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How do the perceived attributes of low-carbon innovations differ 

between early adopters and non-adopters?   

 

1. Introduction 

 

An innovation may be seen as an idea, practice, or object perceived as new by an 

individual (Rogers 2003). However, the rate of adoption for innovations can vary for 

different innovations and the perception of an individual choosing to adopt them. The rate of 

adoption of an innovation can be explained as the relative speed with which an innovation 

is adopted by members of a social system (Rogers 2003). This rate of adoption of 

innovations may be determined by multiple variables such as communication channels or 

the nature of the social system, however the five perceived attributes of innovations that 

have been found to explain about half of the variance in innovations’ rates of adoption are 

relative advantage, compatibility, complexity, trialability, and observability (Rogers 2003).  

 

According to Rogers (2003), it is the individuals’ perception of an innovation, not the 

objective classification of attributes by experts or change agents that have the largest 

impact on its rate of adoption. The five attributes are derived from past research and are 

conceptually distinct, allowing maximum generality and succinctness. In short, innovations 

with greater perceived relative advantage, compatibility, trialability, and observability and 

less complexity will be adopted more rapidly than other innovations (Rogers 2003). 

 

With the ratification of the Paris Agreement on climate change in 2016, governments 

worldwide are making a coordinated effort towards decarbonizing their economies to curb 

the effects of the changing climate. To keep the global average temperature below 2°C 

above pre-industrial levels, global annual greenhouse gas emissions will need to be 

reduced by 85% by 2050 (IPCC 2014). One of the many efforts to address climate change 

are low carbon innovations, which suggest changes in the ways people produce and use 

energy, move around, eat, build their cities, and integrate information technologies into their 

daily lives. This study will look at 16 innovations within the four domains of mobility, food, 

homes and energy of low carbon innovations, distinguishing between early adopters and 

non-adopters, and analysing the perceived attributes of these low carbon innovations 

between the two categories. The low carbon innovations identified in the study currently 

have very low market shares, however, they also have large climate change mitigation 

potential if implemented at scale (Wilson et al. 2018). 
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2. Background  

 

2.1.      Diffusion of Innovations theory 

Rogers (2003) explains innovativeness as the degree to which individuals are relatively 

earlier in adopting new ideas than other members of a system. The factors which contribute 

to innovativeness, or early adoption of ideas, can be socioeconomic status, leadership, 

education, or use of mass media channels and interpersonal communication channels. 

Hence, Rogers (2003) used five adopter categories to distinguish the classifications of 

members of a social system based on their innovativeness, which include: innovators, early 

adopters, early majority, late majority, and laggards. For this study, two categories of early 

adopter and non-adopters will be used. Rogers (2003) describes early adopters as the 

category with the highest degree of opinion leadership, interest in novelty, and a role model 

for many members of the social system. Upon adopting an innovation, early adopters can 

help trigger the critical mass, and potential adopters tend to look to early adopters for 

advice about a potential innovation. Hence, in theory, the early adopter and non-adopter 

categories are very distinct and contrasting as early adopters tend to show more leadership 

of opinion and innovativeness, are more environmentally minded and usually of higher 

status. 

 

2.2. Key attributes 

Moreover, to better understand the definitions of the perceived attributes of innovations, 

which may explain from 49 to 87 per cent of variance in the adoption of innovations, Rogers 

(2003) described them as: 

 

Relative advantage- the degree to which an innovation is perceived as better than the idea 

it replaces. The nature of the innovation determines what specific type of relative advantage 

is important to adopters (2003: 229). 

Compatibility- the degree to which an innovation is perceived as consistent with the existing 

values, past experiences, and needs of potential adopters. An innovation can be compatible 

with sociocultural values and beliefs, previously introduced ideas, and/or client needs for 

the innovation (2003: 240). 

Complexity- the degree to which an innovation is perceived as difficult to understand and 

use. Some innovations are clear in their meaning to potential adopters while others are not 

(2003: 257). 

