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a b s t r a c t
The Queensland preventive health survey is conducted annually to monitor the prevalence of behavioural risk
factors in the north-east Australian state. Prompted by domestic and international trends in mobile telephone
usage, the 2015 survey incorporated both mobile and landline telephone numbers from a list-based sampling
frame. Estimates for landline-accessible and mobile-only respondents are compared to assess potential bias in
landline-only surveys in the context of public health surveillance. Signiﬁcant differences were found in subcategories of all health prevalence estimates considered (alcohol consumption, body mass index, smoking, and physical activity) from 2015 survey results. Results from Australian and international studies that have considered
mobile telephone non-coverage bias are also summarised and discussed. We ﬁnd that adjusting for sampling
biases of telephone surveys by weighting does not fully compensate for the differences in prevalence estimates.
However, predicted trends from previous years' surveys only differ signiﬁcantly for the 2015 prevalence estimates of alcohol consumption. We conclude that the inclusion of mobile telephones into standard telephones
surveys is important for obtaining valid, reliable and representative data to reduce bias in health prevalence estimates. Importantly, unlike some international experiences, the addition of mobiles telephones into the Queensland preventive health survey occurred before population trends were signiﬁcantly affected.
© 2017 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction
Telephone surveys continue to be one of the most cost-effective
mechanisms to collect general population health information (Barr et
al., 2012; Blumberg and Luke, 2007; Dal Grande and Taylor, 2010;
Mokdad, 2009). These surveys provide data critical for health surveillance (Dal Grande and Taylor, 2010), informing public health policy
(Mokdad, 2009), and promoting healthy lifestyle strategies
(Campostrini et al., 2011). Sampling frame completeness and the degree
to which it represents the population greatly impacts on the accuracy of
results, especially for public health surveys that are used to assess or inform preventative medicine (Galesic et al., 2006).
Broadly, there are two approaches to sampling telephone numbers:
random generation from known telephone exchanges (random-digit
dialling, RDD) or randomly selecting telephone numbers sourced from
lists such as directories or administrative sources (list-based sampling).
List-based frames include an RDD component to capture unlisted numbers (Groves, 1990). RDD sampling has been commonplace in the USA
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since the 1980s (Massey, 1988), whereas in Australia, the Electronic
White Pages (EWP), a list of landline telephones produced by the national telecommunications provider (Telstra), was commonly used as
a sampling frame (Taylor and Dal Grande, 2008). The EWP provided a
reliable and comprehensive listing of residential telephone numbers
and was more efﬁcient than RDD frames which generate a low proportion of eligible numbers due to the distribution of the Australian population (Wilson et al. 1999). In 2004, after legal proceedings over
copyright, the EWP was commercialised and sampling costs to survey
providers increased (Fitzgerald and Bartlett, 2003). RDD then became
the more commonly used sampling approach.
While most households in the 1980s included a landline telephone
number, by the mid-2000s the number had declined rapidly due to uptake of mobile telephones (Lee et al., 2010). In 2014, 29% of Australian
adults were estimated to be mobile-only telephone users (mobileonly), a doubling since 2010 (ACMA, 2015). Comparatively, 47.4% of
US households were mobile-only in 2014 (Blumberg and Luke, 2015a)
and in many European countries, mobile-only households
outnumbered those with a landline telephone (Mohorko et al., 2013).
Failing to include the mobile-only sub-population in sampling frames
may adversely impact population health estimates due to over- and
under-representation. Of particular concern, is under-representation
of vulnerable groups including young people and low-income

http://dx.doi.org/10.1016/j.pmedr.2017.05.009
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households (Blumberg and Luke, 2007, 2009; Keeter et al., 2007; Liu et
al., 2011), likely due to increasing percentage of mobile-only households (Keeter et al., 2007), under-coverage (Lee et al., 2010), and declining response rates (Keeter et al., 2006). Telephone survey methodology
has therefore undergone substantial changes to address these challenges. To-date, the two most common techniques are (a) modifying
the telephone sampling frame to include both landline and mobile telephone numbers, or (b) enhancing the weighting strategy for landline
RDD surveys to adjust for reduced representativeness (see Battaglia et
al. (2008) for example).
Dual-frame sampling includes landline and mobile numbers by
combining a randomly generated list of landline telephone numbers
with an independently generated random list of mobile telephone numbers. This is not straight-forward and the international experience has
been mixed (Brick, 2011; Mohorko et al., 2013). While there is general
agreement that non-coverage bias is reduced through inclusion of the
mobile-only population (Blumberg and Luke, 2009; Mohorko et al.,
2013), possible duplication of survey participants using both landline
and mobile telephones (dual-users) adds complexity. This overlap is addressed through weighting strategies (Hartley, 1974), however, there is
no agreed consensus as to the optimal estimator (Arcos et al., 2015).
Furthermore, the choice of estimator is inﬂuenced by the type of information available about the mobile telephone population.
Non-coverage bias from the exclusion of a mobile-only frame has
been investigated by several US and Australia health surveys. The US Behavioural Risk Factor Surveillance System (BRFSS) and National Health
Interview Survey (NHIS) are two key ongoing national health surveillance surveys that collect information on telephone usage. Australian
surveys with this capacity include the Australian National Health Survey
(NHS), the Social Research Centre Dual-frame Omnibus Survey
(SRCDOS), the New South Wales Population Health Survey (NSWPHS),

