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1. Large online survey

The large online survey was designed to investigate the adoption of 16 digital consumer innovations for climate change relating to the key elements of Rogers (2003) Diffusion of Innovations. The survey also asked questions about the mainstream consumption activity in each of the four domains (transport, food, home, energy) to provide additional comparisons, however, such data does not feature in our article and so is not elaborated on here.

1.1 Survey design 

The survey consisted of 9 blocks of questions: 
1. Adoption - on respondents' current experience with 16 different innovations and four mainstream activities (in each of four domains)

2. Domain Activity - on respondents' current behaviour in one particular domain (transport, food, homes, energy)

3. Domain Innovativeness - on respondents' propensity to adopt innovations in one particular domain

4. Innovation Familiarity - on respondents' familiarity with one particular innovation (or one mainstream activity)

5. Innovation Attributes - on respondents' perceptions of the attributes of one particular innovation (or one mainstream activity)

6. Innovation Information - on respondents' information-seeking and social influence on 1 particular innovation (or one mainstream activity)

7. Social Network - on respondents' social network position and role

8. Personal Characteristics - on respondents' personality, lifestyle and values

9. Personal Situation - on respondents' circumstances, living conditions, and socio-economics

All respondents answered question block 1 (Adoption) about their current experience of having or using the 16 innovations, and questions from block 2 about their experience of the four mainstream activities. Based on their responses, respondents were allocated to a survey variant corresponding to one particular innovation or mainstream activity (as there are 16 innovations and four corresponding mainstream activities, this resulted in 20 survey variants). Respondents then answered question blocks 4-6 on that specific innovation or mainstream activity and blocks 2-3 on its corresponding domain. For example, if a respondent was allocated to carsharing, they answered questions on ‘transport’ for block 2-3 and ‘carsharing’ for blocks 4-6. All respondents then answer question blocks 7-9.
Response options consisted of Likert-type ordinal scales (1-5), including item scales measuring values, personality, innovation attributes, social influence categorical response options. There was also one continuous response option measuring adoption propensity on a scale of 1-100. 

The full survey instrument containing question and response wording is provided in the dataset codebook stored at ReShare [https://reshare.ukdataservice.ac.uk/854723/].
1.2 Sampling method
The sampling design consisted of two stages: the 'core' survey sample of ~2500 adults (aged 18 or over) nationally representative on key socio-economic indicators (age, gender, household income) and the 'boost' sample of ~500 respondents selected by choice-based and quota sampling, purposively targeting adopters of innovations which had not achieved the quota of 100 adopters from the ‘core’ sample. Figure 1 below shows the natural incident rate from the core sample, highlighting which innovations respondents had never heard of. For such innovations, we were unable to achieve the desired quotas, therefore resulting in low counts in our final sample (e.g., for P2P electricity trading).

[image: image1.png]Natural Incidence Rates - UK core sample (n=2509)

myes, currently myes, inthe past mno, butl've heard of mno, I've not heard of m don'tknow

I— |
[T s Se———

generation with storage

domestic generation

smart appliances

smar tgring |
smart reaie_ |

11th hour food apps

meal kits

digital food hubs

e-bike

electric vehicle

Maas

shared taxi

ride-sharing

R—

car clubs

500 1000 1500 2000 2500 3000




Figure 1. Natural incident rates from the core sample (n=2509)
1.3 Data quality checks

An initial set of quality control measures was implemented by the market research company, removing respondents who failed any of the following tests: straight lining; inverted pairs (contradictions); speeding, false positive adoption status (adopter unable to provide example of the innovation); low engagement with adopter questions (responding ‘don’t know’ more than five times); and lack of familiarity with innovations (responding ‘have never heard of’ or ‘don’t know’ to 14 or more innovations).

