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Supporting information : Australian votersô attitudes to climate 

action and their social-political determinants 

A: Survey instrument 
SM Table 1: Survey instrument, including exact phrasing of all questions and all response options.  

Q1. In your view, how important or unimportant is it that Australia takes action to reduce 

greenhouse gas emissions in order to help limit future climate change? 

-99 Refused 

-98 Don't know 

1 Extremely important 

2 Important 

3 Unimportant 

4 Extremely unimportant 

Q2. In your view, which energy source or mix of energy sources should provide Australiaôs 

electricity in 2050? 

-99 Refused 

-98 Don't know 

1 All fossil fuels (coal and gas) 

2 A relatively even mixture of fossil fuels and renewables 

3 Mostly renewables, with some fossil fuels 

4 All renewables 

5 All nuclear power 

Q3. To what extent are you prepared to accept a personal cost in order to support action to reduce 

Australia's emissions? 

-99 Refused 

-98 Don't know 

1 I am prepared to accept a significant personal cost in the interest of reduced emissions 

2 I am prepared to accept a small personal cost in the interest of reduced emissions 

3 I am not prepared to accept any personal cost in the interest of reduced emissions, but I 

think others should 

4 I am not prepared to accept any personal cost in the interest of reduced emissions, and I 

think others should not either 

Q4. How much did the issue of climate change influence your vote in the 2019 Federal election? 

For you personally, would you say climate change was ... ? 

-99 Refused 

-98 Don't know 

1 The most important issue 

2 An important issue 

3 Not very important 

4 Not at all important 

5 Did not consider climate change when voting 

6 Did not vote 

Q5 In the Federal election for the House of Representatives on Saturday 18 May, which party did 

you vote for first in the House of Representatives? 

-99 Refused 

-98 Don't know 

-97 Did not vote 

-96 Not eligible to vote 

1 Liberal 

2 Labor 
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3 National 

4 Greens 

5 Other party (please specify) 

6 No party 

7 Australian Democrats 

8 Christian Democratic Party 

9 Citizens Electoral Council 

10 Family First Party 

11 Pauline Hanson's One Nation 

12 Republican Party (replaced by Republican Party of Australia) 

13 Shooters, Fishers and Farmers Party 

14 Fishing Party 

15 United Australia Party (formerly Palmer's United Party) 

16 Katter's Australia Party 

17 Liberal Democrats 

18 Motoring Enthusiasts Party 

19 Australian Sports Party (dissolved in 2015) 

20 Reason Party (formerly The Australian Sex Party) 

21 The Wikileaks Party (dissolved in 2015) 

22 Australian Christians 

23 Derryn Hinch's Justice Party 

24 Centre Alliance (formerly Nick Xenophon Team) 

25 Rise Up Australia 

26 Science Party 

27 Australian Liberty Alliance 

28 Pirate Party 

29 Citizens Electoral Council 

30 Jacquie Lambie Network 

31 Arts Party 

32 Animal Justice Party 

33 Australian Cyclists Party 

34 Health Australia Party 

35 Affordable Housing Party 

36 Australia First Party 

37 Australian Better Families 

38 Australian Conservatives 

39 Australian People's Party 

40 Australian Progressives 

41 Australian Workers Party 

42 Child Protection Party 

43 Climate Action! Immigration Action! Accountable Politicians! 

44 Country Liberals (NT) 

45 Democratic Labour Party 

46 Fraser Anning's Conservative National Party 

47 Help End Marijuana Prohibition (HEMP) Party 

48 Independents For Climate Action Now 

49 Involuntary Medication Objectors (Vaccination/Fluoride) Party 

50 Labour DLP 

51 Liberal National Party of Queensland 

52 Love Australia or Leave 

53 Non-Custodial Parents Party (Equal Parenting) 

54 Secular Party of Australia 

55 Seniors United Party of Australia 
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56 Socialist Alliance 

57 Socialist Equality Party 

58 Sustainable Australia 

59 The Australian Mental Health Party 

60 The Great Australian Party 

61 The Small Business Party 

62 The Together Party 

63 Victorian Socialists 

64 VOTEFLUX.ORG | Upgrade Democracy! 

65 WESTERN AUSTRALIA PARTY 

66 Yellow Vest Australia 

97 Independent 

Q6. Which party did you vote for in the Senate election? 

