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ABSTRACT KEYWORDS

This paper uses Individual Deprivation Measure data from Indonesia and Indonesia; South Africa;

South Africa to demonstrate the effects of coverage bias associated with sampling and data

mobile phone-based sampling and data collection approaches that collection; coverage bias;

restrict sampling frames to those who own or have access to a mobile ~ Multidimensional poverty;
. . . - mobile phones

phone - a increasingly common method. Analysis of this data demon-

strates substantial differences across multiple living standards indicators

and demographic characteristics between those who own a mobile

phone, individuals with access to a phone and those who neither own

nor access mobile phones. This paper highlights the implications of such

sampling approaches, and calls for the explicit consideration of the limita-

tions of inferences that can be drawn from qualitative and quantitative

analyses because of these substantive differences.

Introduction

The use of mobile phone-based data collection approaches has increased markedly since the
outbreak of the COVID-19 pandemic, in order to mitigate the potential risks associated with face-
to-face data capture. These approaches typically restrict sampling frames to individuals or house-
holds who own or can access a mobile phone and exclude those who cannot. Using data from two
districts in South Sulawesi, Indonesia and a national sample in South Africa, collected face-to-face
before the pandemic, which used sampling frames based on national censuses and surveys, we show
that there are substantial and important differences between those who own, those who access, and
those who neither own nor access mobile phones across a range of living standards outcomes and
demographic characteristics. Analyses of data collected via mobile phones are likely to miss
capturing the full range of experiences because of this coverage bias, regardless of whether the
data collected is qualitative or quantitative, and irrespective of the specific instruments used.
Researchers should be fully cognizant of the important implications for the generalisability of
analyses undertaken and conclusions reached when using mobile phone-based survey data, parti-
cularly in countries with relatively low mobile phone penetration.

One of the consequences of the COVID-19 pandemic, beginning in early 2020, has been a rapid
change in data collection approaches to ensure the health and safety of field workers and respon-
dents and as a result of the travel and movement restrictions imposed in many countries. Following
a short-lived shift to physically distanced data collection in which interviewers maintained their
physical distance and met outside when interviewing (IDinsight, 2020), many data collection efforts
in low and middle income (LMICs) countries were paused because of the health risks (Bhajibhakare
et al,, 2020; Hughes & Velyvis, 2020). However, as time passed, researchers have adapted to
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circumstances, largely by shifting from traditional in-person to mobile phone-based data collection
approaches. These approaches enabled many researchers to resume activities planned prior to the
outbreak of the pandemic, and to undertake new research, including that focused on the under-
standing the health, economic and social impacts of the pandemic (Chikoti et al., 2020; Spaull et al.,
2020; Srinivasan & Clifton, 2020).

The focus of this paper is on the implications of mobile phone-based data collection
approaches, where the first criteria — though implicit — for individuals’ eligibility to participate
in a mobile phone-based interview or survey is their ownership of, or access to, a mobile phone.
The consequent exclusion of individuals without access to mobile phones has significant implica-
tions for the inferences that can be made from qualitative and quantitative research using such
approaches.'

These implications may, at first glance, seem to be most relevant to the discussion of the analysis
of quantitative data, which more frequently aims to be representative and with generalisable results.
However, they are of equal relevance to the collection and analysis of qualitative data. Regardless of
the type of data collected, the experiences of those who do not own or have access to mobile phones
will not be collected and will remain neglected and poorly understood, should only those people
with mobile phone access be eligible to participate in data collection.

Digital data collection

In this paper, we use the term digital data collection to refer to the practice of using digital
technologies, primarily mobile phones, as the basis for sampling and capturing primary data
from respondents, which can be either interviewer-assisted or self-administered.

