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Abstract

We investigate the role of peer effects in the workplace on individual active transportation
mode choices. We collect original data through an online survey on networks and sustain-
able behaviors among 334 individuals working in ten research laboratories at the University
of Grenoble Alps in February 2020. We apply linear and nonlinear models of peer effects
on active modal choice, untangling the role of conformism and strategic complementarity
11 in social influence. We show that given our data, a linear local-average specification is the
12 preferred empirical model of peer effects, and we estimate strong and significant endogenous
13 peer effects.
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1 Introduction

Reducing the use of private cars is a public policy priority due to both health and environmen-
tal concerns. Indeed, road traffic is one of the main contributors to greenhouse gas emissions,
reinforcing climate change. Emissions of atmospheric pollutants by cars also have serious health
consequences in terms of mortality and morbidity. Last, the important use of private cars also
leads to noise pollution and congestion issues as well as sedentary lifestyles, which have become
an important public health issue, contributing to obesity and a lack of physical activity. Thus,
inducing modal shifts to active transportation modes (i.e., walk or bicycle) would simultane-
ously reduce the negative environmental and economic externalities of road traffic (pollution,
road wear and accidents (Bouscasse et al., 2022)) and the prevalence of several diseases linked to
inactivity (cardiovascular diseases, type-2 diabetes, and colo-rectal and breast cancers (Rojas-
Rueda et al., 2013)). Furthermore, due to both the high investment costs necessary to deploy
additional public transportation services and the important health benefits induced by the use
of active modes, it seems more interesting from a cost-benefit perspective to favor shifts from
cars to active modes rather than to public transportation (Bouscasse et al., 2022). In addition,
individuals generally highly value the private gains from health improvements when shifting
from car use to active modes (Bouscasse et al., 2023). Moreover, when shifting from car use
to public transport, members of the public are more reluctant to change their habits and to
experience a loss of utility for pure environmental motivations. Indeed, while several surveys
show that most people are aware of the benefits of reducing car use for environmental or health
reasons (IPSOS and BCG, 2017), in many cases, intentions do not translate into actual behav-
ioral changes (Sheeran and Webb, 2016). In 2017, 74% of French people who commute to work
used their car, 16% took public transportation and only 8% used an active mode (Brutel and
Pages, 2021). Even for distances of less than five kilometers, which might easily be traveled by

walk or bicycle, car travel still accounts for 60% of home-work commuting trips.

Public authorities are actively attempting to reduce the use of cars by introducing various
measures to encourage the uptake of alternative modes. For example, in France since 2010,
employers must reimburse 50% of annual public transportation passes. Since 2021, a so-called
sustainable mobility package (“forfait mobilité durable”) enables companies to voluntarily and
monetarily compensate their employees for traveling to work by means other than cars. These
two schemes are cumulative and exempt of taxes up to 500 euros per year per employee. Despite
the existence of these legal schemes and the development of bicycle and public transportation in-
frastructures, resulting changes in transportation behavior are rare. Indeed, behavioral changes
in transportation modes are particularly difficult to initiate. Like most other pro-environmental
behaviors, transportation mode choice depends on several intertwined economic, social and psy-
chological determinants and may be constrained by the institutions and infrastructure in which
these choices are embedded (De Witte et al., 2013; Sherwin et al., 2014). Such determinants of
modal choice include individual characteristics (age, gender, physical capabilities and cycling

experience, for instance) as well as specificities of the trip (speed, cost, infrastructure, slope,
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safety, availability of alternatives, congestion, etc). While accounting for these classical deter-
minants of modal choice, in this paper, we propose to estimate to what extent peer behavior

influences individual transportation choice.