Trialability- the degree to which an innovation may be experimented with on a limited basis. 

A trialable innovation represents less uncertainty to the individual who is considering it for 

adoption (2003: 258). 

Observability- the degree to which the results of an innovation are visible to others. Some 

ideas are easily observed and communicated to other people, whereas other innovations 

are difficult to observe or to describe to others (2003: 258).  
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2.3. Potential of climate change mitigation 

To limit global warming to below 2°C above pre-industrial levels, or to pursue efforts to the 

limit of 1.5°C set by the Paris Agreement, a transformation of the global energy system is 

required. Within the more restrictive 1.5°C emissions budget, the energy end-use is 

emphasized, as within the 2°C scenarios, by mid-century, almost all freely emitting fossil 

fuel installations are expected to be fully eliminated from the power system (Wilson et al. 

2018). Energy end-use is known as the energy directly consumed by the user. Hence, the 

focus then switches to reducing activity levels and changing the structure of mix of activities 

towards less energy-intensive alternatives (e.g. from driving private vehicles to cycling and 

walking), which low carbon innovations offer (Wilson et al. 2018). 

 

2.4. Low-carbon innovations  

Low carbon innovations can be defined as technological and business model innovations 

which offer novel attributes and value to consumers and which can reduce greenhouse gas 

emissions if adopted at scale (Wilson et al. 2018). 99 potentially disruptive low-carbon 

innovations were identified in a study by Wilson et al. 2018, relating to mobility, food, 

buildings and cities, and energy supply and distribution. Of the potential 99 innovations, 16 

were adopted in this study within four domains and are summarised in Table 1. Each 

domain is also characterised by a mainstream activity to which the innovations offer an 

alternative. 

 

In this study I look at the extent to which early adopters are different from non-adopters in 

terms of their situational and socio-economic characteristics in addition to the perceived 

attributes. 

 

 

 

3. Methods 

 

This study uses data from SILCI, a research team based in the Tyndall Centre for Climate 

Change Research at the University of East Anglia. The survey data used (n=240) is a 

smaller part of the larger data set (n=2500) gathered prior to the full data and is 

representative of the adult population of the United Kingdom. All statistical analyses were 

done in IBM SPSS v25.  

 

Table 1. 16 low-carbon innovations across four domains used in the survey, with each domain 

containing a mainstream alternative activity. 

Domains  Innovations  Mainstream  

 

 

 

Transport 

 

 

 

T1 Car clubs T0 Owning a car which runs on 

petrol or diesel T2 Peer to peer car-sharing 

T3 Ride-sharing 

T4 Shared taxis 

T5 Mobility-as-a-service 

T6 Electric vehicles 

T7 Electric bikes 
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Food 

F1 Digital hubs for local food F0 Doing a weekly food shop in a 

supermarket (in store or online) F2 Meal kit deliveries 

F3 11th hour food apps 

 

Homes 

H1 Smart heating systems H0 Controlling devices in the home 

manually or through pre-set 

schedules 

H2 Smart lighting systems 

H3 Smart home appliances 

 

Energy 

E1 Domestic electricity generation 

with storage 

E0 Generating electricity at home 

and exporting any surplus to the 

grid  E2 Peer to peer electricity trading 

E3 Electric vehicle-to-grid 

 

 

3.1.  Research questions and hypotheses 

This study will apply concepts from Rogers’ Diffusion of Innovations (2003) theory to the 

adoption of low carbon innovations by answering four research questions: 

 

1. What are the appealing attributes of low carbon innovations? 

2. To what extent do these differ between early adopters and non-adopters? 

3. To what extent do these differ between industry sectors? 

4. How important are innovation attributes compared to other socio-economic and 

situational factors? 

 

The appealing attributes are tested through comparing mean scores of perceived attributes 

in Table 3. Mean scores of perceived attributes are used to answer the following 

hypotheses: 

 

H1. The appealing attributes of low-carbon innovations are relative advantage, trialability, 

and compatibility. 