the South Australia Health Omnibus Survey (SAHOS) and the South
Australian Monitoring and Surveillance System (SAMSS). These Australian surveys differ in terms of mode of data collection (face-to-face versus telephone), sampling frame (dual-frame RDD versus a multi-stage
geographically-based household selection) and survey area (national
versus state-based) (see Table 1). A trait that several of these studies
share, however, is that they are serial cross-sectional surveys used to
monitor trends in health behaviours over time. Understanding potential
non-coverage bias, differential non-response bias, and impacts to our
interpretation of changes in population-level risk factor prevalence, is
of primary interest for these surveys.
The aforementioned US and Australian surveys show strong evidence of heterogeneity between mobile-only respondents and those
contactable by landline for the reported health risk factors (smoking, alcohol consumption, obesity and physical activity). The estimated differences are also presented in Table 1. Surveys with the larger sample sizes
(NSWPHS, NHS, and BRFSS) all reported signiﬁcant differences. Furthermore, the face-to-face surveys that do not rely on telephone-based sampling (SAHOS, NHS, and NHIS) were better able to detect differences
between the landline and mobile-only subpopulations. Recently, in
South Australia, Dal Grande et al. (2016) found mixed evidence of
health prevalence estimate differences between the landline-accessible
and mobile-only populations.
Weighting strategies can address bias in landline-based telephone
surveys. This weighting adjusts the sample to match the socio-demographic composition of the population, but there is potential non-coverage bias due to the exclusion of the mobile-only subpopulation,
especially if this group is not uniformly distributed in the population
(Blumberg and Luke, 2007). In Australia, weighting landline telephone
respondents using the Australian Census of Population and Housing
data has corrected for bias in prevalence estimates in several studies

Table 1
Signiﬁcant differences in the prevalence of health indicators for mobile-only and landline-accessible populations from selected studies†.
Study details

US

Publication

Link et al.
(2007)
2007
GA, NM, PA
Telephone
BRFSS Study
1164
Mobile
sampleb

Survey Year
Region
Interview
Data source
Respondents
Notes

Australia
Hu et al.
(2011)
2008
18 States
Telephone
BRFSS Study
171,033

Blumberg and Luke
(2015b)
2014
National
Face-to-face
NHIS
17,668

Blumberg and Luke
(2015a)
2015
National
Face-to-face
NHIS
17,191

Dal Grande and Taylor
(2010)
2008a
SA
Face-to-face
SAHOS
2816
Magnitude
unavailablec

Livingston et al.
(2013)
2011
National
Telephone
SRCDOS
2014
Unweighted
resultsd

Barr et al.
(2014)
2012
NSW
Telephone
NSWPHS
15,214
Reconstructede

Difference in health indicator prevalence between mobile-only and landline-accessible populations (mobile-only minus landline-accessible estimate)
Normal
More likely
weight
Overweight
Less likely
−11.3%f
Obese
Not sig.
−2.2%
Not sig.
Not sig.
Not sig.
−11.3%f
Current
Not sig.
12.1%
7.5%
7.2%
More likely
8.0%
14.3%
smoker
Excessive
13.2%
13.8%
10.7%
11.2%
Not sig.
+10.3%g
drinking
Physical
Not sig.
4.1%
6.3%
5.6%
13.5%
activity