Traditionally, research using digital data collection involved two initial steps. First, researchers
selected a sample from a sampling frame using any appropriate means, such as through national
statistics offices or from a listing of households in the area of enumeration prior to data collection.
Once the sample was drawn, researchers then arranged initial face-to-face contact with sampled
individuals, and where they were found not to own the device needed for data collection, research-
ers could distribute devices and/or could provide phone or internet credit where necessary
(Christensen et al., 2011; Croke et al., 2012; Van Heerden et al., 2014; World Bank, 2017). This
approach was undertaken in recognition that, while digital penetration has increased rapidly, there
remains a substantial minority of people in many countries without access to mobile phones and
other digital technologies. The second step was important to ensure individuals without technology
access were also included in the data collection, thus reducing coverage bias.

However, exacerbated by the COVID-19 pandemic and associated lockdowns, in many cases it is
often not possible to conduct the second step (i.e. the face-to-face visits to determine technology
ownership or access). Thus, digital data collection strategies since the onset of the COVID-19
pandemic have typically required the use of a sampling frame consisting of a list of mobile phone
numbers.” These sampling frames are constructed from a list of mobile phone numbers of
participants from existing surveys (Kerr et al., 2020), by random digit dialing, purchasing/accessing
of lists of active phone numbers (IPA, 2020), or through snowball sampling.

An important aspect of the empirical literature on the use of digital data collection compares
traditional data collection methods with those using mobile phones (Clark et al., 2008; Dodge &
Chapman, 2018; Escobal & Benites, 2013; Gibson et al., 2017; Klevens et al., 2011; Kreuter et al.,
2008; Mercader et al., 2017; O’Toole et al., 2009; Tijdens & Steinmetz, 2016). Others examine
aspects of the digital interface design (Herzing, 2020) or assess behavior changes arising from
information delivered in person or via the web (Neuenschwander et al., 2013). Greenleaf et al.
(2017) attempted to synthesize the evidence in LMICs of mode comparison studies, but was unable
to draw conclusions because of insufficient information, though broadly there were few differences
between different data collection modes.
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Of particular relevance to the practicality of mobile phone-based data collection is mobile phone
ownership and access, which has increased rapidly in recent years (GMSA, 2020a, 2020b; ITU, n.d.).
There is a body of literature that examines the digital divide - those with and without access to the
internet — and to a lesser extent the ‘mobile phone divide’, focusing on determining the proportions
of the population who do and do not have access to these technologies. It compares, at a macro
level, the demographic characteristics of those with access to mobile phones or internet connections
and those without (e.g. Vimalkumar et al.,, 2020), identifies the geographic locations of those
experiencing the digital divide (Leidig & Teeuw, 2015; Song et al., 2020; Sujarwoto &
Tampubolon, 2016) or uses mobile phone coverage and related data as a proxy to map poverty
(S¢epanovi¢ et al., 2015; Schmid et al., 2017; Steele et al., 2017).

Few empirical studies examining the mobile phone divide extend beyond presenting comparisons
of demographic characteristics (e.g. gender, age, rural/urban location) of those with and without access,
though some do make associations between mobile phone ownership and improved economic out-
comes — greater wealth or income (Mubarak et al., 2020) or improved food security (Tankari, 2018).

Utilizing mobile phone ownership as a way to construct the sampling frame and for data
collection is likely to over-represent certain groups, because of their increased likelihood of owning
a mobile phone (L’Engle et al., 2018; Leo et al., 2015); as is the case for internet-based surveys
(Tijdens & Steinmetz, 2016). However, while studies that use mobile phone ownership for sampling
often note that their studies exclude those who do not own or have any access to a mobile phone,
they rarely describe explicitly or in detail the implications of this coverage bias for the conclusions
derived from their analysis.

Those studies that do address coverage bias propose two main approaches to reducing the bias
associated with mobile phone-based sampling and data collection. The first is to broaden the
eligibility criteria from mobile phone ownership to ownership or access — by interviewing indivi-
duals other than the owner of the sampled mobile phone number (Himelein et al., 2020). This
broadens coverage to those with access to phones (in addition to those who own them), but
continues to exclude those who cannot access a mobile phone. The second approach is to use post-
stratification weights on the (quantitative) survey data, to be more demographically representative
of the general population (L’Engle et al.,, 2018; Labrique et al., 2017; Larmarange et al., 2016;
Peytchev et al., 2011). This latter approach may improve the estimates made by improving the
demographic representation of the sample, but implicitly assumes there are no differences between
those with and without access to mobile phones, and therefore does not address coverage bias.