 

Moreover, the differences in scores of perceived attributes of early adopters and non-

adopters are analysed using t-tests. The t-tests compare the means of attribute scores of 

non-adopters and adopters of transport, food and homes innovations to test if they are 

significantly different or not. T-tests are used to answer both RQ2 and RQ3 by answering 

the following hypotheses: 

 

H2. Early adopters will perceive low-carbon innovations as having higher relative advantage 

than will non-adopters. 

H3. Non-adopters will perceive low-carbon innovations as more complex than will early 

adopters. 

H4. Early adopters will perceive low-carbon innovations as more trialable than will non-

adopters. 

H5. Early adopters will perceive higher compatibility in low-carbon innovations than will non-

adopters.  
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To answer RQ4, logistic regression is used. Logistic regression looks at different models of 

attributes, socio-economic and situational factors to explain variability in the models to 

answer the following hypothesis: 

 

H6. Innovation attributes are more important than socio-economic and situational factors in 

increasing the likeliness of being an early adopter versus being a non-adopter. 

 

3.2. Innovation adopter and non-adopter data 

Within the online questionnaire, respondents were asked about their experience with all of 

sixteen innovations shown in Table 1. Dependent on their responses, they were classified 

into adopter or non-adopter groups of one specific innovation. Due to very low sample 

numbers of each innovation, variable QSCENARIOFINAL_RECODE was created to allow 

for easier distinction of the adopter and non-adopter groups within the four domains of 

transport, food, homes, and energy (Table 2). 

 

3.3. Socio-economic and situational data 

The situational and socio-economic variables for education, age, residential area, 

employment status, home owner, and household income were coded as dummy variables 

for easier interpretation. Dummy variable education was created to distinguish whether 

respondents have a university degree or not (1= bachelor’s degree education or above, 2= 

below bachelor’s degree education). As generalized by Rogers (2003), early adopters tend 

to have more education than late knowers or non-adopters. Residential area was coded as 

urban or rural (1=urban, 2=rural) for a distinction of urban and rural area responses. 

Household income was also recoded into two groups (1= below £25.000, 2=above £25.000). 

Ordinal variable age was recoded to contain three large age groups, as certain age groups, 

such as ’18-24’ or ‘75+’, had an insufficient sized sample in the original dataset. Variable 

employment was also recoded to contain fewer groups. Variable Household size was 

unchanged and used as a scale variable from the dataset. Socio-economic and situational 

variables, along with descriptive statistics, are shown in Table 4.  

 

In order to more easily interpret the Model 2 logistic regression, socio-economic variables 

age, and employment were recoded into the following binary variables: Age 18-34 (1= yes, 

0= no), Age 35-54 (1= yes, 0= no), Age 55+ (1= yes, 0= no), Full-time or self-employed (1= 

yes, 0= no). Chi2 test results suggested that younger people tend to be adopters of low-

carbon innovations more often. However, due to a small sample size of the younger age 

category ’18-24’, which was insufficient for reliable results of the logistic regression, three 

larger age groups are used. The group Aged 55+ was used as a reference category for age. 

 

4. Results  

 

4.1. Descriptive statistics 

 

Table 2 shows the distribution of the actual data collected across the various innovations. 

 

Table 2. Adopters and non-adopters within four domains of low-carbon innovations.  
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QSCENARIOFINAL_RECODE 

Transport adopter (T1-T7) 32 (13.3%) 

Transport non-adopter (T1-T7) 70 (29.2%) 

Food adopter (F1-F3) 13 (5.4%) 

Food non-adopter (F1-F3) 27 (11.3%) 

Homes adopter (H1-H3) 24 (10.0%) 

Homes non-adopter (H1-H3) 34 (14.2%) 

Energy adopter (E1-E3) 9 (3.8%) 

Energy non-adopter (E1-E3) 1 (0.4%) 

Mainstream (T0, F0, H0, E0) 30 (12.5%) 

 

The collected sample was the largest for the transport domain which contained seven low-

carbon transport innovations in the survey, with 32 adopters and 70 non-adopters. The 

other two domains which contained a sufficient sample size were food and homes, which 

both consisted of three low-carbon innovations each. The energy domain was not included 

in further analyses due to insufficient sample size. The mainstream alternative activities to 

each domain were also not included in further statistical analyses.  

