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The study examines electric vehicle (EV) adoption rates across regions in Australia by utilising a nonlinear
factor framework based on club convergence analysis. The results reveal the existence of four distinct
regional groups (called convergence clubs) in terms of EV take up rates, and that this grouping has been
fairly stable between 2013 and 2020. The study also finds that regions incorporating city centres are more
likely to cluster as top adopters than peripheral regions. About 50 per cent of the regions in the study appear
in the higher-formed group, which signifies an improvement in environmental outcomes. The paper models
determinants of EV adoption using region characteristics and finds that higher levels of green awareness,
per capita income, and higher levels of education of residents within a region are significant positive
influences. There is also some evidence pointing to the positive influence female populations exert on EV
adoption and that higher within-region income inequality leads to lower EV adoption.

1. Introduction

Global indicators show that Australia has been notably slow
in tackling transport emissions. Global statistics show that
Australia’s per capita transport emissions are 45 per cent
higher than the OECD average.! Given its geography and
land size, the country’s transport industry is a large and

an important contributor to the economy’s growth and
development. By the same token, the transport industry

is the country’s third largest source of greenhouse gas
emissions, and as such it is a significant source of climate
change risk for residents in the long term.

Given the Australian Government's commitments to net zero
emissions by 2050, led by Victoria’s steadfast resolve to cut
the state’s emissions by 75-80 per cent by 2035 (Victoria’s
Climate Change Act 2077), gaining a clear understanding of
factors that influence demand and take-up rates of electric
vehicles is a move in the right direction. According to the
latest report by the Australia Climate Council, to reach the
Australian Government'’s target of net zero carbon dioxide
emissions by 2035, 75 per cent of Australia’s new car sales by
2030 need to be electric (see Purtill 2021). The last 12 months
appear to have been a good year towards this end with the

Electric Vehicle Council (EVC) reporting rapidly rising EV
sales. Accordingly, 46 624 EVs were sold in Australia between
Jan and June 2023 which is almost three times higher than
the same period in 2022. EVC further reports that EVs this
year represent 8.4 per cent of all new cars sold in Australia —
a rate which is more than double the 3.4 per cent observed
last year?

While the country’s EV market continues to expand,
Australia’s EV sales share of 8.4 per cent is still a long way
behind reported figures in Europe: 88 per cent in Norway,
54 per cent in Sweden, 35 per cent in Netherlands, 31 per cent
in Germany, 23 per cent in the United Kingdom and

21 per cent in France (IEA 2023). The strong performance of
the domestic EV market, however, meant that Australia’s EV
sales share in 2022-23 has caught up with that of the United
States where the EV sales rate has been slow to improve
relative to Europe. A 2021 survey by The Australia Institute
found that two-thirds of Australians support all new car
sales to be zero emissions vehicles by 2035 (The Australia
Institute 2022), while EVC's Consumer Attitudes Survey in
2021 found that about half of respondents saw themselves

1 https//www.climatecouncil.org.au/wp-content/uploads/2017/09/FactSheet-Transport.pdf accessed 27 Feb 2023.

2 Electric Vehicle Council (2023), State of Electric Vehicles Report 2023, https://electricvehiclecouncil.com.au/reports/soevs-report-2023/ accessed 10 October 2023.
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driving an electric car in 2030 (EVC 2021). However, the same
reports also show that domestic consumer willingness to
buy an electric vehicle is generally low, and that regional
Australians are more cautious about making 2035 an
all-electric vehicle zone compared to their counterparts in
more urbanised areas.

[t has been noted that rural and regional Australia faced the
challenges of distance and limited access to EV charging,
but the authors believe there is more to it than that. Australia
is a very large continent with a wide variety of landscapes
and climates — including deserts in the centre, rich tropical
rainforests in the north-east, and lush mountain ranges in
the south-east. Its mixed-market economy is richly endowed
with natural resources which are unevenly spread across
the land. The economic profile of states, territories and
regions — and the consumers therein — vary widely, with some
having greater level of dependence on primary resources
and others mainly drawing income from the service and
financial industry. The diversity of the national economy is
also manifested in its energy consumption. Coal and natural
gas remain the main source of energy for the country,
accounting for 64 per cent of all energy in 2022, while energy
from renewable sources such as wind, solar, hydrogen and
bioenergy accounted for 35.9 per cent® of the country’s total
electricity generation (CECA 2023). Given this, it is apparent
that Australia’s regions can differ in their environmental
goals.

In this study, we explore the observed variations in regional
adoption rates to understand preferences and how they can
affect EV adoption behaviour over the foreseeable future.
We utilise club convergence analysis to understand the
underlying patterns of EV adoption across the country, and
gain insights into factors driving the direction and speed of
EV adoption in the medium term. Additionally, we develop
models of consumer preferences which can provide valuable
clues into the role of green awareness on the speed of EV
adoption, amongst other more well-known factors. To our
knowledge, the potential impact of green awareness on EV
adoption has not yet been empirically tested, so this study
will allow us to understand how economic, social, technical
and gender status across regions can affect the evolution of
Australia’s EVs usage.