What remains lacking in the empirical literature is an explicit focus on the implications of
sampling based on the ownership of mobile phones, and the effects of this coverage bias on
generalisability and inference. This paper uses recently collected datasets from South Sulawesi,
Indonesia and South Africa to demonstrate that there are fundamental differences in demographic
characteristics and a wide range of living standards outcomes between three groups: (i) individuals
who own a mobile phone; (ii) individuals who can access a mobile; and (iii) those who neither own
nor can access a mobile phone. We argue that research conducted using mobile phone-based
sampling and data collection should explicitly acknowledge the limitations of their analyses,
particularly with respect to generalisability and to inferences to the broader population.

While this paper is focused on the coverage bias that arises from the use of sampling frames
derived from mobile phone numbers, non-response bias introduced either at the sampling stage
(i.e. individuals not responding to invitations) or throughout data collection (i.e. individuals
refusing to answer certain questions) can also result in key experiences of the sampled population
missing, which could lead to further measurement bias.

Data sources and description

The data used in this paper were collected in South Sulawesi, Indonesia and South Africa, in 2018
and 2019 respectively, under the auspices of the Individual Deprivation Measure (IDM) program,
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an individual-level gender sensitive measure of multidimensional poverty. The two studies aimed to
test the revised IDM measure at different scales - regional and national. The IDM was originally
developed to formulate a just and justifiable measure of poverty, grounded in the experiences and
priorities of poor men and women, and measuring things known to be important to gender equity.

The Indonesian data was collected from two districts in the province of South Sulawesi,
Indonesia. A stratified sampling strategy was employed to ensure district-level rural and urban
representation. A total of 5,698 individuals were surveyed from 2,186 households across 216 villages
(SurveyMeter, 2018). Data collection was undertaken over two months in 2018 by SurveyMeter, an
Indonesian survey company, and the demographic characteristics can be seen in Table 1.

After removing two records with missing demographic information and one refusal to respond
for the mobile phone ownership and access question, the resulting dataset for analysis were 5,695
individuals. For brevity, this data is referred to as the Indonesian data throughout the paper.

The South African data is from a national-level sample, with a total of 8,652 individuals from
3,811 households. Enumeration areas were randomly selected across all nine provinces, and
stratified by rural/urban location. Dwellings were identified using satellite imagery, and then
randomly sampled. Attempts were made to interview all eligible individuals in each household in
each sampled dwelling, ensuring a minimum provincial sample size of 800 individuals (ikapadata
Pty Ltd, 2019). Data collection was undertaken over five months in 2019 by ikapadata, a Cape Town
based survey company. The demographic characteristics of the South African sample are also
shown in Table 1.

In both studies, eligible individuals were all individuals residing in a sampled dwelling, aged
16 years and older, who were able to communicate for themselves and competent to give informed
and ongoing consent. Virtually identical survey tools were used in both studies and all interviews
were conducted face-to-face using CAPI. Interviews were conducted in privacy, by an interviewer of
the same gender as the respondent. Respondents in Indonesia were interviewed in Bahasa
Indonesia, and in South Africa were able to choose to be interviewed in their preferred language -
any of the 11 official spoken languages of the country.

Mobile phone ownership was self-reported by each individual in response to the question ‘did
you own or are you allowed to use a cell/mobile phone?’. The ‘own’ category used in the analyses
below refers to individuals who reported owning a mobile phone, either by themselves or jointly
with others. The ‘access’ category refers to individuals who stated they had access to, or were
allowed to use, a mobile phone, though no information was collected about who owned the phone
they could access. Individuals classified as having ‘none’ stated that they did not own and had no
access to a mobile phone. Demographic characteristics by mobile phone ownership are shown in
Table 1.