Baffour et al.
(2016a)
2012
National
Face-to-face
NHS
15,565

−9.4%f
−9.4%f
13.5%
+21.9%h
6.2%

Weighted results are presented, unless otherwise stated, which adjust the survey results to known population benchmarks. All results listed are signiﬁcant at the 95% level. Blank cells
indicate that corresponding estimates were not considered/reported by the authors. See Table A1 for health deﬁnitions from each paper. Contractions used: SAHOS - South Australian
Health Omnibus Survey, NSWPHS - New South Wales Population Health Survey, NHS - National Health Survey, SRCDOS - Social Research Centre Dual-frame Omnibus Survey, BRFSS - Behavioural Risk Factor Surveillance System, NHIS - National Health Interview Survey, SA. – South Australia, NSW – New South Wales, GA – Georgia (US), NM. - New Mexico (US), PA - Pennsylvania (US), Not sig. – Not signiﬁcant.
†
A positive difference indicates the mobile-only population had a higher estimate than the landline-accessible population.
a
We report the most recent compatible survey results from the SAHOS.
b
The relevant signiﬁcance test in Link et al. (2007) tested the difference between mobile-only and dual users from the mobile sample, this is reported here.
c
The signiﬁcant differences were indicated on page 4 of Dal Grande and Taylor (2010) along with estimates for the mobile-only population, but not the landline population. Hence the
point estimate of the difference was not able to be reconstructed. Only signiﬁcant differences from 2006 to 2008 were reported, but the SAHOS was also conducted in 1999 and 2004.
d
In Livingston et al. (2013) weighted prevalence estimates for the mobile-only sample were not provided, the difference in the mobile sample and the landline sample are reported.
e
Differences reconstructed from relative differences on page 5 Barr et al. (2014).
f
Overweight and obese categories were combined in these studies and are listed twice here.
g
Deﬁnition (vi) reported here but deﬁnition (vii) was also signiﬁcant (+9.4%), see Table A1.
h
Deﬁnition (iv) reported here but deﬁnition (v) was also signiﬁcant (+19.0%), see Table A1.
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(Dal Grande et al., 2015; Dal Grande and Taylor, 2010; Wilson et al.,
1999). In particular, Dal Grande et al. (2015) used a raking methodology
to weight estimates and reduce bias from the SAMSS survey which resulted in estimates comparable to those from the 2011 census for
South Australia. The authors found that raking outperformed traditional
post-stratiﬁcation weighting methods for estimating several health indicators as assessed by comparing their estimates to those obtained
from the 2013 SAHOS and the 2011–12 South Australian sub-sample
from the Australian NHS. In contrast, Baffour et al. (2016a) demonstrated signiﬁcant prevalence estimate bias for being obese or overweight,
smoking, alcohol consumption, and physical exercise using post-stratiﬁcation weighting and data from the Australian NHS. Contradictory
ﬁndings may be due to differences in bias between telephone and
face-to-face surveys (Baffour et al., 2016a), indicating potential problems in using telephone surveys to assess non-coverage bias. The listbased frame used in the current study provides an assessment of noncoverage bias that results from excluding the mobile only population
from the sample without relying on an RDD sample.
Assessing trends in key health indicators is a primary aim of ongoing population health monitoring. Nationally, in Australia, such
surveys are typically conducted using face-to-face interview or by
respondents self-completing hand-delivered surveys (ABS, 2015;
AIHW, 2017). At the state level, data are predominantly collected
by telephone (Barr et al., 2014; Clemens et al., 2014; DHHS, 2015;
Tomlin et al., 2016). Whilst the importance of state-wide surveys
to national statistical infrastructure is recognised, inclusion of mobile telephones in these surveys has been slow due to the lack of geographical identiﬁers for Australian mobile telephone numbers (Dal
Grande et al., 2015), and prohibitive costs due to screening numbers
from unwanted states and territories. Despite this challenge, New
South Wales (NSW), Victoria and Queensland have recently
transitioned to frames that include both mobile and landline telephone numbers. In NSW and Victoria, overlapping dual-frame designs were used. In Queensland, a list-based sampling frame that
included both mobile and landline telephone numbers, unique
among Australian states and territories (QGSO, 2015), was used.
Differences in mobile-only compared to landline-only or dual-phone
respondents have been demonstrated in several Australian surveys
(Barr et al., 2012; Jackson et al., 2014; Livingston et al., 2013). To date,
all surveys have used dual frame sampling, which means that differences in mobile-only respondents may be due in part to differences in
the samples. For example, differences in dual-phone respondents sampled from a landline frame and a mobile frame have been reported
even when results are age-adjusted (Barr et al., 2015; Barr et al.,
2014). Other alternative approaches such as face-to-face surveys,
multi-modal surveys and online based surveys are available, but these
are either expensive or currently in their infancy.
The extent to which inclusion of mobile telephones impacts trends,
