Environment and Ecology Research 9(4): 145-151, 2021
DOI: 10.13189/eer.2021.090401

http://www.hrpub.org

Investigation of Interaction between Age and Gender
Effects of Car Users by using Log-Linear Model: A
Bayesian Inference Approach

Fazilatulaili Ali’, SAS Ali, SB Rahayu, ND Kamarudin, ASA Rahman

Department of Defence Science, Faculty of Science and Defence Technology, National Defence of Malaysia, 57000, Kuala Lumpur,
Malaysia

Received January 28, 2021, Revised April 6, 2021, Accepted May 30, 2021

Cite This Paper in the following Citation Styles

(a): [1] Fazilatulaili Ali, SAS Ali, SB Rahayu, ND Kamarudin, ASA Rahman , "Investigation of Interaction between Age
and Gender Effects of Car Users by using Log-Linear Model: A Bayesian Inference Approach,"” Environment and Ecology
Research, Vol. 9, No. 4, pp. 145 - 151, 2021. DOI: 10.13189/eer.2021.090401.

(b): Fazilatulaili Ali, SAS Ali, SB Rahayu, ND Kamarudin, ASA Rahman (2021). Investigation of Interaction between Age
and Gender Effects of Car Users by using Log-Linear Model: A Bayesian Inference Approach. Environment and Ecology
Research, 9(4), 145 - 151. DOI: 10.13189/eer.2021.090401.

Copyright©2021 by authors, all rights reserved. Authors agree that this article remains permanently open access under the

terms of the Creative Commons Attribution License 4.0 International License

Abstract The growth in car ownership, demand for
personal mobility and traffic congestion all generate negative
impacts on the environment. In addition to adverse impacts,
car use contributes to urban sprawl, unhealthy micro
environments and increased accidents. In western countries,
chronic traffic congestion due to increasing travel demand
resulting from economic growth is placing governments
under pressure to promote and incentivise mode shift to
non-motorised modes. Therefore, this paper aims to
investigate the relationships of car users' perceptions and
attitudes with age-gender factors to investigate respondents’
willingness to reduce car use for the sake of the environment.
A log linear model for categorical data was developed using
Bayesian inference approach. Models were constructed
separately with and without interaction between age and
gender effect. Attitudinal data from British Social Attitudes
(BSA) surveys from 2011 to 2014 were used in this study.
The application of the Bayesian inference approach to the
BSA data demonstrated useful properties shared by
population groups. The results indicate that significant
differences exist among different age and gender groups. The
knowledge is useful to policy makers and transport managers
in designing targeted solutions to specific population groups.
The outcome of this research will be vital from a
policy-making perspective, as appropriate clusters of the
population can be targeted when implementing sustainability
policies.

Keywords Log-Linear Models, Bayesian Inference,
Age-Gender Effects

1. Introduction

The demand for transport, an important component of any
urban system continues to grow. Many countries struggle to
cope with the challenges posed by traffic congestion and the
consequential environment impacts including air quality,
noise, and greenhouse gases emissions (GHG). In addition to
these adverse impacts, car use contributes to urban sprawl,
unhealthy micro environments and increased accidents. In
western countries, chronic traffic congestion due to
increasing travel demand resulting from economic growth [1]
is placing governments under pressure to promote and
incentivise mode shift to non-motorised modes. Prillwitz and
Barr [2] present evidence that investment in public transport
can help mitigate congestion in urban areas. Undoubtedly the
growth in car ownership, demand for personal mobility and
traffic congestion all generate negative impacts on the
environment [3].

In recent years, there has been an increasing amount of
literature on the use of Bayesian approaches in travel
behaviour research because of the benefits that they offer [6,
7, 8] also for estimation in piecewise constant model [14].
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Bayesian statistics help people to make decisions under
uncertainty, allow for the remaining uncertainty in the model
parameter, and to quantify the strength of our beliefs when
actual data have been taken into account. Furthermore,
gender differences were found by Waygood and Avineri [9]
to be an influence in general environmental concern. They
suggested that women were more willing to pay to reduce
their personal impacts. The knowledge proposed that women
are either more willing to change their behaviour or that their
response to information on climate change is stronger.

Travellers are aware of environmental problems, but their
interpretations do not necessarily match their travel
behaviour [3]. This is consistent with studies which
recommend that even though facts about the negative
environmental effects of car use raises some consciousness,
it is usually insufficient to change behaviour [4]. According
to Anable et al. [5], there are certain car-owner groups of
travellers whose environmental concerns, as well as sense of
responsibility, are greater than others. This suggests that
there is potential for mode choice behaviour change.