The remainder of the paper is structured as follows. In
Section 2, we review the literature on EV adoption to focus
on factors that influence EV adoption decisions, examine
lagging EV adoption regions and look at various modelling
methods used in previous work. In Section 3, we introduce
the club convergence methodology and describe in detail
how we apply it to the case of EV adoption. We discuss the
dataset and our key variables in Section 4. In Sections 5
and 6 we present our empirical results with discussion and
analysis. Section 7 concludes.

3 Thisis up from 325 per cent in 2021

2. Literature
review

EV adoption is an area of research that is very popular and
is continuing to grow. There is a wealth of recent works that
have focused on determinants alone. In this review, we will
discuss key factors that have been shown to impact on EV
adoption rates. We will also review studies that have focused
on lagging regions in terms of their EV adoption.

As with any purchase, consumers often make decisions by
considering the dollar price of the item against the expected
benefits that can be derived from the product. As cars
become an increasingly pricier commodity, there is greater
care devoted to these net value assessments. It is clear from
the literature that EVs are highly desired as they contribute
to a cleaner environment, typically have no congestion
charges, operate at lower running costs, benefit from
targeted government funding and generally offer a better
driving experience (Mustafa et al. 2021; Xiong et al. 2020;
Zhang et al. 2021). In the early days of the electric vehicle
market, it is generally known that potential consumers were
deterred by the EVs high purchase price and lack of charging
infrastructure that can support the need for frequent battery
charging. However, EV prices have since come down due to
lower-production costs, more competition on the supply side
and significantly improved charging infrastructure.

Given Kyoto protocol commitments, governments of many
industrialised countries have designed subsidy and incentive
packages to lower the net cost of acquiring an EV and make
adoption a more attractive proposition. Unfortunately, these
initiatives tend to be offset by other market-based influences
which also have a strong impact on the net price or value

of an EV. For example, early studies of Diamond (2009) and
Beresteanu and Li (2011) show that petrol prices are a more
significant influencing factor in the adoption of hybrid EVs,
compared to government incentives. In more recent times,
when EV prices have reduced significantly, the increased
availability of charging infrastructure has become a major
factor in favour of adoption (Salisbury and Toor 2016; Mersky
et al. 2016; Hardman et al. 2017).

On the role of consumer characteristics, Potoglou and
Kanaroglou (2007) found that in Canada, younger people
and those with a university degree are more likely to adopt
alternative-fuelled vehicles, and that the demand for
high-energy consuming vehicles, such as vans or sport
utility vehicles (SUVs), diminished if respondents lived in
dense and diversified urban areas. Relatedly, Hidrue et al.
(201) found that being younger, having a higher education
(bachelor’s degree or above), and higher levels of green
awareness increased consumer orientation towards EVs,
while income and being a multi-car household did not have
a significant impact on being in the EV class. These results
are later corroborated in Ritter et al. (2015) which showed that
socioeconomic status, such as income and educational level,
played a significant role in influencing the consumption of
green products generally.
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On the role of attitude and preferences in EV adoption,

there is growing evidence in the literature showing that the
influence of these factors is not just significant but also
dynamic. For example, Mau et al. (2008) demonstrated that
consumer preferences in choosing between conventional and
new technologies can change with market conditions, and
that the importance consumers place on certain attributes
of a new technology, including that of an electric vehicle, also
changes as it gains market share. One study concluded that
the environmental aspects are less important for consumers
than anticipated, despite the concerns about climate

change and renewable energy transition (Anastasiadou and
Gavanas 2022). There is also new literature analysing the use
of EVs as tools for enhancement of self-image and reputation
(Li et al. 2022; Buhmann and Criado 2023).

From a modelling perspective, the two most common
approaches to understanding consumer preferences

for electric vehicles are discrete choice models or latent
class models. Hidrue et al. (2011), Mohamed et al. (2016),
Ferguson et al. (2018) and others have pointed out that latent
class models are preferable compared to other discrete
choice methods, because respondents can be grouped into
a range of preference classes based on their attitudes and
socioeconomic characteristics. There was a notable scarcity
of studies about regions lagging in EV adoption, however —
we found only one study that has investigated regional
factors. Abotalebi et al. (2019) analysed the low adoption
rates in Atlantic Canada by comparing EV outcomes to
leading English speaking Canadian provinces, namely
British Columbia and Ontario. Using data from a household
survey and a latent class random utility model, the study
finds that EV driving distance range, maintenance cost, free
parking, and access to high occupancy vehicle lanes are
not significant attributes in the Atlantic model. With respect
to segmentation, the adoption of EVs in the Atlantic model
increases with youth, education, and progressive attitudes
towards the environment, while income is not a determining
factor.