however, is much less established. In Australia, this has only been investigated using one state-wide survey which employed dual-frame sampling (Barr et al. 2012).. Signiﬁcant differences in smoking and obesity
trends using the landline-only frame compared to the dual-frame
were observed, but it was difﬁcult to truly establish how much this
was a consequence of the methodology or the risk population (Barr et
al. 2015). Given the signiﬁcant investment in annual health monitoring
at the state level and the importance of trend analysis to develop evidence-based programs and policy, it is important to quantify the extent
to which trends are impacted by changes to sampling methodology.
The current study used a list-based sampling frame to assess these
impacts, which removed the additional complication of dual-frame
weighting and separates the effects of non-coverage and non-response
bias. Speciﬁcally, the Queensland preventive health telephone survey
was used to (a) quantify bias by comparing mobile-only to landline-accessible participants, and (b) assess whether the inclusion of mobile
telephones signiﬁcantly impacted time series trends across a 13-year
period.
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2. Methods
2.1. Dataset
The Queensland Government Department of Health (Queensland
Health) conducts a preventive health telephone survey annually (the
survey). Comparable data for smoking, obesity, and physical activity
are available for 2002 (smoking only), 2004, 2006, and annually from
2008. Comparable data for alcohol consumption were collected annually since 2010. The survey sampling frame was a list-based telephone
frame from 2002 to 2008 and a landline RDD sampling frame from
2009 to 2014. To include mobile telephone numbers, the sampling
frame reverted to a list-based frame maintained by the Queensland
Government Statistician's Ofﬁce (QGSO) in 2015. Under the authority
of the Statistical Returns Act 1896, QGSO maintains and uses a sampling
frame of Queensland private dwellings assembled for ofﬁcial statistical
purposes. For each dwelling the frame holds associated telephone numbers that are either a landline, one or more mobile numbers owned by
residents in the dwelling, or both. This sampling frame provides nearcomplete coverage of the Queensland resident population.
The sampling design includes a geographic stratiﬁcation, typically
local government area (LGA), the lowest tier of Australian government.
Households were randomly selected from each area with probability
proportional to the population distribution over the LGA. An
oversample was applied to less populous areas. All telephone numbers
associated with a selected dwelling were tried and upon contact, a participant was randomly selected from those aged 18 years or over who
resided in the household. Randomisation occurred regardless of whether contact was made on a mobile or landline telephone number. The response rate was 65%. To classify respondents as ‘landline-accessible’ or
‘mobile-only’, mobile telephone contacts were asked if they also had a
landline telephone number and landline-contacted participants were
asked if they used a personal or work mobile phone. From this, respondents were classiﬁed into ‘landline-accessible’ or ‘mobile-only’.
Investigation focused on measures of smoking, alcohol consumption, physical activity and obesity. The graduated-quantity-frequency
method (Dawson, 2003) measured alcohol use with an average of two
or more alcoholic drinks consumed daily categorised as ‘lifetime risky
drinkers’ (NHMRC, 2009). Daily smoking was assessed by current
smoking status using the criteria that the respondent had smoked 100
cigarettes over their lifetime, consistent with Australian standards (see
AIHW (2011), for example). Body mass index (BMI) was calculated as
respondents' reported weight (in kilograms) divided by their height
(in metres) squared then categorised as (i) underweight (BMI
b 18.50), (ii) healthy weight (BMI = 18.50–24.99), (iii) overweight
(BMI = 25.00–29.99), and (iv), or obese (BMI ≥ 30). The Active Australia
instrument (Brown et al., 2008) measured physical activity with sufﬁcient physical activity deﬁned as (at least) 150 min of moderate-to-vigorous physical activity on ﬁve separate occasions in the past week.
Sociodemographic variables used in the analysis included respondent sex, age and geographic region. Region was based on residential
address as speciﬁed in the sampling frame with residential postcode
conﬁrmed at the time of interview. The postcode varied from the sampling frame for 10.3% of respondents and was corrected at the time of
interview.
2.2. Statistical weighting
The statistical weights were computed over a series of steps. First,
the design weight takes into account the stratiﬁed sampling design
and the different chances of inclusion due to the number of adults within the household. The second weight is the post-stratiﬁcation adjustment for nonresponse and oversampling. This adjusts the observed
sample distribution of the survey responses to correspond to a set of
known population benchmark characteristics, speciﬁcally age, sex, and
geographic location using the Australian Bureau of Statistics
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Table 2
Sociodemographic and risk factor prevalence by telephone status among Queensland adults, 2015.