Moreover, age will also be taken into account to
complement the investigation in this study. Therefore, this
paper aims to investigate the relationships of car users’
perceptions and attitudes with age-gender factors to
investigate respondents’ willingness to reduce car use for the
sake of the environment. First, the methodology is outlined
for separate model for age-gender groups and model with
interaction between age-gender are explained, and the results
are presented. The paper is concluded with discussion.

2. Methodology

Data from the British Social Attitudes (BSA) survey was
used in this study. The datasets that were collected during
2011 to 2014 were chosen for the analysis. In 2010, the
transport section in the BSA questionnaire was changed so
as to collect data regarding people’s attitudes towards, and
opinions on, climate change and the environment. Therefore,
the BSA data collected after 2010 were considered in this
study and all data records appertaining to car users, whether
as drivers or passengers were selected from the BSA using a
filter. The scales have been tested for reliability by using
Cronbach's alpha measurement. The Cronbach's alpha for
the scales is 0.82. At the initial stage of this analysis,
incomplete samples were removed during the data cleaning
process, bringing the final dataset to a total of 1509
respondents of adults aged 18+ who were car users whether
as drivers or passengers or both.

2.1. Separate Model for Age and Gender Groups

This analysis develops model by ignoring the interaction
between age and gender. The respondents were divided into
twelve age-gender groups, given six age groups each for
males and females. The groups were labelled 1 to 12 and
responses to the question were categorised into one of the

five labelled 1 to 5 (1 = Agree strongly; 2 = Agree; 3 =
Neither agree nor disagree; 4 = Disagree; and 5 = Disagree
strongly). It was assumed that the respondents in each group
were a random sample of people in that group. For the
population of people in group i, the proportion who would

give responsek is given in equation 1.

Pr{response. k/group. §) =7;; 6))
So, we write:
ik
Tk =5 (@)
Yibs
and:
ik = In ¢1k 3)

where /n stands for natural logarithm, so ¢, = exp(ni,k),

except for the case that 7,; =0 which means that the

response 3, “neither agree nor disagree”, was chosen as the
baseline response. It follows that:

Pr(response & | group i
by = ( ) 4)
Pr(response 3| group i)

are the odds in favour of response k compared to response 3.
Then 7, is the corresponding log odds. So, if

7:1 =1n2~0.69, then the response “Agree strongly” would

be twice as likely as the response ‘“Neither agree nor disagree”
for members of group /. Similarly, if 7,5 =-In2~-0.69,

then the response “Disagree strongly” would be half as likely
as the response “Neither agree nor disagree” for members of
group i . Furthermore,

-1 ”i,k/”i,3 —1 7T k
Mg —M;,; = PR n4——
i) i

So, if 1;, —1; ; =In2, then response £ is twice as likely

®)

as response j for members of group i. Normal prior
distributions were given to the parameters 7 ,....,7,5 »

except for 7,5, for i=1,...,12, which are fixed as equal to

zero. A hierarchical prior specification induces prior
correlations between the parameters. For i=1,...,12 and for

k=12,4,5 , given the values of f,,0,,04.0; , the
conditional prior distribution of 7, , given S, is:

M| B ~ N (B-125) (6)
where 7, is conditionally independent of 7,,. given
By, Py unlessi=i"and k=4k'. Then, for k=1,2,4,5:

B~ N(0,5) 7
With g, independent of f,. unless k=k'. Thus, the

marginal prior distribution of 7, for k=1,2,4,5is:
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M ~ N(0,6.25) (8)
and 7,, and 7,, have a prior correlation of:
Cort (i) = —z = 0.8 ©)
T 6.25

For this purpose, JAGS [10], which is a program used for
the analysis of Bayesian graphical models using Gibbs
sampling, via the rjags package in R [12], has been used to
compute the posterior distribution by Markov Chain Monte
Carlo (MCMC) sampling [11, 13].

2.2. Model with Interaction between Age and Gender
Effects

In this section, the effect of age and gender on responses to
question “For the sake of the environment, everyone should
reduce how much they use their cars” was investigated. The
respondents are categorised as either “males” or “females”
associated with six age-groups. Interest lies in the effects of
the respondents’ age and gender on the outcome for the
responses. The effects of age and gender are introduced
using six orthogonal contrasts, labelled as gender, a;, a,, as,
a4, and as, as shown in Table 1.

In this analysis, k& =3 (neither agree nor disagree) was
used as a baseline. The other four categories where
k=1,2,4,5, n,, can be modelled in terms of an age effect

B.i » a gender effect S, and an interaction effect
between age and gender S, ; as shown in Appendix.