  

Table 3 shows the mean scores for all respondents (EAs and non-EAs) across all the 

survey questions related to Rogers’ (2003) attributes. Responses were measured on a five-

point Likert scale where 1=strongly disagree and 5=strongly agree. 

 

Table 3. Likert scale questions on the perceived attributes of low-carbon innovations, including 

mean scores and standard deviations.  

Main attributes  Questions used in the survey 

relevant to main attributes 

Mean score Standard deviation 

Relative 

advantage 

Using them is better than other 

available options 

3.03 (n= 218) 1.212 

Using them provides choice 3.25 (n= 215) 1.112 

Using them makes things 

controllable 

3.21 (n= 222) 1.178 

Using them helps save money 3.27 (n= 211) 1.240 

Using them is too expensive 3.04 (n= 200) 1.160 

Using them makes a good 

impression 

3.11 (n= 217) 1.149 

Complexity Using them takes effort 3.05 (n= 219) 1.205 

Observability It's easy to know who else is 

using them 

2.78 (n= 193) 1.183 

Trialability It's possible to use them on a 

trial basis before needing to 

commit 

3.28 (n=181) 1.243 

Compatibility Using them is compatible with 

my daily life 

2.94 (n= 218) 1.287 

Using them fits well with my 

values and beliefs 

3.17 (n= 224) 1.235 
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The mean scores of perceived attributes in Table 3 are used to compare the appealing 

attributes of low-carbon innovations. A higher mean score of a perceived attribute suggests 

an attribute of a specific innovation is appealing, while a lower mean score suggests the 

attribute of an innovation is less appealing. Within relative advantage higher mean scores 

for choice, controllability and saving money suggest these are important. The highest mean 

scores across all attributes is trialability.  

 

The standard deviations, which explain the likely accuracy of the findings, suggest that 

there is quite a lot of variation around the mean.  The high standard deviations are most 

likely caused by (a) the survey design, in which responses reflect opinions across different 

sectors; (b) responses including both EAs and non-EAs and these are likely to differ 

(adopter scores generally being higher and non-adopter scores being lower); (c) a small 

sample size.   

 

Table 4. The situational and socio-economic characteristics of early adopters and non-adopters of 

low carbon innovations.  

Socio-economic variables 

Gender Female 

Male 

133 (55.4%) 

107 (44.6%) 

Education Degree education or above 

Below degree education 

82 (34.2%) 

156 (65%) 

Age 18-34 

35-54 

55+ 

52 (21.7%) 

94 (39.2%) 

94 (39.2%) 

Income Below £25.000  

£25.000 and above 

60 (25%) 

167 (69.6%) 

Employment status Full-time or self-employed 

Other (part-time, unemployed, 

retired, looking after family, or 

student) 

101 (42.1%) 

139 (57.9%) 

Household size 1 

2 

3 

4 

5 

6 

51 (21.3%) 

85 (35.4%) 

41 (17.1%) 

32 (13.3%) 

13 (5.4%) 

3 (1.3%)  

Situational variables 

Urban or rural area Urban 

Rural 

132 (55%) 

107 (44.6%) 

Home owner No 

Yes 

93 (38.8%) 

146 (60.8%) 

 

4.2. Key differences between early adopters and non-adopters  

For the adopter and non-adopter groups of each domain (transport, food and homes), we 

run t-tests to distinguish the differences in perceived attributes of the two groups. Since the 

sample size of adopters and non-adopters of energy innovations (Table 2) was insufficient, 

no t-tests were run for the category.   
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Table 5. T-test results for transport (T), food (F), and homes (H) adopter and non-adopter groups vs. 

perceived attributes.  