In Australia, publicly available data from the Australia Bureau
of Statistics (ABS)* and the Bureau of Infrastructure and
Transport Research Economics (BITRE)® show that since EVs
were introduced nationally, capital cities and coastal cities
tend to have a higher proportion of EVs than other regional
areas. However, these reports mainly present descriptive
tables, and while they present detailed information on EV
use and purchase, no systematic modelling was undertaken.
This research collects relevant datasets to fill the analytical
gap in the understanding of EV adoption rates in Australia.
It also provides an opportunity to illustrate the feasibility of
the convergence club methodology to analyse trends in this
field of study.

3. Methodology

The club convergence approach theory and associated
statistical tests developed in Phillips and Sul (2007,

2009) has gained wide popularity as an application for
assessing economic outcomes.® The advantage of using
this technique lies in its ability to incorporate a nonlinear
time-varying factor model in its estimation process. This
paper demonstrates the feasibility of applying this technique
to model the transitional dynamics and longrun behaviour
of electric vehicle adoption in Australia. To facilitate this,
we follow Phillips and Sul (2007) [PS hereafter] and first
decompose EV adoption components into two parts as
follows:

EVie= 6jelte (@)

where 8;; is a time varying idiosyncratic element which
measures the deviation of each region i from the common
trend (M.

Within this framework, the convergence to a steady state at
a future date is anticipated for all N when gglolo Sicex =0 forall
i=12,..N. The elimination of the trend component fsand the
estimation of & requires the modification of Eq. (1) such that:
EV; 5;
hy = Tore = T @)
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where hj; is the relative measure that defines the transition
path relative to the average of all regions. An econometric
test of convergence can be further formulated to identify a
second-round of convergence occurring between clubs. This
is achieved by considering a semi-parametric form of Oj:

Git=06i+ 0i &it ©)

where 6jt = 6j L(t)'t% 0i > 0, t 2 0, and ;¢ is an i.id (O1) across i,
but weakly time dependent. The function Lt) is increasing

in t but diverges as t tends to infinity.” From here, we set the
null hypothesis of convergence as Hy: &;=§, a 2 0, against the
alternative hypothesis Ha: 6; % 6 or a < 0. The focal point of
the technigue is the examination of the sign of a. Even if there
is a rejection of the null hypothesis of convergence in the
panel, the occurrence of potential sub-convergence amongst
the clubs cannot be ruled out since there is a likelihood of
multiple equilibria.

In validating the null hypothesis, this club convergence
technique by PS requires estimation of the following
equation:

log (ﬂ) —2logL(t)=c+ blogt+u, “
H

where H, ;:I ¥, (hiy — 1)? represents the square
cross-sectional distance-relative transition coefficients.
For the case of b = 2@, a one-sided test of b >0 against the
alternative hypothesis of b<0 can be constructed as the
null hypothesis. At the 5 per cent level, the rejection of the
null hypothesis occurs if t; <-1.65.2 The identification of the
various clubs is achieved through the robust clustering
algorithm proposed by Phillips and Sul (2007).

4 https//www.abs.gov.au/statistics/industry/tourism-and-transport/motor-vehicle-census-australia/latest-release accessed 15 May 2023,

https//www.bitre.gov.au/publications/2021/australias-light-vehicle-fleet-some-insights accessed 15 May 2023

Recent examples include Awaworyi et al. (2018a, 2018b); Bhattacharya et al. (2020a, 2020b) and Bhattacharya and Inekwe (2021)

S
6
7 Inthe PS approach, L(t) = log (t) needs to hold in order to guarantee convergence.
8

The PS approach requires that the heteroskedastic and autocorrelation consistent standard errors for are obtained as the ordinary least squares standard errors

of the region in equation (4) may be weakly time dependent.
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We now outline below the specific steps we adopted to

implement this convergence club technique by PS to examine

EV adoption in Australia:

1. Order the regions in the panel according to the last
observation in the time series. This ranking assumes
convergence is more apparent in the most recent
observations. If there are significant variations within the
region, the average of the last fraction of the sample can
be taken to order the panel.

2. Select the first k highest regions in the panel to form
subgroups Gk for some N > k > 2. After estimating
regression (4) for each formed subgroup, select a core
group through the following cut-off point criterion:
k*=ArgMax,[t;], subject to Min,[t;] > -1.65 for k=2,3, .., N.

3. Forthe remainder regions and each of the formations,
re-estimate equation (4) and add one region at a time to
the core group. The inclusion of a particular region in the
core group will be determined following this sign criterion
[b<0].

4. For the remaining regions, repeat steps 2-3 until there
is no further club formation. The procedure is then
terminated. When regions in the last group do not have
a convergent path, then it can be concluded that they
belong to a non-converging group.