The covariate a; takes the values (1, 1, 1, -1, -1, and -1)

147

in the first six male groups, similarly for female groups. This
list of contrasts can be extended to all 12 groups by taking
Bos =PBas=PBes =Pz =0, Wwhich in tun  gives

M3 =Ms3=-=Np3=0.1In this way, the parameters are

made relative to the baseline response category k =3
(neither agree nor disagree).
Apart from the baseline values /3, , the coefficients of

B, in n, are orthogonal contrasts. Briefly, using such

contrasts gives some useful structure upon which to develop
the prior distribution for the 7,. The contrasts have a useful

property if a particular type of prior is taken for the
non-baseline f, : the same prior is used for each g, , (k =3)

as well as the same prior for each g, , (k#3) but possibly
different from that for the /3, , . Similarly, for g, , (k #3)
and for f3,,, (k#3), and these blocks are independent of

one another.

More time could be spent on looking at how to construct
the various elements of the prior distribution in detail.
However, for clarity, a fairly simple example is used here.
There was no evidence that inferences were sensitive to
changes in details of the prior. The prior distribution is taken
to have independent components, for k =1,2,4,5.

Next, plots of the posterior probability functions were
produced by extracting the sampled values first and then
using the standard R plot functions to produce the plots.
Group 3, male, 35-44 years old, “agree strongly” was chosen
and a plot for 7;, was produced and presented in the next

section.

Table 1. Cross tabulations of responses to question according to age and gender, and proposed orthogonal contrasts.
Responses to Question
Gender Age Total Gender a; a, as a, as
1 2 3 4 5
18-24 3 7 5 2 2 19 1 1 1 -1 0 0
25-34 2 42 24 15 6 89 1 1 -1 -1 0 0
Male 35-44 12 55 39 20 4 130 1 1 0 2 0 0
45-54 8 80 31 33 7 159 1 -1 0 0 1 -1
55-64 7 74 37 25 10 153 1 -1 0 0 -1 -1
65+ 11 107 48 33 8 207 1 -1 0 0 0 2
18-24 1 12 10 6 1 30 -1 1 1 -1 0 0
25-34 11 68 31 13 3 126 -1 1 -1 -1 0 0
Female 35-44 12 99 56 12 6 185 -1 1 0 2 0 0
45-54 8 86 45 17 2 158 -1 -1 0 0 1 -1
55-64 8 66 34 17 4 129 -1 -1 0 0 -1 -1
65+ 8 70 22 22 2 124 -1 -1 0 0 0 2

Note: Responses to question; 1= agree strongly, 2= agree, 3= neither agree nor disagree, 4= disagree, 5= disagree strongly
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Table 2. Gender and age groups

Responses
Gender Age Total
1 3 4 5
18-24 3 7 5 2 2 19
25-34 2 42 24 15 6 89
Male 35-44 12 55 39 20 4 130
45-54 8 80 31 33 7 159
55-64 7 74 37 25 10 153
65+ 11 107 48 33 8 207
18-24 1 12 10 6 1 30
25-34 11 68 31 13 3 126
Female 35-44 12 99 56 12 6 185
45-54 8 86 45 17 2 158
55-64 8 66 34 17 4 129
65+ 8 70 22 22 2 124
Note: 1=agree strongly, 2=agree, 3=neither agree nor disagree, 4=disagree, 5=disagree strongly
Table 3. Posterior summaries: means and standard deviations
Parameter Mean SD Parameter Mean SD
Group 1 (Male, 18-24) Group 2 (Male, 24-34)
M1 -1.28 0.32 N1 -1.68 0.29
N2 0.51 0.28 N22 0.60 0.19
N4 -0.66 0.31 N4 -0.51 0.23
N5 -1.84 0.34 N2s -1.76 0.30
Group 3 (Male, 35-44) Group 4 (Male, 45-54)
M3,1 -1.28 0.24 N1 -1.48 0.26
N3z 0.44 0.17 N4z 0.78 0.16
N34 -0.61 0.21 U -0.22 0.19
M35 -2.04 0.29 Nas -1.85 0.28
Group 5 (Male, 55-64) Group 6 (Male, 65+)
751 -1.56 0.26 N61 -1.48 0.24
752 0.65 0.16 762 0.75 0.14
M54 -0.49 0.20 Nea -0.46 0.18
755 -1.68 0.27 Nes -1.91 0.27
Group 7 (Female, 18-24) Group 8 (Female, 25-34)
N71 -1.51 0.32 Ng1 -1.24 0.25
N72 0.51 0.25 g2 0.77 0.17
N74 -0.50 0.29 Nga -0.76 0.23
N75 -1.97 0.34 Ngs -2.06 0.30
Group 9 (Female, 35-44) Group 10 (Female, 45-54)
Mo -1.44 0.24 N101 -1.53 0.25
9,2 0.68 0.14 N10,2 0.75 0.16
No4 -1.09 0.22 N104 -0.77 0.21
g5 -2.03 0.27 N10,5 -2.21 0.29
Group 11 (Female, 55-64) Group 12 (Female, 65+)
Mi11 -1.44 0.26 Ni21 -1.34 0.27
N11,2 0.69 0.17 N12,2 0.93 0.18
Ni1,4 -0.64 0.22 N12,4 -0.32 0.21
Ni1s -2.01 0.29 N125 -2.10 0.31