The raw dataset of 3014 respondents was received by the research team and downloaded as a csv file. A set of four additional checks were then carried out for further straight lining and inverted pairs. If a respondent failed all four tests, they were considered unreliable and removed.
In order to identify potentially false positive adopters of innovations, open ended text responses asking for examples of corresponding innovations were manually examined by the research team and classified using web search and other validation of real-world innovation examples. New dummy variables were then created to identify adopters of innovations with ‘No Wrong Examples’ (NWE).
1.4 Analysis and results
All statistical analyses were conducted in SPSS v26, and effects size were calculated using Lenhard and Lenhard (2016). For our dependent variable ‘propensity’, we used the responses to a question from Kormos et al. (2019) ‘How likely are you to use [innovation] within the next year? (scale: [1] very unlikely - [100] very likely)’. The overall distribution of responses amongst non-adopters across all innovations is shown in Figure 2. Responses were skewed towards the lower end of the scale, with a median of 10. We use the median as the cut-off point to create two groups: ‘high propensity’ and ‘low propensity’.
[image: image2.png]Frequency

250

200

150

100

50

20 40 60

How likely are you to use [innovation] within the next year?
(scale: [1] very unlikely - [100] very likely)

80

100




Figure 2. Response distribution of propensity to adopt an innovation amongst the non-adopter sample (n=1303)
For the analysis of the importance of social influence mechanisms, distributions of the social influence variables were dissimilar for the high and low propensity groups, as assessed by visual inspection. This resulted in the mean rank scores being compared for each influence mechanism’s Mann Whitney U test.
To ascertain the effects of social influence mechanisms on adoption propensity, examining which hypotheses remain robust when other social influence variables are held constant, we ran two sets of tests for sensitivity. 
The first regression model (ordinary least squares - OLS) used the natural log of propensity as a continuous variable; and the second (binomial logistic regression) used the binary variable with the median as the cut-off point to create two groups: ‘high propensity’ and ‘low propensity’. We found both methods produced similar model specifications. We chose to present the results of the binary method in the main text as it provided a dummy variable used in other analyses and aids clarity and ease of interpretation. Results from the OLS are presented below.
Testing assumptions, there was linearity as assessed by partial regression plots and a plot of studentized residuals against the predicted values. There was homoscedasticity, as assessed by visual inspection of a plot of studentized residuals versus unstandardized predicted values. There was no evidence of multicollinearity, as assessed by tolerance values greater than 0.1. The assumption of normality was met, as assessed by a Q-Q Plot. The multiple regression model statistically significantly predicted adoption propensity, F(4, 1140) = 280.826, p < .001, adj. R2 = .495. Three of the variables (WOM, eWOM and social norms) added statistically significantly to the prediction, p < .001. Regression coefficients and standard errors can be found in Table 1 (below).

Table 1. ONS results for adoption propensity
	
	Unstandardized Coefficients
	
	
	
	95.0% Confidence Interval for B
	Correlations

	
	B
	Std. Error
	ß
	t
	Sig.
	Lower Bound
	Upper Bound
	Zero order
	Partial
	Part
	Collinearity Statistics VIF

	Constant
	.108
	.077
	
	1.406
	.160
	-.043
	.260
	
	
	
	

	WOM
	.182
	.051
	.131
	3.572
	.000*
	.082
	.283
	.567
	.105
	.075
	3.051

	eWOM
	.659
	.044
	.489
	14.902
	.001*
	.572
	.746
	.685
	.404
	.313
	2.433

	Social norms
	.253
	.048
	.171
	5.25
	.001*
	.159
	.348
	.588
	.154
	.110
	2.388

	Neighbourhood effect
	-.042
	.045
	-.029
	-.944
	.345
	-.130
	.046
	.436
	-.028
	-.020
	2.198