As stated by PS, using the sign criterion as the decision

rule in step (2) may generate an overestimated number

of clubs. They recommend that it is essential to perform a
club merging test in addition to estimating equation (4). We
employ the Hodrick and Prescott (1997) filter to extract the
trend component of the series and to generate the trend that
minimises the squared changes in trend and deviations, as
follows:

miny,: X7y (v, —¥0)? + 225 —ye) — 8 —ve-)1?} (5)

This filter extracts the long-run trends, while eliminating the
short-run erratic behaviour of the data.®

4. Data

We obtained information on electric vehicle registrations
across 87 regions in Australia, between 2013 and 2020 from
the Australian Bureau of Statistics (ABS). The regions refer
to the Statistical Area Level 4 (SA4) administrative regions
as defined by the ABS. These regions are spread across the
country and their distribution by jurisdiction are indicated
in Table 1, column (4). This complete panel includes all eight
Australian states and territories, with the region share of
each jurisdiction reflecting relative population shares. The
primary unit of analysis is the region, and the key variable of
interest is the number of electric vehicles that are registered
annually™©

As seen, there is a clear difference in EV take-up rates across
the states and territories, all of which offer some form of
subsidy or tax relief for EV buyers. In 2023, NSW led the pack
in terms of EV sales, but ACT was the clear leader in terms of
the EV share of the vehicle market at 20 per cent. This is due
to three complementary factors unique to the ACT:

(i) The ACT had a high concentration of early EV enthusiasts
among locals™

(i) The ACT Government led other governments in being an
early fleet buyer of plug-in hybrids and battery EVs

(iii) The ACT Government also offers EV buyers stamp duty
waivers, free registration and zero-interest loans at rates
that are far above those offered in other jurisdictions.

9 In using the filter, the lambda is set to 10, which is approximately the recommended value for annual data.

10 For this study, we will not distinguish between types of EVs; we will leave that for a future exercise when EV data can allow meaningful analysis from finer
partitioning of the count data. Additionally, because we are focused on regions and given the data available to use for club convergence analysis, we have avoided
needing to classify adopters into more granular kinds eg government, business and private.

11 See EVC 2022 report for additional details. For a short historical overview, see https://thedriven.io/2023/04/17/canberra-fast-becoming-australias-little-norway-as-

ev-share-hits-19pct/
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Table 1. EV market data and distribution of regions across jurisdictions

EV SALES

STATE/TERRITORY (2023)

(4))

New South Wales (NSW) 14164
Victoria (VIC) 11514
Queensland (QLD) 8683
South Australia (SA) 2106
Western Australia (WA) 4 005
Tasmania (TAS) 758
Northern Territory (NT) 106
Australian Capital Territory (ACT) 1815
Total 43151

AVERAGE REGIONAL

NUMBER OF GROWTH RATE OF
EV MARKET REGIONS BY EV REGISTRATIONS
SHARE (2023) JURISDICTIONS (2013-2020)
(2) (€)) (C))
8.0 27 36%
75 17 23%
6.8 18 39%
5.6 7 20%
6.6 10 15%
8.0 4 17%
21 2 2%
20.0 2 -23%
84 87

Source: Data in columns (1) and (2) are from VFACTS 2023, Federal Chamber of Automotive Industries; numbers in
columns (3) and (4) are the authors’ calculations from data gathered from the Australian Bureau of Statistics.

In column 4, we can see the growth rates of EV fleets across
the jurisdictions. The strongest growth was observed in QLD
and NSW at 39 and 36 per cent annual average respectively.
VIC and SA's EV fleets grew strongly as well at 23 and 20 per
cent respectively. The EV fleets of TAS and WA likewise

had healthy growth rates of 17 and 15 per cent respectively.
Growth rate in the NT was 2 per cent, and -23 per cent in the
ACT. The negative growth rate recorded for the ACT is due
to a significant drop in numbers between 2019 and 2020,
although this has reversed since 2021 (EVC 2022).

Table 2 presents the variables we assembled for each region
between 2013 and 2020. We can see that the average number
of the vehicle is 216 330, while the average number of electric
vehicles across all regions is about 91. This small number
clearly indicates the very slow rate of market penetration

of EVs compared to non-EVs. To gauge environmental
awareness across the regions, we also collected information
on the number of small-scale solar panel system installations
and total solar water heater installations per year per region.
The total number of solar installations was obtained by
adding these two series, providing the variable we used to
measure the level of green awareness of each region.
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The average regional income was $10 billion, with a large
standard deviation indicating a considerable variation
across them. On average, the value of regional employment
earnings contributed about 87 per cent of total regional
income. There are roughly equal numbers of males and
females in each region, and on average one in every two
individuals has completed Year 12 or higher. The Gini index
of inequality across the regions ranges from 0.389 to 0.61,
indicating the existence of a medium to high-level inequality
all round. Lastly, there appears to be a strong variation in
green awareness across the regions as the number of solar
installations varied greatly in the sample.
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Table 2. Summary Statistics of Key Variables, Pooled, 2013-2020