-99 Refused 

-98 Don't know 

-97 Did not vote 

-96 Not eligible to vote 

1 Liberal 

2 Labor 

3 National 

4 Greens 

5 Other party (please specify) 

6 No party 

7 Australian Democrats 

8 Christian Democratic Party 

9 Citizens Electoral Council 

10 Family First Party 

11 Pauline Hanson's One Nation 

12 Republican Party (replaced by Republican Party of Australia) 

13 Shooters, Fishers and Farmers Party 

14 Fishing Party 

15 United Australia Party (formerly Palmer's United Party) 

16 Katter's Australia Party 

17 Liberal Democrats 

18 Motoring Enthusiasts Party 

19 Australian Sports Party (dissolved in 2015) 

20 Reason Party (formerly The Australian Sex Party) 

21 The Wikileaks Party (dissolved in 2015) 

22 Australian Christians 

23 Derryn Hinch's Justice Party 

24 Centre Alliance (formerly Nick Xenophon Team) 

25 Rise Up Australia 

26 Science Party 

27 Australian Liberty Alliance 

28 Pirate Party 

29 Citizens Electoral Council 

30 Jacquie Lambie Network 

31 Arts Party 

32 Animal Justice Party 

33 Australian Cyclists Party 

34 Health Australia Party 

35 Affordable Housing Party 

36 Australia First Party 
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37 Australian Better Families 

38 Australian Conservatives 

39 Australian People's Party 

40 Australian Progressives 

41 Australian Workers Party 

42 Child Protection Party 

43 Climate Action! Immigration Action! Accountable Politicians! 

44 Country Liberals (NT) 

45 Democratic Labour Party 

46 Fraser Anning's Conservative National Party 

47 Help End Marijuana Prohibition (HEMP) Party 

48 Independents For Climate Action Now 

49 Involuntary Medication Objectors (Vaccination/Fluoride) Party 

50 Labour DLP 

51 Liberal National Party of Queensland 

52 Love Australia or Leave 

53 Non-Custodial Parents Party (Equal Parenting) 

54 Secular Party of Australia 

55 Seniors United Party of Australia 

56 Socialist Alliance 

57 Socialist Equality Party 

58 Sustainable Australia 

59 The Australian Mental Health Party 

60 The Great Australian Party 

61 The Small Business Party 

62 The Together Party 

63 Victorian Socialists 

64 VOTEFLUX.ORG | Upgrade Democracy! 

65 WESTERN AUSTRALIA PARTY 

66 Yellow Vest Australia 

97 Independent 

Can you please tell me which state or territory you live in? 

1 NSW 

2 VIC 

3 QLD 

4 SA 

5 WA 

6 TAS 

7 NT 

8 ACT 

Capital city / rest of state 

-97 Unable to establish 

1 Capital City 

2 Rest of State 

Capital city / rest of state by state 

-97 Unable to establish 

1 Greater Sydney 

2 Rest of NSW 

3 Greater Melbourne 

4 Rest of Vic. 

5 Greater Brisbane 

6 Rest of Qld 

7 Greater Adelaide 
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8 Rest of SA 

9 Greater Perth 

10 Rest of WA 

11 Greater Hobart 

12 Rest of Tas. 

13 Greater Darwin 

14 Rest of NT 

15 Australian Capital Territory 

Socio-Economic Indexes for Areas [Note: This variable is the respondentôs residence in a 

neighbourhood categorised by presence of extent of local socio-economic disadvantage. I.e., not a 

measure of disadvantage for the respondent, but of their residence in an area with disadvantage.] 

-97 Unable to establish 

1 Quintile 1 - Most disadvantage 

2 Quintile 2 

3 Quintile 3 

4 Quintile 4 

5 Quintile 5 - Least disadvantage 

What is your gender? 

-99 Refused 

-98 Don't know 

-97 Not stated / Unknown 

1 Male 

2 Female 

3 Other 

Age as of 31st July 2019 

Numeric value 

-97 Unknown 

Age group as of 31st July 2019 

-97 Unknown 

1 18-24 years 

2 25-34 years 

3 35-44 years 

4 45-54 years 

5 55-64 years 

6 65-74 years 

7 75 or more years 

Respondent country of birth grouping 

-99 Refused 

-98 Don't know 

-97 Not stated / Unknown 

1 Australian born 

2 Mainly Non-English speaking background 

3 Mainly English speaking background 

Are you an Australian citizen? 

-99 Refused 

-98 Don't know 

-97 Not stated / Unknown 

1 Yes 

2 No 

Do you speak a language other than English at home? 