Note. Model = “Enter” method in SPSS;ß = Standardized Coefficients
The second model (binomial logistic regression) used a binary variable using the median of the propensity question responses. Linearity of the continuous variables (social influence mechanisms) with respect to the logit of the dependent variable (propensity) were confirmed via the Box-Tidwell procedure. The logistic regression model was statistically significant, χ2(9) = 502.546, p < .0005. The model explained 53.9% (Nagelkerke R2) of the variance in propensity and correctly classified 80.8% of cases. Sensitivity was 79.3%, specificity was 82.4%. Of the four predictor variables (and control variables), three were statistically significant: WOM, eWOM and social norms. We report the social influence variables in the main text and provide the full binary logistic regression model below in Table 2.
Table 2. Binary logistic regression model predicting adoption propensity across all 16 innovations controlling for age, gender and household income (n=971)..
	Variables
	B
	S.E.
	Wald
	df
	p-value
	Exp(B)

	WOM
	.369
	.138
	7.184
	1
	.007
	1.446

	eWOM
	1.172
	.129
	82.314
	1
	.000
	3.228

	Social norms
	.534
	.127
	17.79
	1
	.000
	1.706

	Neighbourhood effect
	-.089
	.128
	.479
	1
	.489
	.915

	Gender
	-.067
	.178
	.142
	1
	.706
	.935

	Age 18-34
	
	
	5.175
	2
	.075
	

	Age 35-54
	-.092
	.263
	.121
	1
	.728
	.912

	Age +55
	-.462
	.256
	3.266
	1
	.071
	.630

	Household income <£25,000
	
	
	6.104
	2
	.047
	

	Household income £25,000 - £39,999
	-.276
	.215
	1.643
	1
	.200
	.759

	Household income +£40k
	.282
	.206
	1.876
	1
	.171
	1.325

	Constant
	-3.748
	.377
	98.943
	1
	.000
	.024

	Pseudo R2
	.540
	
	
	
	
	

	Correctly classifies % of cases
	80.80%
	
	
	
	
	


1.4.2 Innovation clustering

To investigate the robustness of H1 - H4, we clustered the 16 innovations by their attribute similarities. Previous research clusters innovations by: using researcher expertise to evaluate and code innovations (Fichter and Clausen, 2016); reviewing innovation patent content (Khansa et al., 2012); or using limited available observable characteristics e.g., price, availability etc. (Windrum et al., 2009). To improve upon such methods, we utilised attribute perceptions of participants with first-hand experience (the current adopters). We focused on the adopter perceptions of five attributes frequently reported in diffusion research to impact upon the rate of adoption - relative advantage, compatibility, complexity, trialability and observability (Rogers, 2003). To capture perceptions of Rogers' (2003) attributes, our survey contained five single-item variables developed by Moore and Benbast (1991) - with minor wording modifications to reflect our interest in individual consumers rather than organisational adoption contexts (Table 3). For every innovation, we calculated a mean score for each of the five attributes (Table 4). 
Table 3. Question and response wording for innovation attribute survey component

	Innovations attributes
	How much do you agree with the following statements about [innovation]? (1 = strongly disagree to 5 = strongly agree)

	Relative advantage
	Better than other available options

	Compatibility
	Compatible with my daily life

	Complexity
	Takes effort

	Trialability
	Possible to use them on a trial basis

	Observability
	Easy to know who else is using them


Table 4. Mean scores and standard deviation of adopters’ perceptions of the five Rogers (2003) attributes for each innovation.
	