Indeed, the literature on transportation mode choices has recently begun a shift from an in-
dividual focus to a social focus, and behavioral models have started to account for the social
context in which choices are made (Maness et al., 2015). A study in Canada has shown for ex-
ample that individuals widely shift from car to bicycle when commuting with a bicycle becomes
the social norm (Kormos et al., 2015). Similarly, a case study in England provides qualitative
evidence that most of the interviewees who were new bicyclists had been influenced by their
peers to change their transportation mode (Sherwin et al., 2014). However, to the best of our
knowledge, the quantitative literature on social influence on transportation mode choice has
only considered arbitrarily defined sources of social influence. The most common proxy for
explicit peer networks is spatial neighborhoods, which assumes that all individuals living in the
same area are sources of social influence (Dugundji and Gulyds, 2008; Goetzke and Andrade,
2010; Goetzke and Rave, 2011; Kim et al., 2017; Phithakkitnukoon et al., 2017; Pike and Lubell,
2016, 2018; Walker et al., 2005; Wang et al., 2015). Another approximation of peer networks are
implicit social networks, where all individuals sharing a specific characteristics are assumed to
be connected, as in a study of transportation behavior on US army bases by Morrison and Lawell
(2016), in which all employees who recently immigrated to the US or who were born in Latin
America are considered peers, although they might have never met. The fact that the literature
on social influence on modal choice has focused on analyses of spatial neighborhoods or implicit
social network is an important limitation, as social influence is more likely to operate and to
be identified through peer networks and explicit social relationships (Pike, 2014). Moreover,
studying the role of peer networks on individual modal choices broadens the scope of analy-
sis to the large body of literature on network econometrics and causal estimation of so-called

peer effects, i.e., accounting for the fact that individual choices are embedded in social networks.

Indeed, we feel that the recent developments in network econometrics are underused in the
modeling strategies of social influence in pro-environmental behaviors in general and in trans-
portation modal choice in particular (Wolske et al., 2020). Social environments play a significant
role in explaining individual behavior and in modeling individual preferences (Clark and Os-
wald, 1998). We are especially interested here in the estimation of endogenous peer effects, the
influence of one’s peers’ behavior on one’s own behavior. Peer effects can either be positive
or negative, revealing a complementarity or a substitutability, respectively, between individual
choices in a social setting. Negative endogenous peer effects relate, for example, to the infamous
free rider problem in public good provision, where one’s private contribution might be nega-
tively correlated with those of one’s peers. Positive endogenous peer effects are more diverse
and entail two main social phenomena depending on the type of pro-environmental behaviors
considered.

First, conformism to the social norm prevailing in one’s social group is an important source
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of positive endogenous peer effects, as individuals may account for their peers’ choices “to de-
velop and preserve meaningful social relationships, and to maintain a favorable self-concept”
(Cialdini and Goldstein, 2004, p.591). Individuals may conform to either or both descriptive
and injunctive norms, with the former referring to the individual expectation of peers’ average
behavior and the latter concerning how one’s peers might expect one to behave. As information
on injunctive norms is difficult to measure and collect, their impact is mostly studied in exper-
imental economics (see, for example, the work of De Groot and Schuitema (2012) and Smith
et al. (2012)). However, injunctive and descriptive norms are found to be strongly correlated in
pro-environmental behaviors and both can be approximated in empirical studies by the observed
behavior of peers (Farrow et al., 2017). In the context of transportation modal choice, a desire
for conformity might be observed if individuals select their transportation modes to match the
norm in their groups of peers.

Second, another source of positive endogenous peer effects is strategic complementarity, whereby
the utility an individual derives from a given behavior is enhanced if her peers also choose the
same behavior. Strategic complementarity is particularly relevant to transportation modal
choice or physical activities (Liu et al., 2014), as commuting to work with a given mode or
practicing a given activity might yield a higher utility when these actions are performed with
peers.