Main 

attributes 

Variable Domain t-value df p-value  

 

 

 

 

 

 

 

Relative 

Advantage 

Using them is better than 

other available options 

T 2.979 78.652 0.0038* 

F 1.806 36 0.0793 

H 2.469 47 0.0172* 

Using them provides 

choice 

T 2.134 90 0.0356* 

F 1.488 36 0.1455 

H 2.584 47 0.0129* 

Using them makes 

things controllable 

T 2.547 78.570 0.0128* 

F 2.079 35 0.0450* 

H 3.128 52 0.0029* 

Using them helps save 

money 

T 1.268 83 0.2083 

F 0.711 37 0.4457 

H 1.338 47 0.1872 

Using them is too 

expensive 

T -3.642 79 0.0005* 

F -0.208 35 0.8361 

H -2.004 43 0.0514* 

Using them makes a 

good impression 

T 0.348 90 0.7286 

F 2.226 34 0.0327* 

H 2.658 48 0.0107* 

 

Complexity 

Using them takes effort T -2.631 93 0.0100* 

F 0.749 36 0.4588 

H -0.751 46 0.4565 

 

Observability 

It's easy to know who 

else is using them 

T 1.639 74.889 0.1055 

F -0.228 30 0.8212 

H -0.293 43 0.7710 

 

Trialability 

It's possible to use them 

on a trial basis before 

needing to commit 

T 0.011 70 0.9910 

F 2.213 31.731 0.0342* 

H -2.149 38 0.0380* 

 

 

Compatibility 

Using them is 

compatible with my daily 

life 

T 3.989 66.854 0.0002* 

F 2.938 34.453 0.0059* 

H 3.338 50 0.0016* 

Using them fits well with 

my values and beliefs 

T 1.576 91 0.1185 

F 2.396 36.073 0.0219* 

H 3.870 52 0.0003* 

* = significant at the 0.05 level 

 

Key findings of the t-tests in Table 5: 

• Adopters of transport, food, and homes innovations generally perceive more 

attractive attributes than non-adopters, exceptions being reverse score attribute 

questions using them is too expensive and using them takes effort. 
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• The most appealing attributes to early adopters of transport, food and homes low-

carbon innovations are relative advantage, compatibility, and trialability.  

• While innovations of transport and homes were perceived as being significantly more 

expensive for non-adopters compared to adopters (pT=0.0005, pH=0.0514), neither 

of the three domains showed significant differences between adopters and non-

adopters in helping them save money (p>0.05). Essentially very similar questions, 

one being reverse scored (too expensive), show very different results. 

• There were no significant differences of observability scores between early adopters 

and non-adopters across all three domains. The reason for this might be that the 

sixteen low carbon innovations used in the survey are difficult to observe or to 

describe to others. 

• Non-adopters of transport perceived significantly higher complexity of the low-carbon 

innovations compared to early adopters (p=0.010). 

 

Relative advantage attributes are generally more important to early adopters rather than 

non-adopters. This is shown across three domains: out of six attributes of relative 

advantage, four were significantly more appealing to early adopters than non-adopters in 

the transport domain, two in the food, and four in the homes domains. T-test results also 

show that the relative advantage of using low carbon innovations for making things 

controllable is statistically significantly higher for early adopters than for non-adopters 

across all three domains (pT=0.0128; pF=0.0450; pH=0.0029). 

 

Negative t-values in Table 5 show results where mean attribute scores of non-adopters 

were higher than those of early adopters. Two attribute questions, using them is too 

expensive and using them takes effort, were reverse scored, essentially meaning that they 

were negatively worded. These two attributes, therefore, contain negative t-values. Another 

attribute that shows negative t-values in the t-test is observability, which can be explained 

due to the low visibility of the food and homes domains, making adopters perceive them as 

less observable than the non-adopters, perhaps due to a better understanding of the 

technology. The transport domain scored a higher t-value, however insufficient to 

distinguish that adopters of transport innovations perceived them as more observable in 

comparison to non-adopters at the 0.05 significance level.  