Persons

Gender
Male
Female

Age categories
18–24 years
25–34 years
35–44 years
45–54 years
55–64 years
65–74 years
75+ years

Total sample (12,568)

Landline-accessible (n = 9119) Mobile-only (n = 3449)

Weighted

Unweighted

Weighted

Unweighted

Weighted

Unweighted

Weighted P-value

Unweighted P-value

%

%

%

%

%

%

Un-adjusted Age
adjusted

Un-adjusted Age
adjusted

95% CI

Overweight
Obese

Smoking
Daily smoking
Not a daily smoker

Physical activity
Insufﬁcient
Sufﬁcient

95% CI

95% CI

95% CI

95% CI

100

100

70.4 69.1,
71.7

72.6 71.8,
73.3

29.6 28.3,
30.9

27.4 26.7,
28.2

49.4 48.1,
50.8
50.6 49.2,
52.0

43.9 43.0,
44.8
56.1 55.2,
57.0

48.2 46.6,
49.8
51.8 50.2,
53.4

41.9 40.9,
42.9
58.1 57.1,
59.1

52.4 49.7,
55.0
47.6 45.0,
50.3

49.3 47.6,
51.0
50.7 49.0,
52.4

0.009

0.02

b0.001

b0.001

10.8 9.6, 12.1

4.1

9.2

2.9

2.5, 3.2

7.5

6.6, 8.4

b0.001

–

b0.001

–

19.8 18.6,
21.1
19.3 18.3,
20.4
15.3 14.5,
16.2
16.9 16.0,
17.8
11.7 11.1,
12.4
6.2
5.7, 6.6

11.9 11.3,
12.4
15.7 15.0,
16.3
17.6 16.9,
18.3
20.7 20.0,
21.4
19.0 18.4,
19.7
11.0 10.5,
11.6

7.3

6.7, 7.8

14.5 12.2,
17.1
36.9 34.2,
39.6
20.6 18.8,
22.6
11.7 10.5,
13.0
10.8 9.6,
12.1
4.8
4.2, 5.5

24.0 22.6,
25.4
19.6 18.3,
20.9
18.6 17.3,
20.0
17.9 16.6,
19.2
10.5 9.5,
11.6
2.0
1.5, 2.5

b0.001

–

b0.001

–

0.115

–

b0.001

–

b0.001

–

0.064

–

b0.001

–

b0.001

–

b0.001

–

b0.001

–

b0.001

–

b0.001

–

b0.001

0.014

b0.001

0.042

0.921

0.478

0.008

b0.001

b0.001

0.005

b0.001

b0.001

0.793

–

0.154

–

0.006
0.023

0.076
0.347

0.04
0.001

0.036
0.411

0.529

0.162

0.07

0.901

0.001

0.209

0.026

0.146

Alcohol consumption
Abstainers
17.5 16.6,
18.5
Low risk drinking
60.0 58.7,
61.4
22.4 21.3,
High risk drinking
18+
23.6
High risk drinking
25.5 22.0,
18–29
29.4
BMI
Underweight
Healthy weight

95% CI

Test for difference by telephone status

2.3
1.9, 2.9
40.0 38.6,
41.4
34.3 33.0,
35.7
23.4 22.3,
24.5

3.8, 4.5

12.7 11.4,
14.1
18.8 17.6,
20.1
16.8 15.8,
17.9
19.5 18.4,20.6
14.6 13.8,
15.5
8.4
7.8, 9.0