In Indonesia, in 2017, 50.3% of individuals in the two districts of South Sulawesi sampled in the
IDM study reported they owned a mobile in the previous three months, and as many as 70.6% of
individuals reported they used a mobile phone in the previous three months (i.e. they had access to
a mobile phone) (Central Bureau of Statistics, 2018). While not directly comparable due to different
questions about ownership and access, the IDM data for mobile ownership does align with figures
available from Indonesia’s official statistics. 89.5% of South African households reported having
a functional mobile connection in their dwellings in 2018, and a further 7.1% with a functional
landline and mobile (Statistics South Africa, 2019). These data do broadly align with that of the
IDM South Africa study, but are measured at the household rather than individual level, so they are
difficult to compare to those collected in the IDM South Africa study.

Indicator selection

A number of indicators from the two datasets are presented below, selected on the basis that they
illustrate a range of different living standard outcomes, including non-financial indicators which are



9 8'¢6 €0l £'68 €99 L'vE Ll 99 1474 89S (434 00l - %
LES 608 888 9.1 [¥9S  S00€  S96  98SS ol vlevy  8ELE - 7998 S95Ed [e10]
(4! 9 Sl S9 9/ €9 €eL §s 98 L's 06 L'L 819 9UON
LEl L8 €Ll L8 oL 99 6Ll 0/ rel S8 9'6 6'8 Vil SS92JY
029 1’68 9L 88 (443 (4] 8YvL V¥[8 £'8L 8'68 v'L8 6'€8 09¢L umo
e’y yinos

8yl 7’68 €8 L'l6 S6l S'08 08 S 6l €65 LYy 0oL - %
[43] €981 1744 Lees 60LL  98Sy  ¥S¥  8ClY €LLL 6vle  9vSC - 5699 S95Eed |e10]
6'8Y 444 L'vy A 74 691 9'8¢ L9 9'SC Lyl €1L¢ 14 €9¢ 66V 1 9UON
(474 8'¢CL 86l '€l ¥'6 g6l 8/l LSl L6'6 991 7Ll €rl 718 SS9IJY
6'LC 89 L'9€ S'L9 L'EL 6'SS 60C €65 €6L 098 S'€9 7’65 43133 umo

(IsImMe|NS YInos) eissuopu|

INTERNATIONAL JOURNAL OF SOCIAL RESEARCH METHODOLOGY 853

Burjooyds oN  Jaybiy 1o Buljooyds Alewild  (D1IS) SAM|IGESIP YUAM  SIIM|IGRSIP INOYUM  uequn  [einy  +G9  $9-S7  ¥T-9L 9eWS4 JBW % [[BI9AQ  (U) |[RIRAQ

‘e1JY YInoS pue eisauopuy ‘|jesano0 pue diysisumo auoyd ajiqow Aq sonsuaideleyd dydesbowsq ‘L djqel



854 H. SUICH ET AL.

not necessarily associated with mobile phone ownership. In addition, these indicators are likely to
have been (often negatively) impacted by the COVID-19 pandemic and associated lockdowns.

The physical health indicator assesses whether people reported a long-term health condition
and/or an illness related to unclean cooking fuel smoke, while the psycho-social health indicator
assesses the frequency of experiences of anxiety and/or depression.

The food security indicator used determines an individuals’ experience of compromising the
quality and/or quantity of food eaten, due to a lack of financial or other resources. There are likely to
be interactions between food security and physical and psycho-social health, though available data
does not yet reflect these interactions.

Access to handwashing facilities is included because of the general hygiene and health implica-
tions for individuals without such facilities in following recommended COVID-19 hygiene prac-
tices. Handwashing facilities are defined as a having a place to wash hands at home with sufficient
water and soap or soap substitutes. Those without handwashing facilities lack one or all of these
elements.