3. Results and Discussion

3.1. Separate Model for Age and Gender Groups

Table 2 presents the sample distribution according to age
and gender variables that are used in this model. Two parallel
MCMC chains were used to fit the log-linear model.
Convergence was checked with trace plots and found to be
satisfactory. A burn-in for the MCMC sampler of 1000

iterations of both chains was used and samples of the values
of 1 were collected from 2000 further iterations in two

chains. Summaries of the posterior distributions of the
various 77 parameters were obtained, based on 4000
samples, from the posterior distribution. The results are
presented in Table 3, where 7, ;, which is fixed at zero for

all i, has been removed.
Table 3 presents the posterior means and standard
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deviations of 12 groups for question — “for the sake of the
environment, everyone should reduce how much they use
their cars”. Next, plots of the posterior probability functions
were produced by extracting the sampled values first and
then using the standard R plot functions to produce the plots.
For illustration, group 3, male, 35-44 years old, “agree
strongly” was chosen and a plot for 7;, was produced. The

resulting graph is shown in Figure 1.

Males 35-44, Agree vs Disagree
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Figure 1. Probability density functions for 77; , — 73 4 , the log odds for

“agree" compared to “disagree" for males aged 35-44.
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Figure 2. Probability density functions for 775 |, the log odds for “agree
strongly" for males aged 35-44.

The prior distribution 7, , 14 is normally distributed
assumed to have a mean 0 and variance 12.5~ N (0,12.5)
since they are independent in the prior. The standard

deviation is thus +/12.5 = 3.54. The resulting graph is shown

in Figure 2. It can be clearly seen that a person in this group
(male, 35-44 years old) was more likely to respond “agree”
than “disagree” when they were asked to reduce the amount
of car use for the sake of the environment.
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3.2. Model with Interaction between Age and Gender
Effects

The posterior means and standard deviations are presented
in Table 4 where 7,5, which is fixed at zero for all #, has

been removed, and the resulting graphs are shown in Figure 3
and Figure 4. Figure 3 has two distributions, the flat red
curve being the prior distribution and the sharper normal
curve being the posterior. With reference to Table 4, it is
apparent that the value of 7, of the posterior distribution is

negative -1.23 and SD = 0.33. This finding suggests that
members of this group were less likely to respond “agree
strongly” than to respond “neither agree nor disagree”, when
they were asked to reduce how much they used their cars for
the sake of the environment.

Subsequently, the same group was chosen to compare
their level of perceptions for the same question instead of
relative to “neither agree nor disagree”, but instead 7;,
(“agree”) is compared to n;, (“disagree”). The resulting
graph is shown in Figure 3. It can be clearly seen that a
person in this group (male, 35-44 years old) was more likely
to respond “agree” than “disagree”, when they were asked to
reduce the amount of car use for the sake of the environment.

Males 35-44, Agree vs Disagree
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Figure 3. Probability density functions for 7, , -7, , the log odds for

“agree" compared to “disagree" for males aged 35-44.

It is worth noting that most of the posterior means were
negatives in Table 3 except for 7, , . This seems to suggest

that “agree” tends to be a popular choice for question,
whereas 7, is sometimes positive, but did not always

emerge when the interaction of age and gender effect was
considered in the models, as shown in Table 4. The results
for model with age-gender effect shows that it is more
accurate and significant because the correlation occur
between them is not ignored. Bayesian inference was taken
into consideration because it allows the uncertainty in the
parameters to be incorporated in the model.
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Table 4. Posterior means and standard deviations

