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ARTICLE INFO ABSTRACT

Keywords: This paper presents a conceptual and modelling framework that makes it possible to disentangle
Social influence and quantify multiple social influence effects affecting the individual’s choice behaviour. The
Social networks proposed structure simultaneously accounts for live social interaction effects, social influence

Live social interactions processes of diffusion, translation and reflexivity, conformity processes related to social norms,

such as the hypothetical adoption rate within a social network, and correlated effects related
to psychometric attitudinal characteristics of peers. The modelling framework is applied to
investigate the adoption of bike-sharing in a student cohort during a public transport strike.
A joint hybrid choice model is estimated using a two-wave stated preference dataset and incor-
porating latent variables, social influence measures and live social interactions with dynamic
‘inertia’ processes. In this empirical context, results and sensitivity analyses show that the social
influence variables are highly significant and explain part of the heterogeneity in choosing
bike-sharing. A greater utility for this travel mode is associated with a greater hypothetical
bike-sharing adoption and with live social interactions improving the understanding of the
bike-sharing benefits. The results also suggest that conformity processes and social interaction
effects can have a higher impact on the choice than correlated effects related to the attitudinal
‘propensity towards cars’ in the social network. This study, therefore, provides further evidence
that, in the context of new technology adoptions, the choice is not only driven by explanatory
variables that can be generally observed but may well be affected by social factors facilitating
the exchange of information and the understanding of the individuals.

Peers’ attitudes
Hybrid choice modelling
New transport technology adoption

1. Introduction

In a world in which people are constantly exposed to others’ opinions and actions, whether in person or through social media,
social influence may produce changes in attitudes and behaviours towards or against a specific mode of transport (Dugundji and
Gulyés, 2012). Therefore, social influence has been increasingly capturing the attention of researchers in the field of transport
studies.

Previous research extensively analysed how individuals connect and interact with each other through social networks (Carrasco
and Miller, 2006), discussed the general definition of social influence drawing upon the social science literature and tried to quantify
part of the effects of social influence on travel behaviour. Indeed, this phenomenon, which might arise at different levels of social
interaction (Maness et al., 2015), is generally described as a manifestation of compliance when behaving in response to a direct
or implicit request, and conformity when behaving to conform to the response of others (Cialdini and Trost, 1998; Cialdini and
Goldstein, 2004), and the majority of transport studies trying to measure social influence effects focused their attention on these
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two processes (Dugundji and Walker, 2005; Péez et al., 2008; Rasouli and Timmermans, 2013; Kim et al., 2014; Cherchi, 2017; Pan
et al., 2019).

From a modelling perspective, Manski (1993) provided a useful framework to quantify the effect of social interactions on
quantifiable outcomes in a linear-in-means model, which was then extended by Brock and Durlauf (2001) into econometric
discrete choice models of individual decisions. Manski (1993) defined three effects generated by the interactions of the individuals:
endogenous effects: “wherein the propensity of an individual to behave in some way varies with the behaviour of the group”;
contextual effects: “wherein the propensity of an individual to behave in some way varies with the distribution of exogenous
background characteristics in the group”; and correlated effects: “wherein individuals implicitly sort themselves into groups that
tend to behave similarly because they have similar unobserved individual characteristics or face similar institutional environments”.
When integrating the social influence and social interactions in the econometric models, a crucial issue deals with the possibility
of recovering the best response function (identification problem). As explained by Manski (1993), the identification problem is
characterised by simultaneity between individual and peer behaviours (the reflection problem), which is not the case in this paper as
we are not dealing with real, simultaneous choices of peers, and the presence of correlated effects such as institutional environment,
attitudes and observed individual characteristics generating homophily which are manifested as confounding unobservable variables.
However, in general, it is difficult to define a model that can include all possible aspects of social influence, especially in practice (Wu
et al., 2013).

Following previous formulations in the literature, this paper investigates the inclusion of multiple social influence measures in
choice models with the help of targeted data collection based on constructs of the Theory of Planned Behaviour (TPB) (Ajzen, 1991)
and different processes of social influence. The aim is to develop conceptual and modelling frameworks that can simultaneously
represent live social interaction effects such as awareness of the benefits and drawbacks of a new technology/service (Manca et al.,
2019), social influence processes of diffusion, translation and reflexivity (Axsen and Kurani, 2014), conformity processes related
to social norms such as the hypothetical adoption rate in the individual social network (Kim et al., 2014; Cherchi, 2017), and
finally, more implicit correlated effects (Manski, 1993) related to psychometric factors such as attitudes, norms and perceived
behavioural control of the peers within the individual’s social network, which are measured using the individual’s peer attitude
(I PA) variable (Manca et al., 2020).

In order to be able to include all these elements simultaneously in the model specification, a joint hybrid choice model (HCM)
is estimated using a two-wave stated preference (SP) dataset. First, the two-wave SP enables us to capture live social interactions
during a group discussion conducted among the respondents in between the two waves of the SP survey. This is incorporated by
adopting an inertia formulation (Cantillo et al., 2007; Manca et al., 2019) to understand whether social interaction can generate
a propensity to change previous choices. Moreover, the HCM makes it possible to account for psychometric latent constructs at
the individual level. The structural model component of these latent constructs is also integrated with a psychometric measure
characterising the individual’s social network, the I PA variable (Manca et al., 2020). All the other social influence variables are
included in the choice model component of the HCM as typical covariates.

Specifically, this modelling framework is adopted to investigate individual preferences with respect to the adoption of bike-
sharing in a student cohort during a public transport strike, to empirically evaluate the impact of social networks on the utility
function and, therefore, the final choice behaviour. The proposed analytical framework incorporating social influence and social
interactions helps to explore whether the choice is only driven by the explanatory variables that the modeller can generally observe,
or whether it can also be affected by social factors such as the effect of social interactions.

The remainder of this paper illustrates the various parts of the conceptual framework and the context of its application in
Section 2, the methodology adopted in Section 3, the results of the empirical application in Section 4, discussions with practical
implications in Section 5 and the conclusions in Section 6.

2. Conceptual framework and research context

The conceptual framework of this study represented in Fig. 1 was developed in order to account simultaneously for social
influence related to the effect of live/real social interactions, measures of social conformity (in particular normative conformity) and
correlated effects generated by peers’ attitudes. Looking at the diagram, these different social influence processes are hypothesised to
impact the ‘Reflexive Layers of Influence’ (RLI) construct and, specifically, the layers: awareness, assessment and self-concept (Axsen
and Kurani, 2014). Subsequently, through this construct, social influence is assumed to affect the utility of the alternatives. Moreover,
it could also play a role in confounding the modified perception of the observable variables and the available alternatives because,
before being influenced, a person might not be aware of an alternative and/or its characteristics. In which case, the social influence
effect could lead to possible changes in the sensitivities of the attributes and the formation of the choice set. Although it is not part
of this study, it is important to recognise that this effect on choice set formation might be present (see Fig. 1) and deserves to be
investigated in future studies.

As illustrated in the upper-left part of Fig. 1, the direct social interaction measures are a consequence of social interactions.
These measures are conceptually based on the framework developed by Axsen and Kurani (2014). The RLI framework describes
three perspectives through the processes (or layers) of social influence which are a direct effect of social interactions within a social
network: (a) diffusion is a process of basic understanding of technology in which awareness of this technology (or service) is diffused
during social interactions; (b) translation is a process of technology/service evaluation in which information is translated into an
evaluation of benefits and drawbacks, which can also be different between actors; (c) reflexivity is a process of self-concept influence
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Fig. 1. Conceptual framework.
Source: Adapted from Axsen
and Kurani (2014) and Manca
et al. (2019).

in which discussion about the new technology/service can help one or more of the individuals to reflect upon their own values,
lifestyle or self-concept.