These endogenous peer effects are crucial to analyze because they can promote the dissemina-
tion of “good practices” through a change in a social norm or because they generate strategic
complementarities between individual choices. Endogenous peer effects are thus able to amplify
the impact of public policies beyond their direct effects, acting as a social multiplier of policies’
impacts. More precisely, if endogenous peer effects are driven by conformism, targeting the
peers of individuals with few social connections might be more effective, as the social norm will
be easier to change in relatively small social groups. On the other hand, targeting the peers
with the highest number of social connections — through which policies’ effects could spread —
would be more effective if endogenous peer effects are driven by strategic complementarity.
Social influence can also stem from peers’ characteristics rather than their behavior, which
is generally referred to as erogenous peer effects. Indeed, specific peers’ characteristics may
influence individual behavior, such as peers’ income, position on climate change, political ori-
entation or age (Manski, 1993). For example, an individual sensitive to exogenous peer effects
could refrain from using her car if most of her peers are environmentalists, regardless of their

own transportation modes.

In this paper, we study peer effects on transportation modal choices in the workplace using ex-
plicit data on colleagues network. Indeed, although most people spend a large part of their daily
lives at work, the diffusion of sustainable behaviors in this key arena of social interaction has
not been extensively studied. As social links with coworkers may not be perfect substitutes for
links with family or neighbors (Videras et al., 2011), one might also want to explore the impacts
of coworkers on individual behavior. To the best of our knowledge, studies of peer effects in

the workplace have almost exclusively sought to evaluate the impact of colleagues’ productivity
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on individual productivity (Beugnot et al., 2019; Falk and Ichino, 2006; Lindquist et al., 2022).
However, regular and friendly exchanges with colleagues during coffee breaks and lunches taken
together may lead to the adoption of new practices in non-work-related areas. Private and pub-
lic firms thus appear to be potentially favorable places in which to focus public policy efforts so
that more environmentally friendly mobility behaviors emerge and then spread to the private
sphere. Employers themselves can also favor the development of pro-environmental behaviors
in the workplace by informing employees that such behaviors are supported by the company
(Robertson and Barling, 2013; Wesselink et al., 2017).

The analysis of peer effects in the workplace on active modal choice proposed here is designed
to assess the extent to which interactions with colleagues can lead to the adoption of an active
transportation mode. To answer this question, we deployed a survey among ten research labo-
ratories (henceforth labs) on the main campus of the University of Grenoble-Alps in France and
constructed an original database gathering information on individual behaviors and their peer
networks in the workplace. To estimate causal peer effects, we adapt the generalized framework
of peer effects & la Liu et al. (2014) to a binary outcome, active transportation choice, following
recent developments in network econometrics (Boucher and Bramoullé, 2020). This generalized
model distinguishes between two sources of endogenous peer effects, conformism and strategic
complementarity, and disentangles endogenous and exogenous peer effects as well as correlated
effects due to lab specificities. Confirming the intuition in the economic literature on social
influence in pro-environmental behaviors, we show that conformism drives peer effects in active
transportation mode choice and we estimate that an individual whose peers all use an active
transportation mode has a 50 to 70 percentage point (pp) higher probability of using an ac-
tive mode than an individual with no peers using an active transportation mode. In addition
to various alternative specifications of the econometric models and robustness analyses of the
network data, we propose a nonlinear model of peer effects as an extension of our main model,
building on the classical papers in the network econometrics of binary outcomes by Brock and
Durlauf (2001) and Lee et al. (2014). Last, we extend our nonlinear framework to a multino-
mial outcome model, adapting Guerra and Mohnen (2022) to the transportation modal choice
among active modes, public transportation and cars. We believe that the empirical strategy
we develop in this paper demonstrates how peer effects can be estimated for a wide range of

pro-environmental behaviors.

The rest of the paper is organized as follows. Section 2 presents the study protocol, the data
collection process and descriptive statistics. Section 3 displays the empirical and identification
strategies of the generalized linear model as well as its microeconomic foundations. Section 4
reports the results of the estimation of peer effects, the extensions to nonlinear models as well
as alternative specifications and robustness analyses. Finally, section 5 discusses the results,
the methodological and empirical challenges of the study, its limitations and future research

opportunities.
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2 Data collection and descriptive statistics

2.1 Census and social network survey

We seek to study the impacts of the work environment on transportation choice. More precisely,
we wonder whether colleagues from the workplace influence behaviors that are not directly re-
lated to work but to personal choice. To carry out this study, we set up an original survey on

the university campus of Grenoble Alps. The data collection process is described below.