-99 Refused 

-98 Don't know 

-97 Not stated / Unknown 
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1 Yes 

2 No 

What is the total of all income you usually receive? 

-99 Refused 

-98 Don't know 

-97 Not stated / Unknown 

1 $156,000 or more per year ($3,000 or more per week) 

2 $104,000 to $155,999 per year ($2,000 - $2,999 per week) 

3 $91,000 to $103,999 per year ($1,750 - $1,999 per week) 

4 $78,000 to $90,999 per year ($1,500 - $1,749 per week) 

5 $65,000 to $77,999 per year ($1,250 - $1,499 per week) 

6 $52,000 to $64,999 per year ($1,000 - $1,249 per week) 

7 $41,600 to $51,999 per year ($800 - $999 per week) 

8 $33,800 to $41,599 per year ($650 - $799 per week) 

9 $26,000 - $33,799 per year ($500 - $649 per week) 

10 $20,800 to $25,999 per year ($400 - $499 per week) 

11 $15,600 to $20,799 per year ($300 - $399 per week) 

12 $7,800 to $15,599 per year ($150 - $299 per week) 

13 Less than $7,800 per year ($1 - $149 per week) 

14 Nil  

15 Negative income 

Are you of Aboriginal or Torres Strait Islander origin? 

-99 Refused 

-98 Don't know 

-97 Not stated / Unknown 

1 Yes; Aboriginal 

2 Yes; Torres Strait Islander 

3 Yes; both 

4 No 

Highest educational qualification 

-97 Not stated / Unknown 

1 Postgraduate Degree Level 

2 Graduate Diploma and Graduate Certificate Level 

3 Bachelor Degree Level 

4 Advanced Diploma and Diploma Level 

5 Certificate III & IV Level 

6 Secondary Education - Year 12 

7 Secondary Education - Years 10 and 11 

8 Certificate I & II Level 

9 Secondary Education - Years 9 and below 

 

B: Extended methods: data analysis 
All analyses were performed using R (R Core Team, 2013).  

Descriptive summaries of response variables 
First, responses to each question were summarised into descriptive tables (SM Tables 3 ï 6) and 

charts (SM Figures 15 ï18). An example of the development of these descriptives is presented in SM 

Box 1.  
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SM Box 1: Example of preparation of descriptive summaries of each variable.  
#### Descriptives ANU Q1 ####  

#How important for Australia to reduce GHG emissions to limit future climate 

change?  

 

# Extremely important (1)  

ghg.eximp < -  length(which(dat$ANU_Q1 == 1))  

ghg.eximp.p < -  (ghg.eximp / len gth(dat$ANU_Q1)) * 100  

# Important (2)  

ghg.imp < -  length(which(dat$ANU_Q1 == 2))  

ghg.imp.p < -  (ghg.imp / length(dat$ANU_Q1)) * 100  

# Unimportant (3)  

ghg.unimp < -  length(which(dat$ANU_Q1 ==3))  

ghg.unimp.p < -  (ghg.unimp / length(dat$ANU_Q1)) * 100  

# Extremel y unimportant (4)  

ghg.exunimp < -  length(which(dat$ANU_Q1 ==4))  

ghg.exunimp.p < -  (ghg.exunimp / length(dat$ANU_Q1)) * 100  

# Don't know / not sure (98)  

ghg.dk < -  length(which(dat$ANU_Q1 == 98))  

ghg.dk.p < -  (ghg.dk / length(dat$ANU_Q1)) * 100  

# Refused / pref er not to say (99)  

ghg.ref < -  length(which(dat$ANU_Q1 == 99))  

ghg.ref.p < -  (ghg.ref / length(dat$ANU_Q1)) * 100  

 

# Combined important  

ghg.imp.all < -  ghg.eximp + ghg.imp  

ghg.imp.all.p < -  (ghg.imp.all / length(dat$ANU_Q1)) * 100  

 

#Combined unimportant  

ghg.u nimp.all < -  ghg.unimp + ghg.exunimp  

ghg.unimp.all.p < -  (ghg.unimp.all / length(dat$ANU_Q1)) * 100  

 

### Plot Q1 -  importance of GHG reduction  

## Create data frame to hold summarised data from which to build plots  

 