	
	# of adopters
	
	Relative advantage
	
	Compatibility
	
	Complexity
	
	Observability
	
	Trialability

	Domain
	ID
	
	Innovation
	Mean
	SD
	
	Mean
	SD
	
	Mean
	SD
	
	Mean
	SD
	
	Mean
	SD

	Transport
	VAR1
	74
	Carsharing (car clubs in the UK)
	3.59
	0.90
	
	3.43
	1.10
	
	3.09
	1.04
	
	2.60
	1.30
	
	3.49
	1.10

	
	VAR2
	30
	Peer-to-peer (P2P) carsharing
	3.37
	1.07
	
	3.57
	0.97
	
	3.33
	1.16
	
	3.03
	1.02
	
	3.41
	1.12

	
	VAR3
	94
	Ride-sharing (liftsharing in the UK)
	3.67
	0.90
	
	3.48
	1.14
	
	2.93
	1.26
	
	3.11
	1.20
	
	3.51
	1.12

	
	VAR4
	89
	Shared ride-hailing or taxis
	3.32
	0.98
	
	2.96
	1.08
	
	2.90
	1.06
	
	2.71
	1.15
	
	3.39
	1.09

	
	VAR5
	11
	Mobility-as-a-service
	3.40
	0.84
	
	3.36
	1.12
	
	3.18
	0.75
	
	3.22
	0.44
	
	3.50
	0.53

	
	VAR6
	60
	Electric vehicles
	3.80
	0.89
	
	3.95
	1.08
	
	3.22
	1.09
	
	3.39
	1.07
	
	3.57
	1.15

	
	VAR7
	67
	E-bikes
	3.74
	0.88
	
	3.68
	0.96
	
	2.75
	1.22
	
	3.37
	1.01
	
	3.31
	1.32

	Food
	VAR8
	11
	Digital hubs for local food
	3.45
	0.82
	
	3.73
	0.65
	
	3.09
	0.94
	
	3.70
	0.82
	
	3.80
	0.92

	
	VAR9
	92
	Meal kits (or meal boxes)
	2.90
	1.10
	
	3.36
	1.13
	
	2.89
	1.12
	
	2.35
	1.11
	
	4.22
	0.88

	
	VAR10
	66
	11th hour apps
	3.55
	0.94
	
	3.55
	1.09
	
	3.03
	1.12
	
	2.11
	0.97
	
	3.42
	1.49

	Home
	VAR11
	96
	Smart heating systems
	3.99
	0.80
	
	4.14
	0.77
	
	2.08
	1.06
	
	2.78
	1.22
	
	2.77
	1.16

	
	VAR12
	91
	Smart lighting
	3.69
	0.98
	
	4.20
	0.82
	
	2.02
	1.08
	
	2.92
	1.13
	
	2.27
	1.13

	
	VAR13
	71
	Smart home appliances
	3.29
	1.18
	
	3.58
	1.09
	
	2.64
	1.24
	
	2.71
	1.29
	
	2.33
	1.26

	Energy
	VAR14
	82
	Energy innovations (three combined)
	3.84
	0.94
	
	3.77
	0.82
	
	3.42
	1.02
	
	3.33
	0.82
	
	3.13
	0.82


Using these mean scores, we first conducted a multi-dimensional scaling analysis (PROXSCAL), followed by cluster analysis. PROXSCAL ﻿is useful in highlighting relationships within data (Garson, 2012) and is more flexible for visualising and analysing than other methods such as ALSCAL (Jung and Takane, 2015). In our study, PROXSCAL processed the proximity matrix based on Euclidean distance between cases (innovations) to generate x, y coordinates, positioning them in a two-dimensional conceptual space. Innovations with similar attributes are located close together and those with dissimilar attributes spaced further apart. Figure 3 presents the PROXSCAL results, identifying three potential clusters - one highly distinct (three innovations to the right - VAR 11,12,13) and two other clusters less so (one top left – VAR 9,10,4,1, one bottom left – VAR 2,5,3,7,8,6,14).
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Figure 3. PROXSCAL output to help identify innovation clusters based on perceived attributes.

We then ran a k-means cluster analysis, defining the number of clusters as three, based on the aforementioned PROXSCAL results. Prior to conducting the cluster analysis, multicollinearity was assessed, verifying that no clustering variables exhibited correlations above 0.9 (Sarstedt and Mooi 2014).