14.2 13.5,
14.9
17.2 16.4,
18.0
21.8 20.9,
22.7
22.3 21.4,
23.1
14.4 13.7,
15.2

0.8

0.6, 1.2

21.4 20.7,
22.2
56.9 56.0,
57.7
21.7 21.0,
22.5
26.1 24.0,28.7

19.2 18.0,
20.4
60.0 58.4,
61.5
20.8 19.5,
22.2
25.0 19.8,30.9

23.1 22.2,
24.0
57.6 56.6,
58.6
19.3 18.5,
20.2
24.0 20.3,
27.9

13.7 12.1,
15.3
60.1 57.5,
62.7
26.2 23.9,
28.6
26.0 21.3,
31.2

17.1 15.8,
18.4
54.9 53.3,
56.6
28.0 26.5,
29.0
27.6 24.3,
31.1

2.4
2.1, 2.7
35.6 34.7,
36.5
34.8 34.0,
35.7
27.2 26.4,
28.0

1.9
1.5, 2.4
38.9 37.3,
40.5
34.6 33.1,
36.1
24.6 23.3,
26.0

2.2
1.9, 2.5
34.7 33.7,
35.7
35.3 34.3,
36.3
27.8 26.8,
28.7

3.4
2.4, 4.9
42.5 39.8,
45.3
33.7 31.1,
36.3
20.4 18.5,
22.4

2.8
2.3, 3.5
37.9 36.2,
39.5
33.5 31.9,
35.2
25.8 24.3,
27.3

10.6 9.7, 11.5

11.3 10.7,
12.0
88.7 88.0,
89.3

16.5 14.8,
18.3
83.5 81.7,
85.2

21.6 20.3,
23.0
78.4 77.0,
79.7

b0.001

b0.001

b0.001

b0.001

48.3 47.2,
49.4
51.7 50.6,
52.8

38.4 35.9,
40.9
61.6 59.1,
64.1

42.9 41.2,
44.6
57.1 55.4,
58.8

b0.001

0.147

b0.001

0.014

12.3 11.5,13.2 14.1 13.5,
14.8
87.7 86.8,
85.9 85.2,
88.5
86.5

42.5 41.1,
43.9
57.5 56.1,
58.9

7.9, 10.8

46.7 45.8,
47.6
53.3 52.4,
54.2

89.4 88.5,
90.3

44.3 42.7, 46
55.7 54, 57.3

Queensland estimated resident population. Weighting was applied
using a generalised regression weighting algorithm, with auxiliary variables to (a) calibrate the sample to compensate for non-response bias,
and (b) reduce the variance of an outcome measure (Bell, 2000; Deville
et al., 1993). These weighting adjustments were used because they were
simple and provided consistent representative results. Additional auxiliary variables, such as employment, education and length of residence
are known to be associated with non-response (Baffour et al., 2016a;
Dal Grande et al., 2015) but due to data availability were not considered.
2.3. Analysis
Prevalence estimates and 95% conﬁdence intervals (95% CI) were
calculated for the total sample, the landline-accessible sample, and the

mobile-only sample. Weighted and unweighted prevalence estimates
were used to investigate the degree to which weighting compensated
for differential non-response by telephone status, which may vary by
age proﬁle between landline-accessible and mobile-only populations
(Baffour et al., 2016a). To investigate the effects of differences in the demographic proﬁle between these subgroups, weighted and unweighted
estimates were age adjusted using logistic regression.
The impact on historical trends due to mobile telephone inclusion
was also investigated. Using trends from 2004 to 2014 (or 2010 to
2014 for alcohol consumption) data, a predicted 2015 estimate was calculated. This predicted 2015 estimate was then compared to the actual
2015 result. When the actual 2015 result fell outside the 95% CI of the
predicted 2015 result, it was considered off-trend from the historical
prevalence estimates.
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Fig. 1. Prevalence and 95% conﬁdence intervals for landline respondents (to 2014) and for landline-accessible and total respondents (in 2015) for Queensland.

Whether the overall trend was signiﬁcantly different due to the inclusion of mobile telephones in 2015 was investigated by calculating
trends using (a) the entire 2015 sample and (b) the landline-accessible
subsample. Statistical signiﬁcance was assessed by model-based estimation using Poisson regression analysis (Frome and Checkoway,
1985). All analyses were conducted using Stata statistical software, version 13 (StataCorp, 2015).

3. Results
Table 2 shows weighted and unweighted age, sex, and telephone
status population estimates from the 2015 survey. For the entire sample
weighted age and sex estimates were comparable to the 2011 Australian Census population estimates for Queensland. The weighted prevalence of mobile-only respondents was 29.6% (the unweighted ﬁgure is

96

B. Baffour et al. / Preventive Medicine Reports 7 (2017) 91–98

27.4%), and is comparable to the national estimates from the Australian
Communications and Media Authority (ACMA, 2015). Of the adult
Queensland population, 22.4% were engaged in lifetime risky alcohol
consumption, 57.7% were overweight or obese, 12.3% were daily
smokers and 42.5% were sedentary or had insufﬁcient physical activity
in 2015. The prevalence estimates and associated 95% conﬁdence intervals are presented in Fig. 1, showing their change over time and possible
impact of introducing mobile telephones.
Table 2 also shows the weighted and unweighted estimates for demographic characteristics and behavioural risk factors by telephone status. Signiﬁcant differences between the mobile-only and landlineaccessible respondents were observed for sex and age (except in 35–
44 year olds) although weighting reduced the magnitude of differences.
Signiﬁcant differences were also observed for most health risk factors
for both weighted and unweighted results. Among Queensland adults,
mobile-only respondents had a higher prevalence of lifetime risky
drinking and daily smoking. Conversely, landline-accessible adults had
a higher prevalence of obesity and being insufﬁciently physically active.
However, when weighted results are age-adjusted, the differences between landline-accessible and mobile-only respondents loses signiﬁcance for obesity (P b 0.001, age-adjusted P = 0.21) and insufﬁcient
physical activity (P b 0.001, age-adjusted P = 0.15). Lifetime risky drinking among 18–29 year olds did not differ by telephone status (P = 0.79).
Table 3 presents the 2015 point estimate and 95% CI predicted from
the trend to 2014 and Table 4 presents the trend coefﬁcients when using
the landline-accessible subsample only or the entire 2015 sample. The
impact of including or excluding the mobile-only subpopulation can
be assessed by comparing trends coefﬁcients in these two tables. From
Table 3, the actual 2015 point estimates for daily smoking, physical activity and obesity do not differ from those predicted from historical
trends. For alcohol consumption, the actual 2015 estimates for adults
and adults aged 18–29 both fall outside of the 95% CIs of the 2015 predicted estimates. However, Table 4 shows that when coefﬁcients for
the overall trend are compared, there is no difference in trend between
the landline-accessible subsample and the total sample for any health
risk factor, and speciﬁcally the coefﬁcients for adult alcohol consumption was non-signiﬁcant.