The indicators of functional literacy and functional numeracy are included because they capture
the challenges for individuals accessing and understanding information (including COVID-related
information) and because of the implications of illiteracy for individuals’ ability to self-administer
mobile data collection. Respondents are considered to be functionally literate if they completed
simple tasks demonstrating they could read and write adequately in an official language of their
country. Individuals are considered to be functionally numerate - at a very basic level - if they were
able to correctly complete two sums covering a simple addition/subtraction calculation and
a multiplication and division calculation.

The labor force participation indicator categorizes respondents of all age groups as either in the
labor force (i.e. working or unemployed), or not. This operational definition means these labor
force statistics are different from official statistics where only individuals of working age are
included.” Those classified as employed were engaged in any activity to produce goods or services
for pay or profit, whether in the formal or informal sector, or for own production (e.g. subsistence
farming activities), during the seven days prior to the survey. Those classified as unemployed were
not in employment but available to take up work and/or conducting employment-seeking activities
during this reference period. Those classified as not in the labor force by choice include those who
reported that they did not want or need to work, individuals in full time education and those who
had retired. Those categorized as not in the labor force due to exclusion are those who reported that
they had given up looking for work because it was too hard to find, who were too busy with
domestic/caring duties, those with an illness/injury or condition preventing them from working or
were unable to work for any other reason, and individuals who were not allowed to work.

The indicators on water and fuel collection are included because many poor households in
LMICs are dependent on sources of water and fuel outside the home, and because access to
water and energy have knock-on effects on hygiene and food security. These collection activities
are typically necessary daily and may involve multiple household members, often women and
girls.

The indicator on support determines whether individuals require assistance from people outside
the home to help meet basic needs such as food, water and shelter. Those categorized as having
‘enough support’ either do not require any support or they require support but they receive enough
to meet their needs, while those categorized as ‘not enough support’ are individuals whom reported
that they needed support, but did not have enough.

Differences in demographics and key living standards outcomes

Overall, much higher rates of mobile ownership and access are reported in South Africa compared
to Indonesia (Table 1). In Indonesia, males were more likely to report owning or having access
compared to females; a pattern reversed in South Africa. In Indonesia, mobile ownership was
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highest amongst the youth (16-24), whilst ownership in South Africa was highest amongst those
aged 25-64. Those without disabilities were more likely than those with disabilities to report owning
a mobile phone, though the differences between the two groups was smaller in South Africa than in
Indonesia. In both countries, mobile ownership and access was higher amongst those who had
primary schooling or higher compared to those with no schooling.

The results for each of the key living standards indicators are presented in Table 2. Reported
sample sizes in the table vary - they exclude individuals who refused to answer the question(s)
making up each indicator - and are unweighted. Significance tests (chi-squared), examining
whether living standard outcomes differ for the three mobile phone status were also undertaken,
and p-values are reported in the table.

As described in detail below, Table 2 demonstrates that those who own mobile phones typically
reported the best outcomes, followed by those with access, and the worst outcomes achieved by
those without a phone. Results discussed below refer to both countries unless otherwise specified.

There were significant differences in physical health outcomes by mobile phone ownership and
access — physical health outcomes were worse for those without mobile phones, reporting both
health conditions compared to those with mobile phones.

Those without mobile phones were more likely than the other two groups to report feeling
anxious and/or depressed at least weekly. Overall, individuals in Indonesia reported somewhat
better psycho-social health outcomes than in South Africa. However, for those who do report
feeling anxious or depressed, it is more likely to be happening weekly or daily in Indonesia
compared to monthly or a few times a year in South Africa. Notwithstanding the lack of appropriate
mental health services that might be available, having a mobile phone may be a source of support by
enabling connections with friends and family.

Those without mobile phones in both countries were more likely to experience some food
insecurity than those with phone ownership or access. The rate of severe food insecurity in
Indonesia was around half that in South Africa, where almost half of those without a mobile
phone reported severe food insecurity.