Statistical tests (one-way ANOVAs and Kruskal Wallis with post-hoc tests) were conducted for each attribute to determine whether there were any significant differences between the clusters’ mean scores, and to primarily indicate the degree to which each attribute contributed to the final cluster solution.
Table 5 presents the cluster centres for each attribute along with the key descriptive characteristics and list of innovations. Superscripts and bold font indicate the statistically significant results of the one-way ANOVAs  and Kruskal Wallis post hoc tests conducted to compare cluster characteristics.
· Cluster 1 innovations are more trialable than others, 
· Cluster 2 innovations are more observable,

· Cluster 3 innovations score significantly lower on trialability and complexity.
Table 5.  Clusters of digital consumer innovations with different attributes. Cell colouring signifies the cluster with the highest, middle and lowest centre value for each attribute.
	
	Cluster centres

	
	 Cluster 1 – high trialability
	Cluster 2 – high observability
	Cluster 3 – low trialability and complexity

	Innovation attribute
	
	
	

	Relative advantage
	3.34
	3.61
	3.66

	Compatibility
	3.33c
	3.65
	3.97

	Complexity
	2.98
	3.13
	2.25b

	Trialability
	3.63
	3.46
	2.46c

	Observability
	2.44
	3.31a
	2.80

	Key characteristics
	· highly trialable

· low compatibility

· performs weakly on other attributes
	· high observability

· takes effort to use
	· low-trialability and complexity 

· outperforms alternatives

· highly compatible

	Innovations
	· car clubs

· shared taxis

· 11th hour apps

· meal kits
	· P2P ride-sharing

· electric bikes

· P2P car-sharing

· MaaS

· electric vehicles

· digital food hubs

· energy innovations 
	· smart heating system

· smart lighting

· smart home appliances


	Lowest score
	
	
	
	Highest score


a significantly higher than other two clusters p<0.05

b significantly lower than other two clusters p<0.1

c significantly lower than cluster 3 p<0.05
Having established three clusters of innovations, Mann-Whitney U tests with effect sizes were conducted for each cluster, to test for differences in social influence mechanisms between the low propensity non-adopters and high propensity non-adopters. Results shown in Table 6 reveal all four influence mechanisms are significantly more important (p<.01) for non-adopters with high propensity compared to those with low propensity in all three clusters.
Table 6. Mann-Whitney U tests with effect sizes for each cluster of innovations to determine if differences in the importance of social influences exist between non-adopters with high propensity and low propensity to adopt.(175 words)

	
	
	Low propensity
	High propensity
	
	
	
	

	
	Social influence
	n
	Mean rank score 
	n
	Mean rank score 
	U
	z
	p
	effect size cohend

	Cluster 1
	WOM
	155
	114.67
	166
	204.26
	20047
	9.08
	.001*
	1.101

	
	eWOM
	167
	113.4
	171
	224.29
	23648
	10.76
	.001*
	1.378

	
	Social norms
	167
	122.79
	173
	216.55
	22413
	9.08
	.001*
	1.085

	
	Neighbourhood effect
	169
	138.52
	173
	203.72
	20192
	6.86
	.001*
	0.698

	Cluster 2
	WOM
	284
	198.71
	305
	384.66
	70658
	13.58
	.001*
	1.304

	
	eWOM
	300
	190.11
	316
	420.90
	82918
	16.39
	.001*
	1.702

	
	Social norms
	295
	203.70
	314
	400.17
	76198
	14.05
	.001*
	1.345

	
	Neighbourhood effect
	303
	237.11
	314
	378.38
	69355
	10.33
	.001*
	0.863

	Cluster 3
	WOM
	146
	106.76
	139
	181.06
	15438
	8.00
	.001*
	1.01

	
	eWOM
	158
	102.76
	144
	204.98
	19077
	10.50
	.001*
	1.44

	
	Social norms
	152
	107.42
	143
	191.14
	17037
	8.67
	.001*
	1.126

	
	Neighbourhood effect
	157
	120.60
	143
	183.33
	15921
	6.98
	.001*
	0.775


* p<.01

To confirm whether such finding still holds whilst controlling for other social influence effects, we created binomial logistic regression models for each cluster of innovations (Table 7). All three models correctly classify a high percentage of cases (>79%). Of the four predictor variables, only eWOM was statistically significant (p<.01) for all three clusters. With WOM and social norms also being significant (p<.01) for innovations with high observability (Cluster 2’s model). Increasing such variables is associated with an increased likelihood of high propensity and thus can be interpreted as being important influencing factors for the adoption process of innovations. 