# 4 cateogies (i.e. not aggregated)  

ghg.imp .df=data.frame(Opinion=c("Extremely important", "Important", 

"Unimportant", "Extremely unimportant"), Count=c(ghg.eximp, ghg.imp, ghg.unimp, 

ghg.exunimp))  

ghg.imp.df$Opinion < -  factor(ghg.imp.df$Opinion, levels = c("Extremely 

important", "Important", "Unim portant", "Extremely unimportant"), ordered=TRUE)  

 

ghg.imp.p.df=data.frame(Opinion=c("Extremely important", "Important", 

"Unimportant", "Extremely unimportant"), Percent=c(ghg.eximp.p, ghg.imp.p, 

ghg.unimp.p, ghg.exunimp.p))  

ghg.imp.p.df$Opinion < -  factor( ghg.imp.p.df$Opinion, levels = c("Extremely 

important", "Important", "Unimportant", "Extremely unimportant"), ordered=TRUE)  

 

# 2 categories (i.e. aggregated)  

ghg.imp.all.df=data.frame(Opinion=c("All important", "All Unimportant"), 

Count=c(ghg.imp.all, ghg. unimp.all))  

ghg.imp.all.df$Opinion < -  factor(ghg.imp.all.df$Opinion, levels = c("All 

important", "All Unimportant"), ordered=TRUE)  

 

ghg.imp.all.p.df=data.frame(Opinion=c("All important", "All Unimportant"), 

Percent=c(ghg.imp.all.p, ghg.unimp.all.p))  

ghg.im p.all.p.df$Opinion < -  factor(ghg.imp.all.p.df$Opinion, levels = c("All 

important", "All Unimportant"), ordered=TRUE)  

 

 

# Create bar plot -  counts -  4 cats  

ghg.imp.barplot < -  ggplot(ghg.imp.df, aes(x=Opinion, y=Count, fill=Opinion)) + 

geom_bar(stat = "ident ity") +  

  scale_fill_viridis_d() +  

  theme(axis.text.x=element_text(angle=45, hjust=1)) +  

  theme(legend.position = "none") +  

  coord_cartesian(ylim=c(0, 1500)) +  

  labs(x = "Opinion", y = "Count") +  
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  theme(axis.line = element_line(colour = "black"),  

        panel.grid.major = element_blank(),  

        panel.grid.minor = element_blank(),  

        panel.background = element_blank())  

 

# Create bar plot -  counts -  2 cats  

ghg.imp.all.barplot < -  ggplot(ghg.imp.all.df, aes(x=Opinion, y=Count, 

fill=Opinion)) + geo m_bar(stat = "identity") +  

  scale_fill_viridis_d() +  

  theme(axis.text.x=element_text(angle=45, hjust=1)) +  

  theme(legend.position = "none") +  

  coord_cartesian(ylim=c(0, 1500)) +  

  labs(x = "Opinion", y = "Count") +  

  theme(axis.line = element_line(col our = "black"),  

        panel.grid.major = element_blank(),  

        panel.grid.minor = element_blank(),  

        panel.background = element_blank())  

 

# Create bar plot -  percentages -  4 cats  

ghg.imp.p.barplot < -  ggplot(ghg.imp.p.df, aes(x=Opinion, y=Percent , 

fill=Opinion)) + geom_bar(stat = "identity") +  

  scale_fill_viridis_d() +  

  theme(axis.text.x=element_text(angle=45, hjust=1)) +  

  theme(legend.position = "none") +  

  coord_cartesian(ylim=c(0, 100)) +  

  labs(x = "Importance of Australia reducing greenho use gas emissions", y = 

"Percent") +  

  theme(axis.line = element_line(colour = "black"),  

        panel.grid.major = element_blank(),  

        panel.grid.minor = element_blank(),  

        panel.background = element_blank())  

 

# Create bar plot -  percentages -  2 cats  

ghg.imp.all.p.barplot < -  ggplot(ghg.imp.all.p.df, aes(x=Opinion, y=Percent, 

fill=Opinion)) + geom_bar(stat = "identity") +  

  scale_fill_viridis_d() +  

  theme(axis.text.x=element_text(angle=45, hjust=1)) +  

  theme(legend.position = "none") +  

  coord_ cartesian(ylim=c(0, 100)) +  

  labs(x = "Opinion", y = "Percent") +  

  theme(axis.line = element_line(colour = "black"),  

        panel.grid.major = element_blank(),  

        panel.grid.minor = element_blank(),  

        panel.background = element_blank())  

 