VARIABLE

No. of vehicles

No. of electric vehicles

No. of solar Installations

Total regional income ($b)
Population headcount

¢ Female population

¢ Male population

Population density (persons/sgkm)
Education (% completed Year 12)
Total employee income ($b)

Gini coefficient

MEAN S.D. MIN MAX
216 330 106 800 34 986 638 766
91 199 3 2443

3079 2444 89 17569
10 004 6 354 841 35 761
285 963 158 055 37 545 883 260
144162 79 713 18 264 439 034
141800 78 414 19 281 444 226
691.46 1262.96 010 5689.20
48.52 12.871 27.3 755
8714 5482 695 30 322
0.466 0.042 0.389 0.61

5. Results from club
convergence analysis

The analysis of convergence is established upon the
premise that the industry structure of each Australian
region is influenced by its local natural resources. It follows
that varying administrative regions are likely to differ in
their environmental goals and employ different economic
strategies to achieve those. In our empirical analysis, we
therefore expect regions to shift to a reliance on renewable
energy sources at varying speeds.

Table 3 presents the first results of our club convergent
analysis using the PS approach. We find that applying the
club clustering algorithm to the data has led to the formation
of four convergent clubs. The result of testing for full panel
convergence among all the regions is also instructive. In the
last row of Table 3, we can see that the log (t) statistics value

for the entire sample is -46.832, which is less than the critical
value of -1.65. The null hypothesis of full panel convergence is
thus rejected at the 5 per cent significance level. This means
that Australian regions have different transition paths in EV
adoption. As this evidence indicates that the regions do not
follow a single development path, it becomes conceivable to
have a heterogeneous equilibrium with distinct outcomes.

Given that the club clustering algorithm may overestimate
the number of clubs, we follow PS and apply a second round
of club convergence analysis to the data to test the likelihood
of initial clubs merging into larger clubs. This second
classification exercise found no other clubs were merged in
the process, hence the final number of clubs formed remains
at four.
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Table 3: Club convergence tests for electric vehicle adoption intensity

CLUBS BETA-COEFFICIENT T-STATISTIC STANDARD ERROR
1 -0167 -1.522 0110
2 0.165 0.883 0.187
3 0.236 0.745 0.317
4 121 3187 0.380
All 1.500 -46.832 0.032

Notes: The analysis makes use of the critical value of t(p=0.05) = -1.65 across all cases in testing for the one-sided null
hypothesis b >0 against b <0. Clubs represent the merged adjacent clubs.

In Table 4, we present further results from the while QLD has eight of its 18 regions included. Regions

club - convergence analysis above. We can see that the included in this first formed club are considered the most
first formed club consists of 42 regions from all jurisdictions rapid and active EV adopters in the entire set of regions
except for one. NSW is well represented in Club 1 with 13 of covered. At 42 out of the 87 regions in Club 1, this group of EV
its regions included. VIC has nine of its 17 regions included adopters comprise 48 per cent of the sample.

Table 4: The number of regions in each formed club, by jurisdiction

REGION SHARE SHARE

3 TOTAL TOTAL® TOTAL®
Australian Capital Territory (ACT) 1 0] 0 1 2 0.50 0.50
New South Wales (NSW) 13 10 3 1 27 0.48 0.85
Northern Territory (NT) 0 2 0 0] 2 0.00 1.00
Queensland (QLD) 8 6 2 2 18 0.44 0.79
South Australia (SA) 8 2 2 0] 7 0.43 0.7
Tasmania (TAS) 3 1 0 0 4 0.75 1.00
Victoria (VIC) 9 8 0 0 17 0.53 1.00
Western Australia (WA) 5 4 0 1 10 0.50 0.90
Total 42 33 7 5 87 0.48 0.86

Notes:
(1) Total captures the number of regions in Club 1to total number of regions in each jurisdiction.
(2) Total captures the number of regions in Club 1 and 2 to total number of regions in each jurisdiction.
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The first ‘Share’ column shows the rate of Club 1 membership
in each jurisdiction. It is seen that ACT, TAS, VIC and WA

have at least half of their regions belonging to Club 1, the
club of fastest adapters. TAS scored the highest rating at
0.75 indicating that three of its four regions have adopted
EVs relatively quickly in the last eight years. Furthermore,

the fourth TAS region was found to belong to Club 2 — the
club of second fastest adaptors — which implies that EV
adoption rates in this ‘apple’ state were quite similar between
regions and that no region in this state lagged. Meanwhile, it
is seen that NSW just missed the 50 per cent cut off for Club

1T membership, with 48 per cent of its regions belonging to
Club 1 while the rest identify with others in slower adaptors
clubs. NSW sits alongside QLD and SA with ratings that are
below 50 per cent which indicates a more uneven level of EV
adoption within each jurisdiction12 and increased chances of
having lagging regions.