Parameter Mean SD Parameter Mean SD
Group 1 (Male, 18-24) Group 2 (Male, 25-34)
M1 -0.76 0.55 M1 -1.95 0.49
N2 -0.36 0.51 M2.2 0.57 0.25
N4 -0.66 0.59 N2 -0.51 0.32
Ms -1.31 0.68 N5 -1.48 0.43
Group 3 (Male, 35-44) Group 4 (Male, 45-54)
M3,1 -1.23 0.33 Na1 -1.40 0.36
M3,2 0.35 0.21 Naz2 0.93 0.20
N34 -0.69 0.27 um 0.01 0.24
M35 -2.24 0.47 Nas -1.54 0.38
Group 5 (Male, 55-64) Group 6 (Male, 65+)
51 -1.64 0.37 Ne1 -1.49 0.33
75,2 0.70 0.20 Ne,2 0.81 0.17
Ms,4 -0.38 0.25 Nea -0.37 0.23
M55 -1.39 0.34 o5 -1.83 0.38
Group 7 (Female, 18-24) Group 8 (Female, 25-34)
N7 -1.68 0.62 g1 -1.18 0.35
N72 0.27 0.40 Ng2 0.78 0.21
N74 -0.65 0.48 Nga -0.84 0.311
N7 -2.30 0.68 Ngs -2.26 0.49
Group 9 (Female, 35-44) Group 10 (Female, 45-54)
N1 -1.56 0.31 N101 -1.74 0.36
792 0.57 0.17 10,2 0.66 0.18
o4 -1.51 0.31 N104 -0.95 0.27
Nos -2.32 0.42 N1o,5 -2.81 0.50
Group 11 (Female, 55-64) Group 12 (Female, 65+)
M1 -1.50 0.37 N2 -1.07 0.40
M1z 0.66 0.21 N12,2 1.15 0.24
Ni14 -0.72 0.29 N1z -0.03 0.29
N1 -2.24 0.47 N2 -2.29 0.60

Note: SD = standard deviation

4. Conclusion

This paper subsequently presented an analysis of the
categorical variables using log-linear and, aiming to
investigates respondents’ willingness to reduce their car
usage for the sake of the environment. Overall, this paper
demonstrates how the novel approach presented here assists
considerably in understanding the perceptions of individuals
regarding environmental issues and their potential to take
action to reduce the impact of climate change. The results of
the study have demonstrated that fitting a log-linear model
using Bayesian inference is both a practical and effective
way to analyse ordinal survey data. There is evidence that
susceptibility to change appears to be linked to age and
gender. Those in younger and older categories are the least
likely to be susceptible to change, whilst those in their
middle-age are the most susceptible. Females are
undifferentiated from males in terms of their susceptibility to
change. In addition, there was a greater tendency to agree to

use cars with lower CO, emissions for the sake of the
environment among respondents with one car per household
compared to respondents with four or more.
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Appendix

Group 1:
i = ﬂO,k + a,,k +ﬂaz,k _ﬂa3,k +ﬂr,k + g,k +ﬂa2g,k _ﬂu3g,k

Group 2:
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hr = ﬂo,k +ﬂal,k —Buk _ﬂa3,k Jrﬂg,k + ﬂalg,k _'Bazg,k _ﬂasg’k

2
Group 3: M3 = ﬁO,k +ﬂal,k +2ﬂa3,k +ﬂg,k +ﬂa1g,k +2ﬂa3g,k

Group 4:
May = ﬂO,k _ﬂal,k + ﬁa4,k _ﬂas,k +ﬂg,k _ﬂalg,k + ﬁa4g,k _ﬂa5g,k

Group 5:
N5 = ﬂO,k _ﬂal k _ﬂa4,k _ﬂas,k +ﬂg,k _ﬁalg,k _ﬂa4g,k _ﬂasg,k

Group 6:
Mo = ﬂO,k _IBal,k _ﬂa4,k _ﬁaS,k +ﬂg,k _ﬁalg,k _ﬂa4g,k _ﬂasg,k

Group 7:
Mk = Boj + Ba g + Bayk = Bayk = Pai + Bag i + Parek —Pagk

Group 8:
Mg = ﬂO,k +ﬂal,k _ﬁaz,k _ﬂa3,k _ﬂg,k +:6a]g,k _ﬂazg,k _ﬂa3g,k

Group 9: 1o = Lo + Ba ko + 2Bk — Poi + Pagk T 2Pase i

Group 10:

Mok = Poje = Pa i + Bayk = Pag i = Pok = Bagi + Pk ~ Pasgk
Group 11:

Thik = ﬂO,k _IBal,k _ﬂa4,k _ﬂas,k _ﬂg,k _ﬂalg,k _ﬂa4g,k _ﬂajg,k

Group 12:
Mok = ﬁO,k _ﬂal Jk +2ﬂa5,k _ﬁg,k _ﬂalg,k +2ﬂa5g,k
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