding Society Wave 8 data to support concerns two (higher likelihood of item nonresponse) and three (lower reporting overall and reluctance to provide sensitive information).  However, we found evidence to support the first area of concern (higher likelihood of response style behaviours among smartphone respondents as well as longer completion times).  We, hence, recommend analysis of the following waves of Understanding Society and other surveys which used optimisation or a “mobile-first” approach to assess whether this design will remove differences in completion time and response style indicators by device.  
[bookmark: _Hlk171515105]The main limitation of the study is its observational and non-experimental nature where respondents were not randomised to a device but could choose a device for questionnaire completion. To address potential issue of endogeneity, we use regression modelling adjustment approach.  However, it has a limitation that it only controls for measured confounders. Hence, there is still a potential risk of not controlling for unobserved confounding factors. However, employing a wide range of measured confounding factors available for use in our regression models reduced the risk that the findings are attributed to selection rather than measurement effects in the contexts of straightlining and completion times.  It is important to note the specific context of Understanding Society and the respondents’ loyalty to the survey developed by the Wave 8 which might influence applicability of some findings (e.g., for item nonresponse or break-offs) to other studies where the loyalty factor does not play a role.
In summary, all our results are very reassuring and suggest that survey practitioners and data collection organisations should be confident about respondents using smartphones for questionnaire completion as the data quality by devices in the UK context is not very different even in the context of questionnaires not optimised for smartphones.  
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