Ordinal logistic regression on ordinal dependent variables (Qs 1, 3, 4) 
Next, ordinal logistic regression (OLR) was conducted on all ordinal questions (Qs 1, 3, 4) using plor 

in the MASS package. Ordinal logistic regression is an approach for analysing ordinal data that neither 

assumes equal intervals (as in the case of using standard parametric analyses for Likert-type data) nor 

treats the ordered categories simply as categories (as in the case of using more common analysis 

techniques such as ANOVA or chi-squared test of independence). Accordingly, it is the correct 

analysis to use for data such as ours, which contain valuable information both with regard to the 

differences in magnitude between the categories, and the order of the categories (Liddell and 

Kruschke, 2018). For example, OLR has been applied extensively by Tranterôs research on climate 

opinion in Australia (Tranter, 2011; Tranter, 2013; Tranter, 2014; Tranter and Booth, 2015; Tranter, 

2017; Tranter, 2019; Tranter and Foxwell-Norton, 2020; Tranter et al., 2020).   

The OLR produces two key output values of interest, the odds ratio and its p-value. First, the odds 

ratio is a value that describes a) the extent to which an increase in a continuous independent variable 

predicts an increase in a dependent variable, or b) whether the difference between a baseline category 

of a categorical independent variable and another category of that same categorical variable predicts 
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an increase in the dependent variable. The p-value relates to a null hypothesis in which the odds ratio 

is equal to 1 (in other words, the null hypothesis tells us there is no relationship between the 

variables).  

The OLR can be used with both continuous and categorical independent variables, however the nature 

of interpretation differs between the two data types. Dependent variables are always ordinal.  

For continuous independent variables, the odds ratio describes the odds of an increase in the 

dependent variable based on a one unit increase in the independent variable. For example, if the 

independent continuous variable is age measured in units of 1 year, then an odds ratio of 1.1 indicates 

that the dependent variable is 1.1 times more likely to be a higher value for each additional 1 year of 

age. Multiple unit increases in the continuous independent variable therefore can be measured by 

taking the odds ratio to the power of the number of intervals. So, again using the age example, an 

odds ratio of 1.1 for a 1 year unit increase can be taken to the power of 10 to identify the odds ratio of 

an increase in the dependent variable based on a 10 year increase in age (OR1 year 1.1 ^ 10 = OR10 years 

2.54).  

For categorical independent variables, the odds ratio describes the odds of an increase in the 

dependent variable based on the difference between a baseline category and the category of 

comparison. All categorical independent variables therefore have one category selected as the 

baseline, and all other categories are compared against this baseline. For example, if ómaleô is selected 

as the default category in a case where gender is represented as binary, then the odds ratio will 

indicate the likelihood of an increase in the dependent variable based on the difference between 

females compared to males (e.g. ORfemale = 2.5 indicates females are 2.5 times more likely than males 

to provide a higher response on the dependent variable). In a case where gender is represented as 

more than two categories and male is selected as the baseline category, then all other categories (e.g. 

female, non-binary, intersex) are compared to male. Each non-male category therefore has its own 

odds ratio comparing that category to the male, baseline category. In treatment-control experiments, 

the baseline will be the control against which the treatment is compared. In observational studies, such 

as the present research, the baseline will be whichever category is listed first in the variable. However, 

whenever possible the baseline should ideally be selected according to theoretical logic. OLR with 

categorical independent variables can be repeated with different baselines, producing odds ratios of 

differing values due to the changing baseline for comparison. However, although the odds ratios may 

change, the absolute differences will remain constant. As a result, especially when a baseline variable 

must be selected somewhat arbitrarily, it is necessary to emphasise the comparison between the 

categories in interpretation of the data (i.e. ORfemales 2.5 compared to male baseline), rather than 

presenting the odds ratio as a value out of its comparative context.  

We ran the OLR analysis in two stages (following Park et al., 2015). First, a series of univariate 

analyses for each dependent variable, and second, a combined, multivariate analysis: 

¶ Univariate analyses examined each independent variable for its predictive value on each of 

the dependent variables taking no account for the influence of other independent variables 

(i.e. without the presence of the other variables). 