Those without mobile phones are less likely to have handwashing facilities than those with
mobile phones, and more than one third of each group lack basic handwashing facilities at home,
which is likely to have significant negative health implications for these individuals, even in the
absence of a global health pandemic.

Approximately 70% of the overall sample in both countries were classified as having basic
functional literacy and numeracy. Those without mobile phones were least likely to be classified
as functionally literate, and a relatively high proportion of those with access to mobile phones were
also not functionally literate. A similar, though more extreme, pattern was observed for functional
numeracy, and the share of those who were classified as functionally numerate was much lower in
South Africa compared to Indonesia.

Those without mobile phones are less likely to be employed than those with mobile phones, and
more likely to be unemployed or excluded from the labor force, though the difference is not large in
South Africa.

For both water and fuel collection, those who own mobile phones are least likely to report being
responsible for collection in Indonesia, while in South Africa, those with access to mobiles phones
are the least likely and those who own them are most likely to be responsible.

As for most other indicators, those without mobile phones reported the worst outcomes with
respect to support — they were more likely to need support but not receive enough (even before the
pandemic) than other groups.

Discussion and conclusions

While the share of mobile phone ownership has been increasing in recent years, the ownership
pattern is quite different between South Sulawesi, Indonesia and South Africa - approximately
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Table 2. Living standards indicators by mobile phone ownership, Indonesia and South Africa.

Indonesia (South Sulawesi) South Africa

Own Access None Overall Own Access None Overall

Physical health

No condition 810 763 74.5 78.6 668 62.7 579 65.8
One condition only 175 222 220 194 282 324 342 290
Both conditions 1.4 1.5 35 20 4.9 4.9 8.0 5.2
n 3380 814 1499 5693 7191 772 603 8577
p-value 0.000 <0.00001

Psycho-social health

No anxiety and depression 342 431 41.0 373 193 233 206 19.8
Anxiety and/or depression monthly or a few times a year ~ 44.2 342 350 403 698 662 637 @ 69.1
Anxiety and depression experienced at least weekly 216 227 240 224 109 105 157 1.1
n 3381 814 1499 5694 7244 772 606 8622
p-value 0.000 0.00021

Food security

Food secure 521 449 379 473 380 302 231 36.2
Mild food insecurity 207 236 240 220 155 103 92 146
Moderate food insecurity 132 154 16.9 14.5 181 198 207 18.5
Severe food insecurity 140 16.1 21.2 16.2 284 397 469 307
n 3382 814 1499 5688 7260 774 618 8652
p-value 0.000 <0.00001

Handwashing facilities

Those with handwashing facilities 654 543 514  60.1 579 563 46.1 56.9
Those without handwashing facilities 346 457 486 399 421 437 539 431
n 3382 814 1499 5695 7260 774 618 8652
p-value 0.000 <0.00001

Functional literacy

Functionally literate 86.7 60.2 52.8 74.3 736 63.1 478 70.8
Not functionally literate 133 398 472 257 264 369 522 292
n 3319 776 1390 5485 7001 738 573 8322
p-value 0.000 <0.00001

Functional numeracy

Functionally numerate 855 733 62.0 77.6 652 509 388 62.2
Not functionally numerate 145 267 380 224 348 491 612 378
n 3371 813 1495 5679 6802 688 539 8039
p-value 0.000 <0.00001

Labour force participation

Employed 740 685 61.9 70.1 386 226 215 359
Unemployed 94 106 13.1 105 244 254 248 246
Not in the labour force — by choice 6.0 47 45 54 255 390 404 278
Not in the labour force — exclusion 106  16.2 205 14.0 115 130 132 1.7
n 3382 814 1499 5695 7224 771 604 8610
p-value <0.00001

Water collection

Responsible 232 260 323 260 422 327 381 41.0
Not responsible 76.8 740 67.7 74.0 578 673 619 59.0
n 3382 814 1499 5695 7252 774 607 8644
p-value 0.000 <0.00001

Fuel collection

Responsible 19.7 340 327 25.1 323 249 302 315

Not responsible 80.3  66.0 67.3 749 677 751 698 685
3382 814 1499 5695 7247 772 606 8636

p-value 0.000 0.00011

Support

Enough support 920 921 874 90.8 876 815 778 86.3

Not enough support 8.0 7.9 12,6 9.2 124 185 222 13.7

(Continued)
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Table 2. (Continued).