Also from Table 4, we can see that the second formed club
consists of 33 regions out of the 45 remaining, and within
this subgroup, there are 10 regions from NSW, eight regions
from VIC and six regions from QLD. As members of Club 2
these 33 regions are considered the second most active and
energetic regions in terms of EV adoption. The remaining

12 regions in the sample form the third and the fourth
convergence clubs. The regions in this are the slowest EV
adopters in the sample.

These trends are confirmed with the numbers found in the
next ‘Share’ column which shows each state’s membership
rate when Clubs 1and 2 are combined. VIC and TAS lead the
pack with all their regions found to belong to this combined
club of fastest adaptors. Further, our club convergence
analysis showed an absence of regions belonging to Clubs 3
or 4 indicating significant homogeneity in fast EV adoption
behaviour within both states. In contrast, our results also
showed that while close of half of regions in NSW are fast
adaptors, four NSW regions or 15 per cent of regions in this
most populous state lag in terms of EV adoption. Similarly,
lagging regions in QLD and SA comprise 21 and 29 percent of
the state total, respectively.

12 We exclude ACT and NT here due to having just 2 regions in each one.

A visual representation of our club convergence results

can be found in the Appendix. As can be seen, regions that
comprise Club 1are found in urban centres of population
with highdensity development for commercial and residential
types. They include all Australian major cities, except Darwin
in NT, as well as highly urbanised neighbouring regions. Our
maps also show that regions belonging to Club 3 and Club

4 are located outside the city centres and tend to have low
population density levels. These results were consistent with
the expectation that the urbanised central regions within
each state or territory will tend to lead others in terms of EV
adoption. Conversely, they confirm that regions in the more
remote locations and with very low population densities rates
will tend to lag.

Collectively, our club convergence analysis strongly suggests
the existence of lagging regions within Australian states,
particularly for NSW, QLD and SA. This shows that EV
adoption rates have been far from uniform within each state,
and that state-level policies promoting adoption may need
to be differentiated between urbanised centres and remote
areas to ensure no region is left behind.
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6. Modelling determinants of
electric vehicle adoption

In this section, we examine the impact of green awareness
on EV adoption rates, alongside a range of other region-level
variables such as income, education and employment

rates. Our empirical strategy involves the estimation of the
following basic equation form:

LogEV; =X + B1:LogGA;; + B2:LogINC;; + B3:LogEDU;; + B4 LogFEM;,
+ Bs.LogUNEMP;; + B1,LogGINI; + Uy 6)

where, for any given region i and time t, EV is the ratio of
registered electric vehicles to total vehicle registration, GA is
green awareness measured by the number of solar
installations per capita, INC is the region’s annual per capita
income, EDU is the proportion of population that completed
Year 12, FEM is the female-to-male ratio, UNEMP is the
unemployment rate and GINI is the level of inequality. We
have added these region-level variables to the models to test
whether they are also key factors influencing EV uptake in
Australia, as has been found in other economies. Year-fixed
effects are included to eliminate bias from any unobserved
variables that evolve over time but are constant across
entities. We report our results in Table 5 below. Table 6
contains summary statistics using the modelling exercise in
Section 6, and a correlation matrix of the relevant variables
to facilitate discussion.

Models 1Tand 2 are the models which incorporate all the
hypothesised regional variables listed above. Estimation
results for Model 1 shows that GA, INC and EDU all impact on
EV demand significantly, while FEM, UNEMP and GINI are not
significant factors. Model 2 is a modified version of Model 1,
in that it includes the same regressors as in Model 1 but also
includes dummy variables for the year and is a time-fixed
effects variant. Estimation results for Model 2 show that

the impact of GA as a factor in EV is diminished with the
addition of year dummies, but INC and EDU remain significant
influences. FEM, UNEMP and GINI remain insignificant factors,
as in Model 1.

Experienced analysts may observe that there is a high
chance of multicollinearity within these models, which, if true,
would result in less reliable coefficient estimates for gz and
Ps. Multicollinearity can lead to skewed or misleading results
as the high correlation between INC and EDU, for example,
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makes it difficult to separate individual effects on EV demand
in a statistical model. Technically, multicollinearity can lead
to wider confidence intervals and produce less reliable
probabilities in terms of the independent variable effects. A
quick inspection of the correlation matrix of the variables

in the models (Table 6) reveals that INC and EDU have a
strong linear relationship (p = 0.768). Given this, we proceed
to estimate Models 3-6 by using only INC in the model (we
drop EDU), along with the other variables. And as a matter of
procedure, we also estimate Models 7-10 using only EDU in
the model (we drop INC), along with the other variables. The
results are presented in the rests of the columns in Table 5.