Table 7. Binary logistic regression models predicting adoption propensity (with example innovations in each cluster)77 words

	Variables
	Cluster 1

n=310
	Cluster 2

n=562
	Cluster 3

n=272

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

	WOM
	.047
	1.581
	.003*
	1.718
	.509
	1.207

	eWOM
	.001*
	2.880
	.001*
	3.631
	.001*
	3.661

	Social norms
	.019
	1.654
	.005*
	1.642
	.132
	1.44

	Neighbourhood effect
	.697
	.901
	.889
	.979
	.607
	1.159

	Pseudo R2
	0.48
	0.58
	0.48

	Correctly classifies % of cases
	79.4%
	81.1%
	80.5%


* p<.01

2. Innovation specific studies
2.1 Online surveys

2.1.1 Survey design

The three online surveys for the innovation specific studies were designed in Qualtrics (www.qualtrics.com). Each consisted of blocks of questions which were designed to investigate various elements of DoI. Several questions were identical to the large online survey to allow for comparison, whilst additional, more detailed questions were included to focus specifically on the given study and its domain. Many of the questions were based on established precedents from the literature mirroring large population surveys such as the ﻿General Social Survey.  Established scales were also used e.g., for opinion leadership traits (Goldsmith and De Witt, 2003) and trust scale (Mohlmann, 2015), with slight modifications to fit the context of this research. Many of the questions used a five-point Likert scale, from strongly disagree to strongly agree. 

Table 8 outlines the key themes of each block of questions for the three surveys, providing an example question. For all three surveys, respondents were asked how familiar they were with the innovation to identify adoption status – current adopter; past adopter; non-adopter. The survey topics in Table 8 presented in bold were used in the analyses for this paper, whilst Table 9 summarises the exact question and response wording for the questions specifically used in our analysis.
2.1.2 Sampling method
To collect over-representative samples of adopters, we partnered with gatekeeper organisations (‘Liftshare’ for ride-sharing and ‘Open Food Network’ for digital food hubs) to invite users to participate. Additionally, we placed adverts on social media platforms (which recruited both adopters and non-adopters). All participants were offered a small monetary incentive or prize draw entry. Pilot surveys were conducted for each, with question order and wording revised following feedback to improve flow and comprehension.  

2.1.3 Data quality checks

Similarly, to the large online survey, to identify false positives regarding adoption status, participants who reported being adopters were asked for the name of the innovation they use. Data collected was cleaned and quality checked by removing participants who failed the following checks: speeding, straight lining (identified and verified by attention checking questions) or providing nonsensical text in open responses.
	Topic
	P2P ride-sharing
	Smart home technologies
	Digital food hubs
	Example question

	Adoption
	x
	x
	x
	Have you ever had/used [innovation]?

	Domain activity - travel behaviour
	x
	
	
	In the last 12 months, how often have you used the following types of transport?

	Domain activity - food behaviour 
	
	
	x
	Roughly how much of your weekly food shopping do you buy from…?

	Innovation innovativeness
	
	x
	x
	﻿How likely are you to have/use [innovation] within the next year?

	Innovation information
	x
	x
	x
	How important have these sources of information been in shaping your opinion of [innovation]?

	Innovation attributes
	x
	
	x
	To what extent do you agree with the following? [innovation] is convenient

	Social network
	
	x
	
	Roughly how many close friends would you say you have?

	Communication behaviour
	x
	x
	x
	Roughly, how many people would you say you have spoken with (in person or via phone/internet) about [innovation] in the last 6 months?