This behavioural framework can be adapted to explore further aspects of social influence processes. Specifically, this study
investigates how social interactions can modify the perception of a certain alternative (changing the perception of its benefits and
drawbacks) and how the generated social influence processes can affect the choice behaviour of an individual.

Besides the social interaction processes, the conformity process is included in the original RLI framework because conformity is
not entirely independent of social interactions. This helps to give a clearer and more comprehensive overview of the overall social
influence processes. In fact, social interaction involves a variety of cognitive mechanisms, including functional information exchange,
that can contribute to the formation of norms. Moreover, since people may tend to perform (or not) a behaviour according to the
perceived social pressure, which is determined by an antecedent normative belief (Ajzen, 1991), normative conformity processes
may well affect the assessment of the technology/service and, most importantly, the internalisation of norms can result in changes
of self-concept.

As represented in the lower-left part of Fig. 1, a less intuitive measure of social influence, the attitudes of peers (Manca et al.,
2020), might be defined by the interactions between two different types of information: psychometric measures that characterise
latent motivational characteristics of the individual, and the ‘tie strengths’ defining the relationship between the individual and
his/her peers (Carrasco and Miller, 2006).

Nonetheless, differently from Manca et al. (2020), the conceptual framework in this study refers to the TPB by Ajzen (1991)
for the definition of latent characteristics. The TPB theory assumes that the intentions behind a behaviour capture motivational
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factors. These intentions indicate the degree of people’s willingness to try and the degree of effort that is planned to be invested in
order to perform the behaviour (Ajzen, 1991). A behavioural intention is formed with the combination of three elements: attitudes,
subjective norms towards the behaviour and the perceived difficulty to perform the behaviour, habits and experience.

As explained by Ajzen (1991), the three elements precisely refer to (a) positive and negative attitudes towards performing a
certain behaviour, (b) normative beliefs regarding the judgements of approval or disapproval in performing the behaviour, that
come from referent individuals or groups related to the individual, and (c) perceived behavioural controls regarding the difficulties
in performing that behaviour, given the physical ability and cognitive skills (Eriksson and Forward, 2011). In general, an individual
who believes in having a large number of resources and opportunities, or in not having particular obstacles, also has higher perceived
control over their behaviour (Ajzen, 1991). These psychometric measures interact with the tie strengths of the individuals within
the analysed social network in order to identify whether the attitudes of peers can affect the decision-making process (Manca et al.,
2020).

2.1. Data and case study

The data to test the conceptual framework described above was collected from an MSc student cohort (during the academic
year 2017/2018) in the context of using a pro-environmental transport modal service (i.e. bike-sharing) during a public transport
strike (Manca, 2019). At the time of the interview, while bike-sharing with docking stations was a well-established transport mode,
dockless bike-sharing was just starting to be available in central London. Two different waves of survey were undertaken to collect
all the information required.

During the first-wave survey in October 2017, 71 respondents (out of 75) of a joint MSc course at Imperial College London
(ICL) and University College London (UCL) gave information on their home-university travel behaviour, their social relationships
within the cohort (e.g. strength of the ‘ties’), socioeconomic characteristics and Theory of Planned Behaviour constructs (attitudes,
subjective norms and perceived behavioural controls concerning cycling). This theory was applied to investigate the ‘intention of
cycling’ by considering attitudes towards cycling and bike-sharing use (e.g. cycling to stay fit, preserve the environment or save
money), normative beliefs such as those regarding the individual’s family, perceived behavioural controls regarding the perceived
difficulties in cycling long distances, in a crowded bicycle path or the middle of traffic (Kaplan et al., 2015).

As shown in the conceptual framework above, all the social influence measures can be combined within the same analytical
framework when the dataset enables us to gather enough information on the different types of measures. In order to account
simultaneously for different social influence processes, it is fundamental to have information on the social network of the individual
(i.e. connections and tie strength), psychometric information regarding the attitudes of the individuals and experiments of social
interactions. Indeed, during the first questionnaire, respondents were specifically asked to name other students in their class
with whom they interacted. Respondents also provided information about their relationship with each person that was named.
Specifically, they stated their social proximity to the contact (‘not close’, ‘casual acquaintance’, ‘close’, ‘very close’), frequency of
conversation with the classmate about commuting between home and university and other occasions of travelling within London.
Fig. 2 shows the corresponding social network of the 71 (out of 75) MSc students resulting from this part of the survey.

Subsequently, the students were asked to indicate their level of agreement on a five-point Likert scale (from strongly agree to
strongly disagree) with respect to a list of statements, regarding their attitudes, subjective norms and perceived behavioural control
towards cycling (i.e. TPB constructs). A similar list of statements was previously used by Kaplan et al. (2015) and was inspired
by the Theory of Planned Behaviour (Ajzen, 1991). This structure enabled us to rigorously identify potential latent constructs that
characterise the intention of cycling (Ajzen, 1991) and, therefore, to better define the social influence effect related to the attitudes
of peers.

The first group of statements explored positive and negative attitudes towards cycling such as possible environmental-friendly
inclinations (e.g. “I like taking part in reducing climate change”), interests in technology (e.g. “I generally talk about new
technologies with my friends”) and advantages of cycling (e.g. “I like cycling to keep fit”). A second set included statements related
to the perceived behavioural control of the individual, and investigate the difficulties and barriers towards cycling (e.g. “I can cycle
for many hours” or “I would not feel safe to cycle in London without a helmet”). Finally, the third set of statements explored the
subjective norms with respect to cycling in the city the respondent lived in before the MSc.

The second-wave survey in March 2018, which involved 42 of the previous 71 respondents, explored the effect of live/real
social interactions on the intention within a cohort of students to use bike-sharing. Specifically, this wave included two subsequent
SP surveys, on the same day, to explore student preferences for alternative transport modes to travel from ICL to UCL for their
planned lectures in the hypothetical context of a public transport strike (Manca et al., 2019). Since under normal conditions, 80%
of the students interviewed were travelling by public transport, the usually chosen option was therefore not included among the
alternatives of the SP experiment. In the specific context of travelling during a public transport strike, the individuals were forced
to rethink their own routine choice-set (Goodwin, 1977; van Exel and Rietveld, 2001) and the effects of social influence could be
more evident and easier to be disentangled.

Three alternatives were considered in the SP design as being available to the students: shared taxi, bike-sharing with docking
station and bike-sharing without a docking station. The non-choice (none of them) alternative was also allowed so as not to force the
response. The alternatives were characterised by our attributes: in-vehicle time for taxi and cycling time for both bike-sharing systems
(3 levels), travel cost for all the alternatives (2 levels), walking time for both bike-sharing systems (2 levels) and the qualitative
variable weather conditions specified as a dummy variable (2 levels) (Table 1).
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Fig. 2. Social network of master’s students cohort.

Table 1
SP attributes levels.
Source: Adapted from Manca et al. (2019).