 

Compatibility attributes seem to be more important to early adopters rather than non-

adopters across all domains. Out of the six t-tests that were run for compatibility attributes, 

five of them show significantly higher appeal for adopters compared to non-adopters for 

transport, food and homes domains. This might be explained by early-adopters being more 

environmentally-minded and more conscious of the dangers of climate change.  

 

4.3. Logistic regression  

Only the domain of transport which includes a sufficient sample size (adopter n=32, non-

adopter n=70) was further used in the logistic regression models. Exp(B) values in the 

models show the odds ratios, which explain how a specific variable increases or decreases 

the likeliness of being an early adopter. Moreover, the Pseudo R2 values account for the 
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variance of being an early adopter versus being a non-adopter. The higher the Pseudo R2, 

the more variability explained, and the better the model. 

 

Model 1 of logistic regression looks at the six significantly different variable attributes within 

the adopter and non-adopter categories identified using the t-tests (Table 5), relating to 

relative advantage, compatibility, and complexity. The ordering of the stepwise models is 

determined by the size of effects, with the first variable (‘expense’) showing the biggest 

effect, and the last variable (‘choice’) showing the smallest effect.  

 

Table 6.1. Differences in the perceptions of attribute importance for early adopters and non-

adopters of mobility innovations; Model 1. 

 Model 1a Model 1b Model 1c Model 1d Model 1e Model 1f 

Variables  Exp(B) p-

value 

 Exp(B) p-

value 

Exp(B) p-

value 

Exp(B) p-

value 

Exp(B) p-

value 

Exp(B) p-

value 

Using them 

is too 

expensive 

(‘expense’) 

0.402 0.005* 0.327 0.002* 0.327 0.002* 0.384 0.015* 0.368  0.013* 0.366 0.014* 

Using them 

is 

compatible 

with my 

daily life 

(‘compat’) 

  2.086 0.007* 2.332 0.027* 2.468 0.018* 2.675 0.017* 2.647 0.018* 

Using them 

is better 

than other 

options 

(‘options) 

    0.844 0.666 0.766 0.514 0.851 0.716 0.837 0.693 

Using them 

takes effort 

(‘effort’) 

      0.705 0.287 0.726 0.336 0.726 0.340 

Using them 

makes 

things 

controllable 

(‘control’) 

        0.775 0.576 0.750 0.545 

Using them 

provides 

choice 

(‘choice’) 

          1.111 0.794 

Pseudo R2 0.134 0.234 0.236 0.249 

 

0.253 0.253 

*= significant at the 0.05 level  

 

Key findings of logistic regression in Table 6.1: 

 

• Across the six stepwise models, controlling for other variables, two attributes 

distinguish adopters from non-adopters of transport innovations, ‘expense’ (p=0.014) 

and ‘compat’ (p=0.018), while the other attributes show no significant difference.  

• The odds of being an early adopter are less if people perceive that mobility 

innovations are expensive to use. Likewise, the odds of being an early adopter are 

increased in people who perceive that mobility innovations are compatible with their 
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daily lives. The odds of being an early adopter are less if people perceive that using 

mobility is better than other options. Similarly, people who perceive that using 

mobility innovations is too expensive have lower odds of being an early adopter. 

However, the odds of being an early adopter are increased in people who perceive 

that using mobility innovations provides choice.  

• Between model 1a and model 1b the coefficient for ‘expensive’ decreases from 

0.402 to 0.327 suggesting there is some overlap between the effect of these two 

attributes (confounding effect) but the sample size is too small to investigate this for 

moderation.   