	Personal characteristics
	x
	x
	x
	How many hours do you spend on social media on a typical weekday?

	Personal situation
	x
	x
	x
	How many people are in your household (including yourself)?


Table 8. Outline of the blocks of questions and example questions for the three online surveys..

Table 9.  Question wording and responses used for analyses reported in this article
	Innovation specific survey
	Topic
	Question
	Response options

	P2P ride-sharing
	Trust
	To what extent do you agree with the following?

The other users of [innovation] are truthful in dealing with one another

The other users of [innovation] will not take advantage of me

I trust that [innovation] provides enough safeguards to protect me from liability for damage I am not responsible for

[Innovation] provides a robust and safe environment in which I can use the service

Overall, [innovation] is trustworthy
	Likert scale: [1] strongly agree [2] agree [3] neither agree nor disagree [4] disagree [5] strongly disagree

	Smart home technologies
	Opinion leadership

Information source

Communication behaviour
	How much do you agree with the following statements about [innovation]?

... I often influence people’s opinions about them

... Other people do not turn to me for advice on them

... I often persuade other people to use them

... People I know pick them based on what I have told them

... Other people rarely come to me for advice about choosing them

... My opinion on them seems not to count with other people

How important have these sources of information been in shaping your opinion of [innovation]?

Being aware of what people in general are doing

General media e.g. TV, radio, newspapers, websites

Organisations, companies, local authorities, schools

Talking with friends, family or colleagues

Social media
Seeing what neighbours or people who live locally are doing

Thinking about your conversations on [innovation] over the past 6 months, how often have they involved...?

...talking about how they compare to alternative options 

...talking about whether they are compatible with daily life

...talking about their ease of use

...you seeking information from others

...you sharing information with others

Please provide any further details about the topics of conversation you have about [innovation].
	Likert scale: [1] strongly disagree [2] disagree [3] neither agree nor disagree [4] agree [5] strongly agree
[1] never had information this way [2] not important [3] somewhat important [4] important [5] very important

[1] Never [2] Sometimes

[3] About half of the time

[4] Most of the time [5] Always [6] Don't know

Open text

	Digital food hubs
	Opinion leadership

Innovation discovery

Information source
	How much do you agree with the following statements about [innovation]?

... I often influence people’s opinions about them

... Other people do not turn to me for advice on them

... I often persuade other people to use them

... People I know pick them based on what I have told them

... Other people rarely come to me for advice about choosing them

... My opinion on them seems not to count with other people

How did you first find out about the [innovation]?

Internet search engine e.g., Google, Microsoft edge

General media e.g., TV, radio, newspapers, websites

Organisations, companies, local authorities, schools

Talking with friends, family or colleagues

Social media

Seeing what neighbours or people who live locally are doing

Other [please specify]

How important have these sources of information been in shaping your opinion of [innovation]?

Being aware of what people in general are doing

General media e.g., TV, radio, newspapers, websites

Organisations, companies, local authorities, schools

Talking with friends, family or colleagues

Social media

Seeing what neighbours or people who live locally are doing
	Likert scale: [1] strongly disagree [2] disagree [3] neither agree nor disagree [4] agree [5] strongly agree

[1] never had information this way [2] not important [3] somewhat important [4] important [5] very important

[1] never had information this way [2] not important [3] somewhat important [4] important [5] very important


2.2 Focus groups and semi-structured interviews

Additional data collection was carried out for two of the innovation specific studies to collect qualitative data and explore survey topics in more depth to determine interpretive and causal relationships. In the following sub-sections, we only outline the questions asked which are relevant to this article.
2.2.1 P2P ride-sharing focus group questions
(Questions asked of C = commuters, O = one-off journey users)
· You mentioned using P2P ride sharing for commuting, what influenced your decision? (C)
· You mentioned workplace expectations/culture/policy, could you elaborate on that? (C)
· What kinds of journeys do you use P2P ride sharing for? (O)
· Why do you decide to use P2P ride sharing for these kinds of journeys? (O)
· How important is it that you already know the people you rideshare with? (C,O)

· What role does trust have? (C,O)

· How important is the reputation of the platform or app? (C,O)

· How important is it that you trust the platform or app?  (C,O)

· What would make you more likely to trust a platform or an app? (C,O)
2.2.2 Digital food hub interview questions
· Think about the information you receive about the hub - how much comes from the hub itself, via promotional materials, social media posts, and how much from other sources such as the news, magazines etc.?