Shared taxi (Taxi) Bike Sharing with Dockless Bike
docking station (BSd) sharing (BSw)
Travel time [min] 24, 27, 33 23, 25, 27 23, 26, 29
Walking time [min] No walking time 3, 10 2,12
Travel cost [£/person] 6, 8 2,3 0.5, 2.5
Weather conditions Clear sky, Light rain

The orthogonal fractional-factorial SP design employed in this study had 36 choice situations that were divided into 3 blocks of
12 choice situations each and randomly presented to the respondents. In order to investigate social conformity effects, from the 7th
situation to the 12th the SP experiment presented some information on social norms, i.e. the hypothetical rate of adoption among
the entire student cohort. Also, as said above, to evaluate the effect of live social interaction, the SP experiment was undertaken
two times (SP1 and SP2), with a group discussion in between the two parts to generate functional information exchange on the
advantages and disadvantages of cycling and bike-sharing. Moreover, considering the RLI framework, the social interaction processes
(i.e. diffusion, translation and reflexivity) were quantified through qualitative questions in the questionnaire.

The final dataset used during the model estimations for the statistical inference analysis included 816 observations coming from
the 42 participants of the second-wave survey. When planning for this survey wave, the initial research idea aimed to perform a
causal inference analysis using the experimental group (i.e. the individuals with a group discussion in between SP1 and SP2) and the
control group (i.e. the individuals without a group discussion in between SP1 and SP2). However, given the small sample gathered
for the control group (i.e. only 8 individuals responded to SP1 and SP2 without a group discussion in between), we could not proceed
with our initial intention. Hence, statistical inference investigating the association of the multiple social influence measures with
the individual’s choices was instead performed.

Although the empirical results discussed in this paper are specific to the sampled MSc student cohort, which is not large enough
to provide generalisable results for a broader population, the 816 observations obtained with the SP experiment yield enough
observations to guarantee statistically significant estimations. The two waves of interviews provide a closed social network with rich
information for the analysis of social influence and attitudes (first wave) and the analysis of behavioural choices (second wave).
This information enables us to translate the proposed conceptual framework into a practical modelling framework and allows us
to investigate the choice behaviour of the individuals and the heterogeneity behind the choice for this specific case study. Table 2
shows the sociodemographic characteristics and other responses at the individual level with the corresponding number of SP choice
observations available for the estimations.
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Table 2
Sample at the individual level with corresponding number of SP choice observations.
Variable Categories Number of Number of
individuals choice observations
Male 21 408
Gender Female 21 408
21 to 23 21 408
Age 24 to 25 12 237
Older than 25 9 171
UK 3 57
Nationality EU 8 155
non-EU 31 604
Previously lived in a Yes 28 539
bicycle friendly country No 14 277
1 year or less 27 522

Cycling experience 2 years or more 15 294

3. Methodology analysis

The translation of the conceptual framework into the modelling framework was quite complex and was built upon the classical
discrete choice model formulation. The final model structure is characterised by (a) latent variables at the individual level, (b)
measures of correlated effects generated by the peers’ attitudes, i.e. the I PA variable, and (c) the live social interaction generated
during the group discussion.

3.1. The IPA variable

The analysis of the attitudinal statements follows the methodology adopted in Manca et al. (2020) to define the measure of
the indirect social influence: the I PA variable. First, the latent constructs were identified with factor analysis. Second, at the
sample level, the individuals with similar latent constructs were clustered. Subsequently, with the interaction between the attitudinal
information and the tie strength between individuals of the social network, the I PA variable was identified.

3.1.1. Exploratory factor analysis

Exploratory factor analysis of the attitudinal statements was conducted on the 71 individuals of the first-wave survey sample.
Factor analysis is a statistical technique employed to find “patterns of correlation among variables” (Tabachnick et al., 2007). In
particular, exploratory factor analysis enables us to identify independent subsets from a single set of variables (also called indicators).
Within these subsets, the grouped variables are correlated. First, internal consistency and sampling adequacy were checked as shown
in Prato et al. (2005). The 23 items (i.e. the statements of the survey) presented correlation matrix values (in absolute value) between
0.3 and 0.7, very good scores for KMO (both above 0.70), and passed multicollinearity and Bartlett’s tests. The exploratory factor
analysis was performed on the 23 items in order to find a set of compact independent variables (i.e. the latent factors). Extracting
the factors with Principal Axis Factoring and rotating them with Varimax rotation made it possible to identify the factor loadings
for each item within a single factor (Table 3). The best solution for this case study was characterised by four factors, as shown in
Table 3, where each factor was identified by statements (i.e. the indicators) with a factor loading greater than 0.50 and highlighted
in bold.

These four latent constructs refer to particular attitudinal propensities of the individuals: (a) the propensity towards cycling,
propcy, including a positive attitude towards (e.g.“I like cycling to keep fit” or “I prefer to cycle to avoid the crowds on buses and
tubes”), (b) environmental concern, envir, (e.g. “I like helping the environment”), (c) ease of cycling, easy, regarding the perceived
behavioural control construct (e.g. “A shared bike is as handy as a normal bicycle”), and (d) the propensity towards cars, propcar,
which links statements of subjective norms for cars (e.g. “In the city where you previously lived, having a car is a must”) and cycling
difficulties (“I would not like to cycle when it rains”).

The Cronbach’s @ was also calculated for each factor in order to check their internal consistency: a?°P’ = 0.88, a¢"V" = 0.72,
a®¢ = 0.60, aP"ore” = ().65. All the values were found to be above the acceptance limit of 0.5' and showed a high reliability for the
‘propensity towards cycling’ and ‘environmental concern’ factors and a moderate reliability for the ‘ease of cycling’ and ‘propensity
towards cars’ factors. Moreover, to evaluate whether the choice of the items of each factor was in fact accurate, confirmatory factor
analysis was technically performed during the estimations since the items were included as indicators in the measurement model
component of the HCM, as part of the latent variable structure.

Because of the complexity of the HCM estimation and the moderate size of the sample, only models accommodating a single
latent construct could be estimated. Of all the latent constructs in Table 3, ‘propensity towards cars’ was the only attitudinal factor
that produced statistically significant results in the HCM models. The other three cases returned non-significant results for the latent

1 The o’s cut-off points are taken from Gliem and Gliem (2003), Mallery and George (2003) and Hinton et al. (2004).
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Table 3
Factor loadings.
Items Propensity Environmental Cycling ease Propensity
towards cycling concern (ease) towards cars
(propcy) (envir) (propcar)
iul More cyclists on the roads contribute to reduce pollution 0.31 0.27 —-0.06 -0.02
12 I like taking part in reducing climate change 0.34 0.73 0.10 -0.13
13 Cities’ regulations must protect the environment 0.15 0.66 -0.20 -0.07
14 I like helping the environment 0.27 0.63 0.06 0.02
15 I generally talk about new technologies with my friends 0.02 0.50 0.28 —-0.08
16 I like cycling and enjoying nature 0.62 0.32 0.10 0.08
17 I like cycling to keep fit 0.70 0.24 —-0.09 —-0.02
18 I prefer to cycle to save money 0.76 0.02 0.23 0.10
19 I prefer to cycle to save time (less travel time, no need for 0.71 0.07 0.37 0.02
parking space)
110 1 prefer to cycle to avoid the crowds on buses and tubes 0.79 0.11 0.29 0.03
111 I would not like to cycle when it rains 0.08 0.31 0.03 0.60
112 I can cycle for many hours 0.40 0.10 -0.13 -0.16
113 I would like to cycle on separated bicycle lanes 0.39 0.37 0.12 0.20
114 Using a shared bicycle, I would not be worried about thieves 0.20 0.35 0.72 —-0.02
115 A shared bike is as handy as normal bicycle 0.19 0.05 0.52 0.01
116 Returning a shared bicycle, it would be difficult to find a docking —-0.04 0.27 0.37 0.27
station with free space
117 In the city where you previously lived there are many cyclists 0.07 0.32 0.45 -0.34
118 In the city where you previously lived most people drive 0.03 -0.13 -0.13 0.68
119 In the city where you previously lived having a car is a must 0.05 —-0.09 -0.10 0.66
120 In the city where you previously lived drivers do not respect cyclists —-0.01 0.13 —-0.40 0.30
121 In the city where you previously lived people generally wear a -0.14 0.06 -0.19 -0.21
helmet when cycling
122 In the city where you previously lived cyclists are not afraid to 0.00 -0.07 0.41 -0.12
cycle in the traffic
123 In the city where you previously lived elderly people are not safe —-0.08 —-0.05 —-0.03 0.37