Model 3 shows that GA, INC and GINI are the factors that exert
a significant influence on EV demand, while FEM and UNEMP
are not significant. Of the significant variables, we can further
say that a 10 per cent increase green awareness leads to a
21 per centincrease in EV registrations, all other variables
remaining constant. For INC, the results indicate that a

10 per cent increase in per capita incomes is associated

with an increase in EV adoption rate of about 27 per cent.
For GINI, the significant negative coefficients indicates that

a 10 per cent decrease in a region’s inequality level raises EV
demand by 12.82 per cent or 13 per cent rounded up. Model 4
results were obtained by incorporating time-year effects

in the estimation. Under this, we can see that the impact of
GA on EV demand becomes insignificant, but INC and GINI
remain significant factors of similar magnitudes to Model 3.

In Models 5 and 6, we continue to use INC on the right-hand
side, at the expense of EDU. We also exclude UNEMP to
eliminate any multicollinearity effects between INC and
UNEMP. Table 6 shows that INC and UMEMP has a p = 0.611.
Model 5 results show the significance of GA, INC and GINI,

and with a similar size and impact as in Model 3. Time-fixed
effects Model 6 return results that show no significance for G4,
but INC, FEM and GINI all return as highly significant factors.
The size impact of INC and GINI on EV demand are similar

to those we have already seen in Models 3-5. The new result
here demonstrates the significance of FEM. Assuming all else
constant, Model 6 reveals that an increase in the proportion
of females relative to males in the region (FEM) increases EV
demand by 24.34 per cent.
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Table 5. Final Regression Results

VARIABLES (¢}
Log GA 0.205***
(0.054)
Log INC 1.968***
(0.309)
Log EDU 0.856 ***
(0.240)
Log POP 0129
(1137)
Log EMP 0.092
(0129)
Log GINI -0.664
(0.619)
Constant -34.859***
(3191
Fixed effects n
Observations 695
R-squared 0.310

(2)
-0.038
(0.054)
0.791***
(0.306)
1.624 ***
(0.233)
0.803
(1.045)
-0.002
(0119)
-0.224

(0.569)
-238.620 ***

(3123)

Y

695

0.427

Standard errors in parentheses *** p<0.01, ** p<0.05, * p<01

(€))
0.210 ***
(0.054)
2.710***
(0.230)

1.258
(1107)
0.054

(0130)
-1.282**

(0.599)
-39.680***

(2.915)

n

695

0.297

(C))
0.019
(0.055)
2.309***
(0.222)

2.605**
(1.047)
-0.050
(0123)

-1.387**

(0.563)
-34.271***

(2.818)

y

695

0.386
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()

0.208***
(0.054)

2.655***
(0181)

1.346
(1.051)

-1.234**
(0.593)
-38.876***
(2152)
n
696
0.298
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VARIABLES
Log GA

Log INC

Log EDU

Log POP

Log EMP

Log GINI

Constant

Fixed effects

Observations

R-squared
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(6)
0.017
(0.055)
2.369***
(0174)

2.434**
(0.997)

1404 **

(0.558)
-35.061**

(2.085)

y

696

0.386

(7)
0.221***
(0.055)

1.888***
(0183)
-0.778
(1160)

-0.237*
(0122)
1.537***

(0.527)
-15.663***

(1.072)

n

695

0.270
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(€2))
-0.053
(0.054)

2.054 ***
(0164)
0.536
(1.044)
-0123
(0110)
0.586

(0.478)
-15.927 ***

(0.964)

Y

695

0.421

(C))
0160 ***
(0.051)

1.977***
(0181)
0.586

(1.067)
-0.294 **
(0121)

-16.519 ***
(1.037)
n
695
0.261

(¢[0))
-0.080
(0.049)

2.087 ***
(0162)

1.064
(0.951)
-0142
(0109)

-16.248 ***
(0.928)
y
695
0.420

n
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Table 6. Summary statistics (of variables used in Section 6 models)

EV GA
Mean 0.00034 0.0M
Median 0.00017 0.010
Max 0.00803 0.029
Min 0.00001 0.001
Std Dev 0.00064 0.006

INC EDU FEM UNEMP GINI
3414 48 1.012 31 0.465
31220 46 1.018 32 0.459
73754 76 1.070 6.2 0.610
19 089 27 0.760 28 0.389

9798 13 0.040 32 0.042

CORRELATION MATRIX

EV 1.000

GA -0152 1.000
INC 0.511 -0.358
EDU 0.495 -0.473
FEM 0123 0148
UNEMP -0.286 0.31
GINI 0.220 -0.251

1.000

0.768 1.000

0.090 0.206 1.000

-0.611 -0.480 0.251 1.000

0.578 0.323 0.294 -0.208 1.000

In Models 7-10, we use the EDU variable instead of the INC
variable as a key regressor in the model. We find in Model 7
that GA, EDU and GINI are all significant factors on EV demand
but note that the sign of the GINI coefficient is positive, unlike
in previous models. A positive coefficient for the GINI is not

as expected and is probably harder to rationalise compared
to the negative coefficient found earlier. We also see in this
model that UNEMP is negatively significant, albeit at the