4. Discussion
As in other investigations, the current study demonstrated differences between mobile-only and landline-accessible respondents for
smoking (Barr et al., 2012; Livingston et al., 2013) alcohol consumption
(Barr et al., 2012; Jackson et al., 2014), physical activity, and obesity
(Barr et al., 2012). Overall, smaller relative differences between mobile-only and landline-accessible respondents were observed in our survey. This may be attributable to a higher proportion of mobile-only
households (estimated at 20% in 2012 but 29% in 2015) leading to a mobile-only population that is becoming more heterogeneous and similar

to the overall population; parallel trends have been reported in the US
(Blumberg and Luke 2015a, 2015b, 2016).
Consistent with other research, the current study showed signiﬁcant
differences in annual prevalence of health indicators between landlineaccessible and mobile-only respondents. Although an appropriate
weighting adjustment to account for the sociodemographic differences
reduced these differences, they remained signiﬁcant after weighting.
This indicates that weighting alone does not adequately compensate
for non-coverage, a ﬁnding that differed from other Australian research
(e.g. Dal Grande et al., 2015). This difference may be due to the geographically stratiﬁed sampling design in the current study which limited the inclusion of characteristics that inﬂuence non-response into
post-stratiﬁcation weights (Baffour et al., 2016b; Battaglia et al., 2008).
Similar to other studies, some differences between mobile-only and
landline-accessible respondents lost signiﬁcance when age-adjusted,
indicating that these outcomes were associated with the difference in
age proﬁles of the subsamples. Differences remain signiﬁcant after
age-adjustment for smoking and lifetime risky alcohol consumption
suggesting that telephone status is independently associated with
those behaviours. Similar age-adjusted results for risky alcohol consumption in NSW reported that mobile-only respondents differed
from dual-telephone users from the landline only frame (Barr et al.,
2014). Differences between dual-telephone respondents in the two
samples used in NSW, and the resultant inability to separate the noncoverage and non-response biases, make comparisons between the results of these two studies difﬁcult.
Outcomes associated with telephone usage independent of age are
more likely to impact trends. However, the current study found that
overall trends were not signiﬁcantly different when the mobile-only
subsample was included. This was observed even when the predicted
and actual 2015 estimates differed (alcohol consumption). More specifically, a previously reported decline on overall adult alcohol consumption became non-signiﬁcant and the decline in consumption among
18–29 year olds decreased. This is consistent with earlier reports that
the population-level decrease in alcohol consumption is driven by 18–
29 year olds while consumption among those aged 30 years and over
has remained static across the time period (Department of Health,
2014). This minimal impact to trends differed from US and international
research where a failure to include mobile-only households in surveys
has led to signiﬁcant biases in the measurement of health behaviours.
This difference could be connected to the fact that only 29% of Australian
adults are mobile-only (ACMA, 2015), in contrast to the US with close to
50% mobile-only households (Blumberg and Luke, 2015a).
Non-coverage bias will continue to increase for the foreseeable future due to the increasing proportion of mobile-only households. In
the US, close to 90% of the adult population is contactable via mobile
(Blumberg and Luke, 2016), and survey practitioners have begun
redesigning RDD surveys with a single sampling frame of 100% mobile
telephones. Results have shown that mobile RDD samples can be representative of the US public on a number of demographic dimensions,

Table 3
Comparison of predicted and actual 2015 data points using Poisson regression estimation for Queensland.
Risk factor

Alcohol consumption (18+)a
Alcohol consumption (18–29)a
Smoking
Obesity
Physical activity
a
b

Trend equation (to 2014): y = exp.(α + β1t +
β2t2)
α
−1.555
−1.373
−1.776
−1.609
−0.707

Quadratic term not included.
Actual estimate falls outside predicted 95% conﬁdence interval.

β1
−0.045
−0.129
−0.023
0.036
0.044

β2
–
–
−0.001
−0.002
−0.003

Predicted 2015 estimate using
trend to 2014

Actual 2015 result

Estimate
18.4
17.2
13.5
23.6
57.2

Estimate
22.4b
25.5b
12.3
23.4
57.5

95% CI
17.0, 19.8
13.3,21.1
12.1,14.8
21.7,25.5
54.0,60.5
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Table 4
Trend comparisons for selected risk factors comparing the landline-accessible respondents in Queensland and the total sample in 2015.
Risk factor

Alcohol consumption (18+)ab⁎
Alcohol consumption (18–29)a
Smoking
Obesity
Physical activity
a
b

Trend equation to 2015 landline-accessible:
y = exp.(α + β1t + β2t2)