when cycling

Table 4
Final clusters based on cluster centres.
Cluster 1 Cluster 2
(Propensity towards cars) (Aversion towards cars)
111 4.9 3.5
118 4 3
119 4 2

variables included in the choice model component and also presented some problems in identifying the socioeconomic variables
that characterise the structural model component.

The cluster analysis and HCM formulations presented in the remainder of the paper, therefore, took into consideration only the
‘propensity towards cars’ latent variable. Interestingly, this was a significant latent construct even in a population that did not use
cars so much (at least during their MSc course). This can be related to:

» the cycling practice of the respondents. For instance, the fact that 66% of respondents have less than one year of cycling
experience and 65% rarely cycle or never cycle;

+ the strong subjective norms internalised in their home country. For instance, for the two items characterising ‘propensity
towards cars’ which refer to the subjective norm of the individuals (items [18 and 119 of Table 3), the median for the items
“In the city where you previously lived most people drive” and “In the city where you previously lived, having a car is a must”
is 4 (i.e. Agree in the five-point Likert scale).

3.1.2. Cluster analysis

The psychometric attitudinal items characterising the ‘propensity towards cars’ factor, identified with help of exploratory factor
analysis, were clustered in order to classify individuals in the given social network. The aim was to find homogeneous groups with
respect to their ‘propensity towards cars’. Hence the three statements 111, 118 and 119 manifesting this latent factor (shown in
Table 3) were clustered at the base of their scale response for all individuals of the social network. Using non-hierarchical k-mean
cluster analysis, the survey respondents were classified into two clusters depending on the value of the cluster centres that are
shown in Table 4: Cluster 1 ‘Propensity towards cars’ is the cluster of individuals with high scale response (i.e. Agree or Strongly
Agree) to the three statements I11, 118 and 19 presented during the interview, and Cluster 2 ‘Aversion towards cars’ is the cluster
of individuals with low scale response. Table 5 shows the final number of individuals in each cluster after cluster analysis.

Looking at Table 6, the ANOVA results show that all three statements contribute to the clustering, as the F-tests are very
significant. Note that the ANOVA is not used to test a null hypothesis that compares cluster means but simply to indicate the
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Table 5
Number of cases in each Cluster.
Number of
individuals
1 45
Clusters 5 2%
Valid data points for cluster analysis 71
Missing data points 0
Table 6
ANOVA.
Cluster Error F Sig.
Mean square df Mean square df
111 30.779 1 749 69 41.078 .000
118 41.156 1 736 69 55.945 .000
119 42.276 1 720 69 58.698 .000

contribution of each statement in the accomplishment of the cluster solution. Indeed, the maximisation of the difference among
cases in different clusters and, consequently, the minimisation of the difference within the clusters correspond to an increase in the
F value (Rogerson, 2014).

3.1.3. Specifying the I PA variable

Information from the cluster analysis results and tie strengths characterising the interaction matrix of the social network were
then combined to obtain the I PA variable for the specific case study.

Let us consider the social network graph (N, w), where N = [1,...,m, ..., n] represents the contacts in the social network (» is
the total number of individuals) and w;; is the weight or tie strength representing the relations between nodes i and j (i.e. the social
proximity between individual i and the contact j). w; ; 1s the element defining the interaction matrix W, which is a [n X n] matrix.

Each connection, j, is categorised in line with the cluster analysis outcome so that c¢; equals 1 if individual i belongs to Cluster
1 of Table 5, and 0 otherwise:

@

{1, if connection j is an ‘inclined to cars’ person
¢ =
J

0, otherwise

Subsequently, the interaction matrix W and the vector of the dummy variable c; characterising the ‘propensity towards cars’ are

multiplied so that each element a;; of the resulting matrix F = W - ¢; is defined as follows:

(2)

w;; ¢;, if jis an ‘inclined to cars’ peer of i’s social network where i # j
a;: =
Y 0, otherwise

To summarise, the I PA variable is characterised by both personal psychometric characteristics, ¢;;, and the individual’s tie
strengths, w;;, (specifically in this case the social proximity). Given the total number of possible contacts m for the individual i,
the variable 7 PA; that was specified and tested during the estimation is a continuous variable representing the magnitude of the
number of contacts who are inclined towards cars, with their tie strength (Eq. (3)) (Manca et al., 2019):

m

IPA; =Y a; 3)

j=1
3.2. The joint HCM accounting for multiple social influence effects

The modelling framework including the I PA variables is a discrete choice model that enables us to account for all the individual
attitudes and the other individual’s social network effects discussed in Section 2. Precisely, the model used for this purpose is a joint
HCM which is estimated using a two-wave SP dataset, incorporating the latent variables and including the different measures of
social influence and social interactions.

First of all, following Jensen et al. (2013), the basic utility function (i.e. the choice model component) of the joint SP1/SP2
model associated with alternative a in the stated preference task choice ¢t = [1,...,T] by the individual i can be specified as:

UsP! = ASCIPV + B30 X iy + B3ENS, + B35 Atty + gy + €57

ait S aAtt ait (4)
SP2 _ SP2 S P2 SP2 SP2 SP2
U, m = QASC " + By " Xois + Bog ~Si + Boa Atty + pg +€5,7)

where X, represents the attributes of the alternative, .S; represents individual socioeconomic characteristics, Ar; is the latent
variable vector, f,x, f,s and .4, are the respective parameters to be estimated, and ASC, represents the alternative-specific
constants.
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Regarding the error terms in the equations, u,; ~ N(0,0,) is the error component normally distributed, which represents the
correlation among the choices in the SP1 and SP2 experiments for each individual, while £5”! and e57? are the error terms that are
assumed to be identically and independently distributed Extreme Value type 1 and characterise the logit model formulation.

It is important to note that the variances, ‘735 and o2 ,,, of the errors terms £5F! and £5F? associated with the two data sources

P1 SPZ ’
(SP1 and SP2) may differ by a certain value ¢ for Wthh 66 = ¢20£25 o @ is called scale coefficient and multiplies the SP2 utilities
so that £37! and 572 share the same variance and we can safely proceed with the joint model estimation (Orttizar and Willumsen,

2011).

Now let us discuss the formulation of the latent variable, Art; (which, in this specific study, represents the ‘propensity towards
cars’ of the individual /). In accordance to Walker (2001) and Ben-Akiva et al. (2002), the latent variable is characterised by the
structural model component and the measurement model component which are estimated simultaneously with the choice model
component.