· Now we are going to talk a bit about who you talk to about (hub name). How did you first find out about (hub name)?
· Can you remember if anyone recommended the hub to you?
· Was this recommendation important in your decision to start using the hub?
· In the table below you can see four groups of people

	Friends/family
Use hub
	Acquaintances/other people you know
Use hub

	Friends/family
Don’t use hub
	Acquaintances/other people you know
Don’t use hub


· Think about the people you talk to about online food hubs. Which category would you say the majority of them fall under? How about the next largest group? 
· Do you speak to anyone in the other 2 groups about online food hubs?
· Follow-up questions (depending on above responses) Ensure both friends and acquaintances who do not use food hubs are discussed – if relevant
· The largest group you speak to is [group category],
· What do you talk about? (content)

· When you discuss (hub name), would you say you are generally positive or negative about your experience of using the hub? (evaluative)

· How often do you talk to about food hubs? (frequency)
· Do you tend to communicate face to face or through social media? (form)
· What is the context or situation in which you speak to acquaintances who do not use food hubs?
· Do you know of anyone who you recommended (hub name) to has then started using the hub?

· Is there any social interaction among hub users, such as cooking clubs, regular meet-ups in a café (before the pandemic), or communication on social media platforms?

2.2.3 Sampling method and design

To recruit participants for the P2P ride-sharing focus groups, we recontacted survey participants who gave their consent. We also placed advertisements on relevant Facebook groups and reddit forums (e.g., Carshare UK, and The Pasty Connection). For the digital food hub interviews, the gatekeeper organisation sent out an invitation to users to ask for participants. 

Both focus groups and interviews were conducted virtually on Microsoft Teams and recorded using the integrated recording function. They were then transcribed verbatim, using anonymised identifiers to distinguish between participants. As the video feed was also recorded, the transcriptions include notes when participants display non-verbal cues in response to others (including nodding and shaking the head).
2.3 Data analysis
Analysis for each innovation specific study was conducted separately for the different data collection methods. For both P2P ride-sharing and digital food hubs, where quantitative and qualitative data was collected via different methods, the process of triangulating findings at the interpretation stage was then conducted. 

Online survey data was analysed in SPSS v26. Transcripts from the qualitative data collection were analysed using the analysis software NVivo 12 Pro. Transcripts were coded iteratively. First, a series of top-level, a priori, codes were developed in line with the research aims of the focus groups. Second, initial codes were organised into themes and sub-themes, to develop a coding hierarchy. This process enabled relationships between concepts to be visualised. During the coding process, constant comparison practices meant some codes evolved to incorporate others, while some diverged into multiple codes. Once all transcripts were coded, a series of matrices were constructed in Microsoft Excel in order to reduce the volume of data and extract key points.  

2.3.1 P2P ride sharing

To test if differences between adopters and non-adopters of P2P ride-sharing exist in their levels of trust in both the platform and other users, a series of statistical analyses were undertaken using survey data. First, a principal component analysis (PCA) was run on a 5-item scale that measured perceptions of trust in the context of P2P ride-sharing (Mohlmann, 2015). The PCA revealed that all 5 items load onto a single component, which explained 78.85% of the total variance. The factor-based score of the single component was then calculated and used as the dependent variable in the next stage of analysis.  An independent samples t-test was run to determine if there were differences between how adopters of P2P ride sharing, and non-adopters, scored on the trust scale.
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