Indonesia (South Sulawesi) South Africa

Own Access None Overall Own Access None Overall

n 3382 814 1499 5695 6969 728 580 8287
p-value 0.000 <0.00001

26.3% reported neither owning nor having access to a mobile phone, compared to just 7.1% in
South Africa.

Demographic differences between those who own, can access or have no access to a mobile
phone are apparent. In Indonesia, groups not owning or having access a mobile phone are more
likely to be women, those aged 65 years or older, individuals living in rural areas and people with
disabilities. In South Africa, men, those over 65 and people with disabilities are more likely to report
not owning or accessing a mobile phone.

Importantly, the data presented demonstrates significant and substantial differences in living
standards outcomes between the three groups of people who owned, who had access and who did
not own or have access to a mobile phone. The pattern of differential outcomes between the three
groups is similar in both studies — broadly those who did not own or access a mobile phone had the
worst outcomes across the indicators, with better outcomes for those who could access a mobile
phone, and the best outcomes for those who owned a mobile phone.

The COVID-19 pandemic has increased the use of data collection approaches that can be
implemented remotely, often those that rely on mobile phone numbers for sampling, whether for
qualitative or quantitative data collection. However, the coverage bias introduced - particularly
in countries with lower mobile phone penetration rates, and when there is no possibility to
distribute mobile phones to potential participants who do not already own or access them - has
important implications and should be explicitly considered by researchers, regardless of the
instruments used, the nature of the data collected and the methodological approaches
employed.*

Even where data collected using mobile phone-based sampling can be weighted to reflect
demographics at the relevant scale, the analysis presented in this paper suggests that the demo-
graphic and other differences between the three groups cannot be adjusted for, because there is
typically little or no information about these differences between the three groups at each research
site. Thus, findings drawn from a sample restricted to individuals who owned a mobile phone (and
perhaps those who accessed one) are unlikely to be generalizable, and caution should be used in
drawing inferences from analyses of such samples.

The results presented above suggest that digital data collection sampling strategies should
be explicitly designed to include those who own mobile phones and those who can access
them, in order to reduce coverage bias. However, this does not fully resolve the problem, as
individuals without access to mobile phones would continue to be excluded without
a specific intervention to deliver the relevant digital devices that could facilitate their
participation.

Given the use of sampling frames consisting of mobile phone numbers is a practical response to
constraints imposed by the pandemic - and is likely to remain an important approach in the future
due to its cost-effectiveness — the extent of the coverage bias introduced from such approaches
requires further interrogation. This paper calls for research which is specifically designed to improve
the understanding of the implications of this coverage bias — and indeed of non-response and other
biases associated with this data collection mode which are not covered in this paper.

It is critically important for researchers using mobile phone-based data collection strategies to be
mindful that the experiences of those who do not own and cannot access a mobile phone will be
excluded from their research. If the excluded views and experiences of those without mobile phones
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are substantively different from the general population - as the results presented here indicate -
policy responses designed from analyses of such data are likely to be poorly targeted or potentially
misguided.

Notes

1. The question of whether digital data collection is appropriate for all types of research is beyond the scope of
this paper.

2. Similarly, if these approaches were to be used for landline/fixed telephone data collection, the sampling frame
would consist of landline phone numbers, as they have historically been in developed countries.

3. The three age groups were selected to distinguish the youth (16-24), and older individuals, largely those of
retirement age (i.e. 65+) from the working age population (25-64).

4. These implications are relevant to both interviewer-assisted and self-administered approaches, though it may
be easier to use the former to ensure and verify the inclusion of those who can access but do not own a mobile
phone.
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