• As more variables are added in, the model attempts to describe how the effect of a 

predictor variable depends on the level of another predictor variable. The model 1f 

shows how the predictor variables change when considering all six different 

attributes in the model. 

• Pseudo R2 show a consistent stepwise increase, from 13.4% in Model 1a, up to 25.3% 

in Model 1f. Therefore, we can see that adding more attribute variables into the 

model helped explain more variability. 

 

 

Table 6.2. Differences in the socio-economic factor importance for early adopters and non-adopters 

of mobility innovations; Model 2. 

 Model 2a Model 2b Model 2c Model 2d Model 2e Model 2f Model 2g 

Variables Exp 

(B) 

p-

value 

Exp 

(B) 

p-

value 

Exp 

(B) 

p-

value 

Exp 

(B) 

p-

value 

Exp 

(B) 

p-

value 

Exp 

(B) 

p-

value 

Exp 

(B) 

p-

value 

Gender 0.392 0.042* 0.354 0.028* 0.353 0.028* 0.329 0.022* 0.350 0.034* 0.363 0.043* 0.381 0.055* 

Household 

income 

  3.861 0.048* 3.840 0.050* 3.423 0.080 3.395 0.082 3.740 0.066 3.275 0.104 

Education      0.940 0.898 1.006 0.990 1.081 0.877 1.196 0.732 1.268 0.654 

Full-time 

or self-

employed 

      1.489 0.430 1.459 0.457 1.307 0.609 1.256 0.665 

Age 18-34         1.512 0.534 1.953 0.353 1.776 0.435 

Age 35-54           1.677 0.346 1.478 0.493 

Household 

size 

            1.197 0.378 

Pseudo R2 0.044 0.090 0.090 0.096 0.100 0.108 0.115 

*= significant at the 0.05 level 

 

Key findings of logistic regression in Table 6.2: 

• Across the seven stepwise models, controlling for other variables, one socio-

economic factor remains significant – gender (p=0.055). 

• Higher household income is significant for the two stepwise models 2b (p=0.042) and 

2c (p=0.05), however loses its significance as more variables are added into the 

model (final model p=0.104). 

• The models show that men are less likely to be adopters than non-adopters. 

Moreover, people with a higher household income are more likely to be adopters 
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than non-adopters, consistent with the theory. However, the odds of being an early 

adopter are lower than being a non-adopter for people with a degree education, 

which is inconsistent with Rogers’ (2003) theory. When looking at the age variables, 

people in the ’18-34’ category are more likely to be early adopters than non-adopters 

in comparison to the ‘55+’ age group. Likewise, the odds of being an early adopter 

are higher than being a non-adopter in the ’35-54’ age category compared to the 

‘55+’ group.   

• Similarly to Model 1, the Pseudo R2 shows an increase as the model builds however 

smaller than that of Model 1, from 4.4% to 11.5%. This shows that adding socio-

economic variables helps explain the variability in early adopters and improves the 

model. More importantly, it suggests that the attributes explain more of the 

differences between the early adopters and non-adopters of mobility innovations 

than the socio-economics.  

 

 

Table 6.3. Differences in the situational factors for early adopters and non-adopters of mobility 

innovations; Model 3. 

 Model 3a Model 3b 

Variables Exp (B) p-value Exp (B) p-value 

Urban  1.187 0.688 1.232 0.637 

Home owner   0.863 0.741 

Pseudo R2 0.002 0.003 

 

Model 3 is used to determine whether specific situational variables make it more likely for a 

person to be an early adopter or not. As none of the situational variables in the Model 3 

logistic regression show significant relationships for being an early adopter, they are not 

further included in the final Model 4. Further, the situational factors explain only 0.3% of 

variability (Pseudo R2). 

 

Model 4 incorporates the variables from Models 1-3 that showed a significant relationship in 

the final models between the variables and being an early adopter –too expensive, 

compatible with my daily life, and gender.  