The structural model component associates the latent variable to socioeconomic variables S’ of the individual i (Walker, 2001;
Ben-Akiva et al., 2002) but also to one of the measures of social influence: the I PA variable (Manca et al., 2020). The I PA variable
is included in the structural model component in order to take into account the indirect effect generated by the peer attitudes (i.e. the
peers’ propensity towards cars) on the decision-making process of the individual. Therefore, the structural model component can
be specified as follows:

Att; =c+6S] +yIPA; +v, (5)

where c is the intercept, § and y are the parameters related to the socioeconomic variables and the I PA respectively, and y; is the
noise, assumed to be normally distributed N (0, o).

Finally, the measurement model component relates the latent variable Art; and its indicators I;; for f equations and each
individual i:

Iy =d;y+0,Att; +vy, with f=1,...,F (6)

where f equals the number of items that manifest the latent variable and are previously identified with exploratory factor analysis as
shown above, 6, is the coefficient characterising the association with the latent variable Att;, d, is the intercept and v ; is the noise,
assumed to be normally distributed N (0, ¢,). In contrast to Jensen et al. (2013), the measurement model component is assumed to
have fixed indicators over SP1 and SP2 (i.e. the interviewees did not respond to the psychometric question twice). This was done
because it is very unlikely that there would be changes in the individual’s latent attitudes after a single social interaction. Attitudinal
changes require a much longer time to be assimilated, especially in presence of fixed social structure governing individuals or
groups and, therefore, in absence of ‘liminal’ periods when individuals are more open to changes in lifestyle and aspects of the
self-concept (Turner et al., 1969; Axsen et al., 2012). Nonetheless, to avoid problems of identification, d I of the first indicator is set
to be equal to 0 and 6, is set to be equal to 1, following the normalisation shown by Ben-Akiva et al. (2002).

Given the specification of the utility functions in Eq. (4), for each part of the interview (i.e. w = S P1 before and w = .S P2 after),
the probability of individual i of choosing the alternative a during the choice task ¢ can be written as follows:

exp(ASCIPY 4 BSPUX iy + BSTLS, + BSTL At + pyy)

Pgtpl(”ai’ )=
Y ocn eXp(ASCSP! 4 ﬂSPlXa” T ﬁsms‘ + ﬁfA’;tlAtti + pyi) @
PSP - exp(P(ASCSF2 + pSE2X .+ BSE2S, + pSL2 Att; + pyy)
Y A exp(P(ASCSP2 4 pSPIX 4 PSP, + pSP2 Att, + 1))
Now, considering an individual i and a set of alternatives o' = (a',...,a") for each choice experiment ¢, the unconditional

probability is given by the following integral over the distribution of y, and y; (Jensen et al., 2013):

Pl = / H a,,(ua,-#,-)gm,(y,-)Hg,f(lfiIAtti(V,-))g(M)g(V)dudy ®
/

ait
of the indicators (which in this case do not vary over w).

Having clarified the basic structure of the joint HCM estimated with a joint SP1/SP2 dataset, it is now illustrated how to include
in the model all the different measures of social influence: the direct social interactions, the hypothetical rate of adoptions (i.e. social
descriptive norms) and the RLI variables. In mathematical terms, Eq. (4) representing the Choice Model Component now becomes:

where PY(u,.7,;) is the conditional probability of choosing a in task t while g,f(] rilAtt;(y;)) is the conditional distribution function

SPl1 SPl SP1 SP1 SP1
Ualt V ﬂaAtt Att + ﬂ SNan + Hai + gan‘ (9)

SP2 SP2 SP2 SP2 SP2 SP2 SP2 SP2 SP2
Ualf ¢(Valt + ﬂaAtt Alt + ﬁ SNmt ﬁRLI RLlalt —1In ait + Hai + it )

where V,;, = ASC, + B,x X ,i; + B,sS; is the systematic utility, including alternative characteristics X, and socioeconomic variables
S;; SN, is the effect of the normative conformity defined by the adoption rate within the social network; RLI,, is the vector
of RLI variables and In,,, the inertia effect, defined in accordance to the general formulation (Cantillo et al., 2007; Cherchi and
Manca, 2011; Gonzélez et al., 2017):

InSP2 = gSP2 (ySP1_ySP1y (10)

ait kit ait
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Fig. 3. Conceptual model.

which implies that, during SP2 choice tasks, the individual i also compares the systematic utility regarding the characteristics of
the alternative « in SP1, I'/aftp !, to the systematic utility regarding the characteristics of the alternative k actually chosen in SP1
choice tasks, V;5P!. When In,,, is positive there is inertia to keep preference to the same alternative chosen at SP1; when In,,, is
negative there is the propensity to change with respect to SP1 choice; when In,;, equals zero there is neither inertia nor propensity
to change (Cantillo et al., 2007).

05P2 can vary systematically, randomly,? as a function of the socioeconomic characteristics, S, but also as a function of the
group’s perception variables, S1, related to the transport technology that is object of the study (Manca et al., 2019). These ST
variables can represent both advantages and disadvantages of the technology that were registered by the respondents during the
live interactions in between SP1 and SP2, the experience of “accelerate reality” in which the respondents ranked benefits and
drawbacks of cycling and bike-sharing. In this specific work, 6 is made to vary systematically and as a function of the group’s
perception variables, S, so that 6 = 0;, + 0g; * SI.

Fig. 3 provides a visualisation of the conceptual model elucidating the different elements characterising the specification of the
three model components that are explained in this section:

3.2.1. Different formulations of inertia

In the formulation of Eq. (10), the difference V5! — V:3P! entails a comparison between V5F!, the utility of the alternative
a in SP1, and katp !, the utility of the alternative k actually chosen in SP1 choice tasks. The comparison of the utility between
the alternative a and the alternative k actually chosen in SP1 has, therefore, no restrictions. This means that all alternatives
a€ll,...,k,...,a,..., A] of the dataset are considered in the difference of Eq. (10).°> However, to better understand the phenomenon,
it might be important to restrain the set of the alternatives chosen k, to ‘isolate’ the inertia effect among alternatives.

In this study, two different formulations of the inertia variable (besides the parameter specification) were tested. For instance, in
the specification of the first model presented later in this paper (HCM1), the alternative a represented the dockless bike-sharing while

2 In case 9;‘:{’ 2 is considered to be randomly distributed, another dimension has to be added to the integral of Eq. (8) (Cherchi and Manca, 2011).
3 Note that when k = a the difference V3" — V5" =0 and, consequently, there is no inertia.
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Fig. 4. Plot of SP1/SP2 parameters.

k indicated the complete set of alternatives that could have been chosen at SP1; hence, the utility VSP! of dockless bike-sharing
was made in comparison with the utility of all the alternatives in the choice set. It was also worthwhile, however, to exclude from
the comparison the utility VP! of bike-sharing with docking station in order to check the general propensity to keep specifically
choosing shared taxi against dockless bike-sharing, presented in model HCM2.

The joint HCM accounting for these multiple elements was estimated using the Simulated Maximum Likelihood performed in
PythonBiogeme (Bierlaire and Fetiarison, 2009).

4. Empirical results

The HCMs included in Table 7, HCM1 and HCM2, were specified to include all the different social influence processes following
the general conceptual framework in Fig. 1. From the first and second columns of Table 7, it is possible to classify the different
parts included in the specification of the models, that is identifying which component of the HCM the parameters belong to and
which type of social influence process is being captured.