¶ Multivariate analysis then selected all independent variables that were significant under 

univariate analysis and built a multivariate model to examine the significance of each of these 

independent variables in the presence of each other. The multivariate analysis explains what 

are the most influential independent variables on the dependent variable, taking into account 

covariance between the multiple independent variables. The independent variables that were 

significant under univariate analysis but no longer significant under multivariate analysis are 

explained by high covariance between the independent variables, with the multivariate model 

retaining significance of only the most influential of the independent variables with 

covariance.  
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To prepare the data for OLR analysis, we first converted the responses into ordinal, categorical, or 

continuous variables. In OLR, dependent variables can be ordinal, but independent variables must be 

categorical or continuous. For each ordinal variable, we converted the response data to ordered 

factors. For each non-ordinal categorical variable, we converted the response data to named 

categories. For continuous variables, we converted the data to numeric values. We treated three 

ordinal independent variables as continuous, rather than categorical, in the analysis (SEIFA (social 

disadvantage index), 5 levels; income, 15 levels; education, 9 levels) as this proved more useful than 

treating the variables as un-ordered categories. But, we recognise this creates limitations in terms of 

treating ordinal variables as interval data. In our view, this was the most useful compromise given 

OLR cannot accommodate ordinal independent variables. For all question types, we changed non-

ordered response values to NA and excluded them from the analysis (e.g. refused to answer, donôt 

know, response values with too few responses for inclusion in the analysis). Example of data 

conversion for OLR is presented in SM Box 2.  

SM Box 2: Example of data conversion for OLR, for both SEIFA (social disadvantage index) & 

climate Q1 (importance of GHG reductions).  
levels(dat$p_s eifa_m)[levels(dat$p_seifa_m)== - 97] < -   NA  

levels(dat$p_seifa_m)[levels(dat$p_seifa_m)==1] < -  "Q1"  

levels(dat$p_seifa_m)[levels(dat$p_seifa_m)==2] < -  "Q2"  

levels(dat$p_seifa_m)[levels(dat$p_seifa_m)==3] < -  "Q3"  

levels(dat$p_seifa_m)[levels(dat$p_seifa_m) ==4] < -  "Q4"  

levels(dat$p_seifa_m)[levels(dat$p_seifa_m)==5] < -  "Q5"  

dat$p_seifa_m < -  factor(dat$p_seifa_m, levels = c("Q5","Q4","Q3","Q2","Q1"), 

ordered=TRUE)  

 

dat$ANU_Q1_m < -  as.factor (dat$ANU_Q1)  

levels(dat$ANU_Q1_m)[levels(dat$ANU_Q1_m)== - 98] < -  NA 

le vels(dat$ANU_Q1_m)[levels(dat$ANU_Q1_m)== - 99] < -  NA 

levels(dat$ANU_Q1_m)[levels(dat$ANU_Q1_m)==1] < -  "Extremely important"  

levels(dat$ANU_Q1_m)[levels(dat$ANU_Q1_m)==2] < -  "Important"  

levels(dat$ANU_Q1_m)[levels(dat$ANU_Q1_m)==3] < -  "Unimportant"  

levels(da t$ANU_Q1_m)[levels(dat$ANU_Q1_m)==4] < -  "Extremely unimportant"  

# Order such that higher values = more importance for GHG reduction (more 

intuituve interpretation)  

dat$ANU_Q1_m < -  factor(dat$ANU_Q1_m, levels = c("Extremely unimportant",  

"Unimportant", "Imp ortant", "Extremely important"), ordered=TRUE)  

  

Our OLR analyses used the following independent variables: 

¶ SEIFA (social disadvantage): continuous (most disadvantage Ÿ least disadvantage) 

¶ Income: continuous (least income Ÿ most income) 

¶ Age: continuous (youngest Ÿ oldest) 

¶ Education: continuous (least education Ÿ most education) 

¶ Gender: categorical (male, female) 

¶ State of residence: categorical (NSW, VIC, QLD, SA, WA, TAS, NT, ACT) 

¶ Residence in capital city v. regional area: categorical (Capital city, rest of state) 

¶ Country of birth: categorical (Australian born, mainly non-English speaking background, 

mainly English speaking background) 

¶ Main language spoken at home: categorical (English only, language other than English) 

¶ First preference in the House of Representatives at the May 2019 federal election: categorical 

(Liberal Party, Australian Labor Party, The Greens, Liberal-National party (QLD only), The 

Nationals)  

To recap, for continuous independent variables, OLR provides a result that indicates the impact of a 

one unit increase in the independent variable on the likelihood of an increase in the ordinal categories 

of the dependent variable. For categorical independent variables, OLR provides a visually similar 