10 per cent level only. This means that a 10 per cent decline in
unemployment rates in the region can result in a 2 per cent
increase in EV registrations, which is plausible. The next
model Model 8, which is the time-fixed effects version of
Model 7, returns with weak results — none of the coefficients
returned significant except for the coefficient of EDU. This
model appears less reliable and less informative than the
others we have already reviewed.

Lastly, we consider Models 9 and 10 found in the last two
columns of Table 5. In Model 9, we find that GA and EDU

are strongly significant factors that influence EV demand
positively. In terms of size, the effect of GA appears relatively
small compared to earlier models. The size impact of EDU
appears close in value compared to those found in Models

7 and 8. We also see in this model that UNEMP is negatively
highly significant. The coefficient value of -0.294 means that
a 10 per cent decline in a regional unemployment rate results
in a2 per cent increase in EV registrations, which is also
plausible. Model 10 results appear weaker compared to that
of Model 9. With only one regressor showing significance, this
model appears less reliable and less informative than the
others already considered.

Models 5 and 6 present the most plausible model of all:
green awareness, income, female population and inequality
are found to influence EV adoption rates across the board.

In Model 5, we find that a 10 per cent increase in green
awareness results in a 2 per cent increase in EV registrations,
all else being constant. Similarly, a 10 per cent increase in

per capita income results in a significant increase in EV
registrations of around 24-26 per cent. A 10 per cent decrease
in inequality levels within a region is also found to raise EV
demand by between 12-14 per cent. Finally, a 10 per cent
increase in the number of females in the region relative to
males raises EV demand by about 24 per cent.
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7 Conclusion

The study examined the path of 87 regions of Australian
towards adoption of electric vehicles using club convergence
analysis. The results show no overall convergence in EV
adoption across Australia’s regions. Instead, different
steady-state equilibria exist with the algorithm detecting
convergence to four clusters.

Club convergence analysis revealed that Australian regions
vary widely in terms of their green awareness, and that
there is a clear separation between the peripheral and
higher density regions at the heart of the states or territories.
For regions in city centres, the likelihood of clustering at

the top group of adopters remains higher than for regions
outside the city centres. A key result found that while some
regions in a particular jurisdiction appeared in the higher
club of adoption, others in the same jurisdiction were found
to belong to the lowest club of electric vehicle adopters. This
spread of membership across the clubs suggests a wide
gap in adoption rates across areas within the same state

or territory.

These findings provide new data insights of particular
importance to Victoria. Across the four most populous states,
VIC leads the pack in terms of regional homogeneity in EV
take up rates. We found 100 per cent of regions in VIC are
fast EV adopters which is a rate that is far above those found
for other key states in the country: NSW (85 per cent), QLD
(79 per cent) and WA (90 per cent) (see Table 4). This implies
that the issue of lagging regions in the sense of EV adoption
is relatively minimized in VIC. These results are consistent with
those indicated in the VFACTS 2023 report of the Federation
Chamber of Automotive Industries (FCAI) and provide strong
empirical support to the claim that VIC leads in the rate of
decarbonisation in the country.®

Our econometric modelling of macroeconomic determinants
of electric vehicle adoption further revealed that a region’s
green awareness, per capita income, educational attainment
and level of inequality are the strongest region-level factors
influencing EV adoption. Our findings are consistent with
those found in other countries, but this study is the first to
confirm these results for Australia.

In conclusion, this study explored the observed variations in
regional adoption rates to understand trends and patterns
of development, and how these can affect EV adoption
behaviour over the foreseeable future. It provided new data
insights that can be used to support strategic action for
accelerating the adoption of EV technology across all regions
of Australia.
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Appendix. Club convergence
Maps by states and territories

Figure 1: Club composition in NSW
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Figure 2: Club composition in VIC
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Figure 3: Club composition in QLD and NT

Note: In this study, SA4dlevel data required were not available
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from ABS due confidentiality restrictions from very low
population counts. The maps above for Queensland and the
Northern Territory capture those SA4 areas which we were
able to use in the analysis. For more detailed information

on these data limitations, please see https://www.abs.gov.
au/statistics/standards/australian-statistical-geography-
standard-asgs-edition-3/jul2021-jun2026/using-asgs
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Figure 4: Club composition in South Australia
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Figure 5: Club composition in WA
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Figure 6: Club composition in TAS
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