4.1. Choice model component

The choice model component includes all the attributes of the alternatives, the inertia effect, the normative conformity and the
latent variable. Here is a detailed description of the results:

4.1.1. SP design variables (attributes of the alternatives)

First, the parameters of the SP design attributes — Travel Cost, Travel Time, Walking Time and Weather conditions — which are
common between SP1 and SP2, were kept generic all through the estimation process. Prior to making this decision at the beginning
of the estimations, we tested the relationship that the parameters separately estimated across SP1 and SP2 are equal apart from
the scale coefficient ¢ : p5F2 = ppSP! (Louviere et al., 2000; Orttizar and Willumsen, 2011). For instance, two distinct Multinomial
Logit models(MNL) models including the SP design attributes were estimated with SP1 and SP2 data. Subsequently, the parameters
of these two models were plotted in order to check the “equality across preferences in the datasets” (Louviere et al., 2000). The
plot produced a cloud of x-points with a positive slope, as shown in Fig. 4, representing the attributes that are not dispersed from
the line characterised by a slope ¢ = 1.05 (calculated estimating the corresponding joint model M NL,,,, of the two starting M NL
models). It was, therefore, possible to proceed keeping the parameters as generic.

Now, looking at the results in Table 7 and considering both models HCM1 and HCM2, the estimates for the SP design attributes
of the different travel modes (shared taxi (Taxi), bike-sharing with docking station (BSd) and dockless bike-sharing (BSw)), are
all statistically significant (|7 — test| > 1.96) at more than 95% confidence level with a negative parameter for time and cost. For
example, referring to HCM1, the generic parameter of bike-sharing travel cost equals —0.75 while the parameter of taxi travel cost
equals —0.52 (very similar results were found for HCM2). The magnitudes of the travel cost coefficients suggest, therefore, that
individuals perceive the cost of bike-sharing as more onerous than the cost of the taxi. Although the taxi might be a more expensive

join
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Table 7
Complete HCM with multiple social influence variables.
Name HCM1 HCM2
Value t-test Value
ASC (both BS) 11.10 6.88%* 11.9
ASC (Taxi) 9.68 4.58** 9.84
Py - Travel Cost (both BS) -0.75 -0.76
Py - Travel Cost (Taxi) -0.52 -0.55
Attributes of Py - Travel n‘me (botﬁ BS) -0.12 -0.13
the alternatives Py - Travel time (Taxi) -0.14 -0.14
By - Walking time (both BS) -0.17 -0.18
Px - Weather light rain (Taxi) 3.09 3.23
u (both BS) 5.00 6.57** 4.66
u (Taxi) 2.32 6.60** 3.33
Choice model ¢ (Scale coefficient)** 1.08 0.77 0.96
Normative conformity Bsn - Social norms (both BS) 0.38 3.85%* 0.43
0, (BSw_SP2) - formulation 1 0.53 2.15*
0,, (BSW.SP2) - formulation 2 0.16 0.67
Inertia & interaction 0g; - Avoid congestion (BSw_SP2) - formulation 1 -0.71 —3.03**
with perceptions 0, - Safety concern (BSw_SP2) - formulation 1 1.05 3.46%*
0, - Avoid congestion (BSw_SP2) - formulation 2 -0.61 —2.57%%*
Og; - Safety concern (BSw_SP2) - formulation 2 0.64 2.47*
RLI Prer - Operation - diffusion (both BS SP2) 0.11 0.37 0.486 1.43
Prir - Own benefit - translation (both BS_SP2) —2.54 —7.98%* -1.96 —3.44*
Latent construct Pay - Latent - Propensity to cars (both BS) -0.14 —3.50%* —-0.09 —2.4*
S’ - Age (>25y0) -0.16 -2.30* -0.24 —2.24*
S’ - High cycling experience —-0.08 —2.29* —-0.09 —2.21*
Structural model S’ - Gender - Male 0.14 2.30* 0.20 2.22%
IPA - (Propensity to cars) 0.50 2.28* 0.52 2.14*
cry 4.65 40.24** 4.58 32.13**
Yiv -1.55 —3.55%* -1.56 —3.51**
d - Intercept indicator 118 -9.81 -1.55 -10.20 -1.54
d - Intercept, indicator 119 -17.80 -1.86 -18.30 -1.83
Att - Coefficient, indicator 118 2.95 2.26% 3.04 2.22%
Measurement model Att - Coefficient, indicator 119 4.54 2.29* 4.64 2.24*
v - Standard deviation, indicator 111 —0.45 -1.88 —0.45 -1.88
v - Standard deviation, indicator 118 -0.24 —2.08* -0.24 —2.09*
v - Standard deviation, indicator 119 -3.96 —17.10** -3.23 —13.09**
N.param. 31 31
N.obs. 816 816
Overall statistics N.draws 2000 2000
and model fit Final LL —-725.15 —-731.40
Adjusted p* 0.393 0.388
AIC, 1514.8 1527.3

[“++'] |t-test| against 1.
p-value significance: 0 “**’ 0.01 “*’ 0.05.

option, the individuals might value that the taxi is a more comfortable service (e.g. no walking time, no need of physical effort,
no risk to get wet, etc.) for which their willingness to pay more. Always referring to HCM1, the generic parameter of bike-sharing
travel time equals —0.12 while the parameter of taxi travel time equals —0.14 (again, very similar results were found for HCM2).
In this case, the magnitudes of the travel time coefficients indicate that individuals are almost as sensitive to changes in the taxi
travel time as in the bike-sharing travel time. This might be related to the hypothetical context of the study where the individuals
were asked to think about a trip that they had to make in a certain time window in order to attend an important lecture. Therefore,
no matter the mode of transport, a longer travel time would strongly affect their activity at the destination. The positive sign for
a dummy indicating light rain (i.e. weather condition) included in the utility of the alternative Taxi indicates that people prefer to
take a taxi than cycling on a rainy day, as expected.

The ASC coefficients (also considered generic between SP1 and SP2) present a positive sign indicating an inherent preference
of the interviewees for the three travelling modes (Taxi, BSd and BSw) with respect to the alternative None of them, fixed to zero
during the estimations and left as reference.

The effect of sociodemographic variables, such as age, gender and cycling experience of the respondents, was also tested but
were never found to be significant in the choice model component. Therefore, in this specific case, the sociodemographic variables
do not help explain the heterogeneity in the individuals’ preferences. However, they will be employed with more success to define
the structural model component of the latent variable in the next subsection.
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The latent variable (‘Latent propensity towards cars’) coefficient is very significant at more than 95% confidence and with a negative
sign, which means that being ‘incline towards cars’ is correlated to a reduction in the utility of both BS in which is included. As said
in Section 3, no other latent variable gave significant estimates.

To take into account the correlation between the two types of bike-sharing systems, the panel effect was kept generic for both BS
while specific between Taxi and both BS. Their high significance indicates the presence of the suspected correlation between these
two very similar modes but also the presence of the preference heterogeneity for the alternatives across individuals.

The small |7 — test| against 1 of the scale coefficient ¢» shows that this parameter is not statistically different from 1 and, therefore,
the difference in the variance of the errors associated with the two data sources SP1 and SP2 is not significant.

4.1.2. Normative conformity, direct social interactions and RLI processes

For what concerns the social norm variable, the hypothetical adoption rate of peers was included in both bike-sharing utilities
and showed a positive and significant effect on preference for these alternatives. This means that a greater rate of adoption of
bike-sharing in the individual social network corresponds to a higher probability to choose the transport modes.