 

Table 6.4. Differences in the perceptions of attribute importance, socio-economic and situational 

factors for early adopters and non-adopters of mobility innovations; Model 4.  

 Model 4a Model 4b Model 4c 

Variables Exp (B) p-value Exp (B) p-value Exp (B) p-value 

Using them is 

too expensive 

(‘expense’) 

0.368 0.001* 0.312 0.001* 0.317 0.001* 

Using them is 

compatible with 

my daily life 

(‘compat’) 

  2.035 0.007* 2.063 0.007* 

Gender     0.525 0.247 

Pseudo R2 0.157 0.244 0.257 

*= significant at the 0.05 level 
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Key findings of logistic regression in Table 6.4:  

• Consistent with the results of Model 1, across the three stepwise models, two 

attributes remain significant, ‘expense’ (p=0.001) and ‘compat’ (p=0.007). The 

relationship between gender and being an early adopter is not significant in Model 4c. 

Therefore, relative advantage and compatibility distinguish early adopters from non-

adopters for transport innovations when controlling for all variables in Model 4. 

• Also consistent with the results from previous models, the Pseudo R2 increases 

throughout the model, showing the highest number of variability across all four 

models, which is 25.7% (Model 4c). We can thus see that adding these three 

variables help explain the most variability in Model 4. 

 

 

5. Discussion, limitations and conclusions  

 

This study looks at how the appealing attributes of low-carbon innovations of transport, food 

and homes differ between early adopters and non-adopters (n=240). Using t-tests, we first 

look at the differences of perceived attributes of transport, food and homes innovations 

between the groups of early adopters and non-adopters. Furthermore, using logistic 

regression, we test four models using attributes, socio-economic variables, and situational 

variables. 

 

As expected, the t-tests show that early adopters of transport, homes and food low-carbon 

innovations consistently perceive more appealing attributes compared to non-adopters. The 

most appealing attributes to early adopters of transport, food and homes innovations are 

relative advantage, compatibility, and trialability. Within the three tested domains, adopters 

thought that using these innovations are compatible with their daily lives and they make 

things controllable, showing significant differences in the mean scores compared to non-

adopters. These results are in line with the theory of Rogers (2003), who concluded that 

early adopters generally have a higher degree of innovativeness and more interest in 

novelty. The non-adopters also perceived low-carbon innovations as too expensive and 

effort-taking compared to the early adopters.   

 

Logistic regression models showed that controlling for other covariates, two attributes of 

relative advantage and compatibility distinguished adopters from non-adopters. When 

looking at socio-economic variables, controlling for other variables, gender showed a 

significant relationship with being an early adopter. No significant relationships were found 

for the model testing the situational variables. The final model, incorporating the two 

attributes and gender, was consistent with the first model, showing significant relationships 

with compatibility of the innovation and being an early adopter, and with perceiving the 

innovation as too expensive and being a non-adopter. A key finding in the logistic 

regression models was that the attributes explained more of the differences between the 

early adopters and non-adopters of mobility innovations than the socio-economic or the 

situational factors.  
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Furthermore, younger age, higher income, being employed full-time, living in an urban area, 

or having a higher education did not distinguish adopters from non-adopters, as suggested 

by Rogers (2003). It is important to note that as the study was conducted prior to the 

collection of the full sample size (n=2500), it was restricted by the smaller data set. Hence, 

the general results may not be as accurate, however, some findings were consistent with 

the theory of Rogers (2003). The domain of energy innovations was excluded from any 

statistical analyses due to insufficient data. Due to the very low market shares of these 

innovations, the number of non-adopters was generally higher than the number of early 

adopters. As the innovations were joined into domain groups, the results were not as 

precise as they would be when testing for individual innovations (which the data size did not 

allow). For example, the transport domain consisted of seven different innovations, all of 

which might have had potentially slightly different answers in the attributes. While the study 

shows some insight into the perceived differences between early adopters and non-

adopters, it would be interesting to see how it compares to the full data set. 
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