Trend equation to 2015 total sample:
y = exp.(α + β1t + β2t2)

α
−1.542
−1.337
−1.736
−1.614
−0.704

α
−1.531
−1.314
−1.758
−1.608
−0.708

β1
−0.028*
−0.092
−0.023
0.034
0.045

β2
–
–
−0.003
−0.001
−0.004

β1
−0.013*
−0.067
−0.023
0.036
0.044

Difference in trend
β2
–
–
−0.002
−0.002
−0.003

P-value
0.192
0.461
0.329
0.684
0.748

Quadratic term not included.
Signiﬁcant decrease for landline only sample; non-signiﬁcant decrease for the entire 2015 sample.

such as age, race and ethnicity (Jiang et al., 2015; Kennedy et al., 2016).
Furthermore, mobile-only surveys provide smaller margins of error and
are generally more precise than their dual-frame counterparts: the reason suggested being the reduced complexity of survey weighting when
all the information is from a single frame (Kennedy et al., 2016;
Peytchev and Neely, 2013). This is not currently a viable solution for
Australia due to the relatively large group of landline-only users compared to the US, and poor mobile telephone reception in regional
areas. It is estimated that 10.5% of the population of Queensland were
in rural and remote regions (OESR, 2012). Remoteness and telephone
status are linked, such that in some remote areas there will be a lack
of adequate mobile coverage, leading to access only via landline
telephone.
This study is subject to several limitations. First, data limitations
prevented the application of more robust weighting approaches or
comprehensive post-stratiﬁcation methods. Second, methodological changes in time series data limit comparability between years.
Given the substantial ﬁnancial costs and knowledge gaps that
arise while trends re-establish, the current study speciﬁcally examined the impact of non-coverage bias to inform the interpretation
of overall trends rather than limit analysis to differences between
subsamples within a single year of data. Third, we cannot account
for the bias in mobile telephone non-response due to poor reception and other coverage factors affecting rural populations. Future
work will involve incorporating information on the distribution of
mobile coverage, including the relationship between poor telephone coverage of difﬁcult-to-reach participants and the prevalence of risk factors.
4.1. Conclusion
In summary, this study found differences in health behaviours between mobile-only and landline-accessible participants using a listbased sampling frame, similar to results in studies using dual-frame
sampling. Differences remained after post-stratiﬁcation adjustment,
supporting evidence that mobile telephone numbers should be included to obtain valid, reliable and representative data, regardless of the
type of sample frame. Unlike dual-frame surveys, list-based surveys
may have better coverage and do not need further weighting adjustments to account for multiple chances of inclusion in the survey (as
with dual telephone users). In Queensland, it appears that the shift to include mobile-only respondents occurred before trends were signiﬁcantly affected by non-coverage bias, differing from the international
experience.
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Appendix A

Table A1
Health deﬁnitions from publications in Table 1.
Body weight
All papers in Table
1

Excessive drinkingb
Livingston et al.
(2013)
Baffour et al.
(2016a)
Barr et al. (2014)

Reporteda
Reported
Reported.

i. Normal weight: Body Mass Index (BMI) of
18.5 to 24.9.
ii. Overweight: BMI of 25.0 to 30.0.
iii. Obese: BMI over 30.0.

Reported

iv. Risky drinking: 5 or more standard drinks in
a single session during the past 12 months.
v. Very risky drinking: 11 or more standard
drinks.
vi. Five or more standard drinks of alcohol
in a day (on a typical day when respondent drinks).
vii. N2 alcoholic drinks in a day (on a typical
day when respondent drinks).
viii. Binge drinking in the past 30 days: a
single session of 7.1 or more standard
drinks for males and 5.7 or more for
females.
ix. One heavy drinking day in past year: a single session of 7.1 or more standard drinks
for males and 5.7 or more for females.

Reported

Link et al. (2007)
Hu et al. (2011)

Reported

Blumberg and Luke
(2015a, 2015b)

Reported

Physical activity
Barr et al. (2014)
Baffour et al.
(2016a)
Link et al. (2007)
Hu et al. (2011)
Blumberg and Luke
(2015a, 2015b)

Reported

Reported
Reported

x. Adequate physical activity: Total of 150 min
a week on 5 separate occasions during the
last week.
xi. Physical activity or exercise during the past
30 days other than their regular job.
xii. Adults perform at least 150 min a week
of moderate-intensity aerobic physical
activity, or 75 min a week of vigorousintensity aerobic physical activity, or an
equivalent combination from used 2008
Federal Physical Activity Guidelines.

a
“Reported” denotes the result of this deﬁnition is reported in the main text of Table 1,
the absent results are included in the table notes.
b
All standard drinks were measured or converted to Australian standard drinks.
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