The only substantial differences between HCM1 and HCM2 is observed in the measurement of the direct social influence effect.
In fact, HCM1 and HCM2 differ with respect to their specification of the inertia variable as explained in Section 3.2.1. In HCM1,
the utility difference characterising the inertia (Eq. (10)) has no restrictions (i.e. the utility V5”! of BSw is made in comparison
with the utility V5?1 of BSd and Taxi). In HCM2, however, the utility VS”! of BSw is only made in comparison with the utility
VSPL of Taxi.

First, the inertia variable was only included in the utility of BSw because, during the estimation process, it was not found to
be significant for BSd and Taxi. In HCM1, the average inertia effect over the population (6,) is significant at more than 95% and
positive, showing that there is an inertia effect from SP1 to SP2 scenarios which tends to reduce the utility of BSw. For instance, if
people chose BSd tend to prefer BSd again over BSw.

Nonetheless, looking at the interaction between the inertia effect and the perceived benefits and drawbacks of bike-sharing,
the group of respondents that (during the live social interaction) ranked the perceived cycling advantage ‘avoiding congestion’ of
high importance manifests propensity to change towards BSw if they previously chose another alternative, since this interaction
parameter is significant, above 99% confidence level, and negative. Instead, the opposite effect (positive and significant) is shown
by the group who considered highly important the perceived disadvantage ‘safety concern’. In this case, there is a reinforced inertia
effect.

Restraining the set of the alternatives initially considered in the specification of the inertia helps to further investigate its effect.
Interestingly, this variable loses its significance if the inertia systematic utility of the BSw is only compared with Taxi as previously
chosen alternative (HCM2). This loss of significance suggests that the main contributor of the inertia effect in the population with
respect to BSw is actually the BSd. On the other hand, the coefficients of the interaction between inertia and perceptions are
similar in magnitude and significance, suggesting, as expected, that ‘avoiding congestion’ and ‘safety concern’ are mainly affected
by comparison between BSw and Taxi.

For what concerns the RLI measures, in contrast to the simpler joint mixed logit models tested in Manca et al. (2020), only
one variable has been found to be significant: the ‘translation’ variable, deriving from a statement on the understanding of the
personal benefit coming from the use of bike-sharing systems. This variable is very significant (> 99% confidence level) and negative,
suggesting that the interviewees do not consider the bike-sharing system to be beneficial for themselves. Instead, with the inclusion
of the latent variable (‘Latent propensity towards cars’), the coefficient diffusion variable on the understanding of the bike-sharing
system operation is not statistically significant anymore as well as the other variables regarding diffusion, translation and reflexivity.

4.2. Structural model component

Socioeconomic variables and latent ‘propensity towards cars’ appear in the structural component. The individual characterised
by such an attitude is male, younger than 25 years (both positive and very significant coefficients), not with high cycling experience
(the variable ‘high cycling experience’ equals 1 when the individual with 2-year experience or more, 0 otherwise, and its coefficient
is, in fact, negative and significant). In addition, this individual is likely to be part of a social network in which the peers are
also inclined towards cars. The ‘propensity towards cars’ attitude of this individual is strongly related to the ‘propensity towards
cars’ attitude of his peers in the social network (the I PA variable is positive and significant); the decision-making process of the
individual is indirectly affected by the peer attitude through the inclusion of the latent variable in the model.

4.3. Measurement model component

As previously mentioned the measurement model is actually a confirmatory factor analysis that tests whether the indicators
manifest the latent construct. The results for the coefficients of indicators 2 and 3, both with a significance greater than 95%
confidence level, show that there is in fact correlation between the indicators and the latent construct.

Finally, treating the parameters as random variables and conducting t-tests to compare the parameters of the two models we
found (as expected) that all the parameter values are not significantly changed between HCM1 and HCM2 with all | — fest| < 1.1.
Therefore, to help understand which of the two models better fits the data, we look at the goodness-of-fit measures shown in Table 7.
However, since the models are non-nested (i.e. the inertia effect has a different formulation in HCM1 and HCM2 so that the likelihood
ratio test cannot be employed), we compare the AIC, values and the adjusted p>. The lower AIC, value and the higher adjusted
p? value for HCM1 confirm that this model is better than HCM2 in terms of goodness-of-fit. HCM1 can therefore be considered the
best model specification to produce the scenarios in the following section.
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Table 8
Scenarios used to obtain the utility differences among BSd, BSw and Taxi.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6 Scenario 7 Scenario 8

Difference in the SP design variables

Cost, BSw - BSd (£) 0.50 0.50 0.50 —-2.50 0.50 —0.50 —2.50 —2.50
Cost , BSw - Taxi (£) -5.50 -5.50 —-5.50 -7.50 —-5.50 -3.50 -7.50 -5.50
Cost, BSd - Taxi (£) -6.00 —-6.00 —-6.00 -5.00 —6.00 -3.00 -5.00 -3.00
Travel time, BSw - BSd (min) —4.00 4.00 0.00 1.00 -1.00 2.00 —4.00 -2.00
Travel time , BSw - Taxi (min) -1.00 5.00 —4.00 -7.00 —-7.00 2.00 —4.00 -1.00
Travel time, BSd - Taxi (min) 3.00 1.00 —-4.00 -8.00 —6.00 0.00 0.00 1.00
Walking time, BSw - BSd (min) 9.00 -1.00 —-1.00 9.00 -1.00 2.00 9.00 -1.00
Walking time, BSw - Taxi (min) -12.00 -2.00 -2.00 -12.00 —-2.00 -12.00 -12.00 —2.00
Walking time, BSd - Taxi (min) -3.00 -3.00 -3.00 -3.00 -3.00 —-10.00 -3.00 -3.00
Hypothetical bike-sharing adoption rate 25% 0% 75% 50% 75% 25% 50% 0%

Individual’s characteristics

Age (>25y0) 17% 17% 17% 17% 20% 17% 20% 17%
Male 83% 83% 83% 42% 30% 83% 30% 42%
High cycling experience 25% 25% 25% 42% 20% 25% 20% 42%

Market share probabilities

Probability of choosing BSd 54.8% 67.3% 60.8% 48.2% 51.8% 10.9% 31.2% 8.8%
Probability of choosing BSw 16.9% 31.1% 38.5% 40.2% 47.8% 18.6% 57.0% 55.8%
Probability of choosing Taxi 28.0% 1.4% 0.6% 11.2% 0.3% 70.1% 11.7% 35.2%
Probability of choosing None of them 0.3% 0.3% 0.2% 0.3% 0.2% 0.3% 0.2% 0.1%

5. Discussion

This paper presents a new conceptual and modelling framework that enables us to disentangle and quantify simultaneously
multiple social influence effects affecting the decision-making process of the individual. This structure makes it possible to relate at
the same time social live interactions effects, social influence processes of diffusion, translation and reflexivity, conformity processes
related to social norms such as the hypothetical adoption rate in the individual social network, and correlated effects related to
psychometric factors such as attitudes, norms and perceived behavioural control of the individual social network.

In addition, the results of this complete model can also be used in practical terms to investigate the impact of the different social
influence components on individual preferences through the analysis of the part-worth utility as presented below. Before proceeding
with the following analysis, it is worthwhile to check whether the magnitude of the parameters in the model produced realistic results
in terms of sensitivity to time and cost (i.e. looking at the estimates of the value-of-time in the UK), no matter the limitations of the
sample explained in Section 2.1. Although it is not possible to find precise values-of-time for bike-sharing and taxi in the specific
condition of strike in London, those provided by the Department for Transport (UK) about private bike and private car in normal
conditions (VoTg;, = 3.50£/h and VoI, = 10.08£/h as illustrated in DfT, 2015) show that the values-of-time resulting from the
model estimations are quite reasonable (V oTg;1,5pqre = 9-58£ /h and VoTr,,; = 15.55£ /h for HCM1 and V0T gy, 554 = 10.43£ /h and
VoTr,.; = 15.77£ /h for HCM2). As expected, they are higher because (a) the hypothetical situation put the respondents under a
condition of strike and necessity to travel (i.e. they have to travel to attend the lecture), and (b) the bike-sharing has a travel cost,
unlike the private bike. This is a further confirmation of the reliability of the SP data collected for this study and its modelling.

5.1. Part-worth utility analysis

The following analyses were undertaken to understand the impact of the social influence measures on the individual preference
with respect to the other characteristics of the alternatives, such as cost, walking time and travel time. Following Cherchi (2017),
we identified eight realistic forecasting scenarios (Table 8), which were defined in accordance with the ranges of the attribute
levels specified in the SP experiment (i.e. the levels of cost, travel time, walking time and the hypothetical bike-sharing adoption
rate). An indication of age, gender and cycling experience characterising each specific scenario was also provided. To facilitate the
comparison of the relative impact, the difference in attributes between BSw and BSd, BSd and Taxi and BSw and Taxi was calculated.
Subsequently, the market share probabilities of each scenario illustrated in Table 8 were derived from the conditional probability
over the latent variable using only the dataset SP2, which is the part of the dataset collected after the group interaction. Finally,
the overall utility was calculated for all three transport modes. The three alternatives were compared in pairs by computing the
differences in utility (BSw—-BSd, BSd-Taxi and BSw-Taxi) and the relative contributions of alternative attributes and social influence
variables (i.e. the part-worth utility). The differences in the overall utility and the contribution of the alternative attributes are
presented in Figs. 5-7.

Since the normative conformity, diffusion and translation variables were all included in the model as generic, these variables
are not present in the comparison between the two types of bike-sharing in Fig. 5 while they are computed in Fig. 7 and Fig. 6. In
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Fig. 5. Difference in utility of Bike-sharing without and with docking station, and relative contribution of alternative attributes and social influence variables.

all three cases, the effect of the inertia* is remarkable and in certain scenarios can contribute more than the travel time, walking
time and cost (i.e. Scenario 3, Fig. 5). When comparing the two bike-sharing systems with Taxi, the cost is the main contributor
to the overall utility. In some scenarios, however, the social norms, the inertia effect and the translation variable have an impact
as high as (or higher than) travel time and walking time. The diffusion variable has a very low impact, as expected since it is not
significant.

Regarding the social influence effect generated by the attitudes of peers, although it is statistically significant, explaining part of
the heterogeneity, the I PA variable does not specifically affect the calculation of the choice probability. Indeed, the I PA explains
0.88% of the latent variable magnitude and even considering an increase of 60% in the number of peers with a propensity towards
cars the TPA contributes a maximum of 1.40% to the latent variable magnitude, with an increase of just 0.62% compared to the
magnitude of the initial scenario (Table 9), that generates no changes in terms of choice probability variations.

This outcome is different from the outcome shown in Manca et al. (2020) previously found in the EV context where the changes
in I PA could produce a change in the choice probability from 1% to 3%. This is likely due to the context-dependence and the type
of attitudes the I PA represents. In the electric vehicle context of that study, the I PA was related to the ‘openness to innovation’
and individuals were asked to choose between an electric vehicle and an internal combustion engine vehicle when buying a possible
future car. In this context, the I PA is related to ‘propensity towards car’ and individuals were asked to choose a travel mode in
the event of a strike, which is an unexpected and/or temporary situation. The context and the latent factors of this two studies are
quite different and not directly comparable. However, the results suggest that, in a choice with long term effects such as buying a
car, the influence of peers’ attitudes is more evident and might have a greater impact.

6. Conclusions

In summary, the results of this study show that the multiple social influence effects are highly significant and useful to explain
part of the heterogeneity in choice behaviour. Their impact can vary depending on the context analysed and the type of latent
variables included in the model. In the specific case of the master’s students cohort, the impact of direct social influence measures
was shown to be higher than the I PA measure. An important role is indeed played by the perception of benefits and drawbacks of
bike-sharing, which characterises the inertia effect, the RLI translation process, which represents the understanding of the beneficial
impact of bike-sharing for the individual, and the social norms variable, which represents the hypothetical bike-sharing adoption
rate. According to the sensitivity analyses, these are the social variables that mainly affect the bike-sharing utility and, consequently,
seem to play a major role in the decision-making process of the individuals. These findings show further evidence that the choice,

4 Note that, for the evaluation of the attribute contributions, the inertia is considered together with its negative sign —I n3P2 (Eq. (9)). As explained before,

this means that the inertia to keep choosing (In3* > 0) the previous different mode is going to reduce the utility of that mode where the variable is included,
while when there is a propensity to change (/n57? < 0) the utility increases.

ait
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Table 9
Effects of I1PA score on latent variable magnitude.
Change in the IPA score [%] Latent variable magnitude IPA proportion
(Structural Model Component) in the latent variable [%]
SN variation
—60% 4.687 0.36%
—40% 4.696 0.52%
—20% 4.704 0.69%
Current 4.712 0.88%
20% 4.720 1.03%
40% 4.728 1.23%
60% 4.736 1.40%
Weight variation
55% 30% 15% 4.704 0.70%
45% 30% 25% 4.709 0.79%
33% 33% 33% 4.712 0.87%
29% 48% 23% (current) 4.712 0.88%
25% 30% 45% 4.717 0.97%
15% 30% 55% 4.721 1.05%

especially in the context of new technology adoption is not only driven by the explanatory variables that the modeller can generally
observe but may well be affected by social factors which also facilitate the exchange of information regarding the technology.

Future studies may address the limitations that were encountered during this work. For instance, it would be interesting to take
into account the possible confounding effect generated by the social influence processes on the perception of the observable variables
and on the possible formation and variation of the choice set (as shown in Fig. 1). These further investigations might require the
use of panel revealed preference data which could provide information on the real choice of the individuals over time. This type
of data would allow us to better explore the individual’s preferences in the presence of diffusion and translation of information
regarding (a) newly available alternatives (i.e. a new alternative enters the individual’s choice set) and/or (b) the characteristics of
both known and unknown available alternatives (i.e. change in perception of the level-of-service variables after social interactions).

Without a doubt, this type of analysis is strongly dependent on the ability to collect specific information on the individual’s
social network, which is not so simple. People are generally not very keen on sharing personal and private information about their
social relationships or making them gather and interact in a social experiment as that one developed in this study. It is remarkable
to acknowledge that data collection plays an important role in specifying the I PA variable and capturing real social interactions.
Because of limited available data, the analysis is restricted to the influence among students and it is important to acknowledge
that non-university social networks (e.g. family, friend, etc. who might generate contextual effects) can also play an important
role in the decision-making process of the individual. Expanding this analysis to broader networks through snowball techniques
would make it possible to obtain a sample that is representative of the population and thence to be able to generalise the results
of our modelling framework. Finally, it would also be interesting to see this modelling framework applied to a combination of data
coming from classic egocentric techniques, as in this paper, and information from social media (e.g. Facebook and Twitter) in order
to disentangle and compare the magnitude of these different effects.
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