One of the challenges we face is the construction of the networks per se. While Grenoble Univer-
sity hosts more than 90 research labs at two distinct geographical sites, we drastically restricted
the number of research labs in which we wanted to deploy the survey to maximize the share
of each lab’s members participating in the study. Obtaining a high response rate per lab is a
crucial objective of the data collection phase to be able to trace the social interactions within
each research unit, and properly represent the peer network of each respondent. The higher the

response rate, the better able we will be to minimize bias in the analysis.

Therefore, the selection of labs was based on two criteria: (i) the lab must be located on the main
university campus and have only one geographical site and (ii) very large labs are excluded. This
resulted in a selection of 14 labs. In a second step, the director of each selected research lab was
contacted by email and/or phone to present him/her the study, confirm that the lab fulfilled
the two inclusion criteria and ask whether he/she would agree to us coming to present the
study in the lab to all the personnel. This second phase resulted in a final selection of ten labs
varying in size from 29 to approximately 300 persons (including permanent and non-permanent
staff and research and research support staff, excluding non-doctoral students).Ultimately, this
represents 1,335 workers. At informational meeting about the study in each lab, flyers were
distributed presenting the study!. This visit was followed by an email' sent to each member
of the selected research labs, recalling the purpose of the study and providing the consent
form to be completed to receive the baseline questionnaire. The description of the purpose
of the study was intentionally vague and referred only to social influence at work and not to
transportation mode choice to avoid self-selection bias. The collection of consent forms started
on January 7, 2020 and ended on January 27, 2020. Following the General Data Protection
Regulation guidelines, only staff who provided their consent and thus agreed to participate in
the survey received an email containing a link to the “baseline” questionnaire!. This survey was
conducted using the Sphinx software, and the questionnaire was therefore completed online by
each respondent. This survey was intended to collect information on the following elements:

Network. We asked participants to name the coworkers with whom they have the most
frequent and regular interactions. A list of colleagues appeared in the questionnaire. Only
individuals who consented to participate to the study appear on this list.

Behavior. We asked respondents what was the main transportation mode that they used

to commute to work in the last three months.

! Available at https://osf.io/nqat4/.
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Sociodemographic characteristics. We collected additional variables to account for in-

dividual heterogeneity and other determinants of modal choice.

The baseline questionnaire was sent on February 6, 2020, to the 465 individuals who agreed to
participate in the study. A first reminder was sent on February 11, 2020, and a second was sent
on February 18, 2020. In total, 407 individuals actually completed the baseline questionnaire.
Of these 407 individuals, some did not report social network information or were isolated (i.e.,
did not have any peers among the other participants), yielding 334 exploitable observations
for estimation. Table 1 reports the consent and participation rates for each research lab. The
protocol was approved by the multidisciplinary ethics committee of the University of Grenoble
Alps and complies with the General Data Protection Regulation. All documents related to the
survey were presented in both French and English.

Table 1: Survey

Labs 1 2 3 4 5 6 7 8 9 10 Total
Nb of obs. in the lab { 110 77 300 227 100 121 77 182 29 112 1,335
Nb of obs. consenting to participate 54 38 41 105 33 46 38 44 13 53 465
Nb of obs. filling the questionnaire 51 28 34 94 30 39 34 40 12 45 407

Nb of obs. fully exploitable 47 20 22 86 27 28 22 39 10 33 334
Potential participation rate I 46% 36% 11% 41% 33% 32% 44% 22% 41% 40% 35%
Actual participation rate F 43% 26% 7%  38% 2% 23% 29% 21% 35% 30% 25%

Notes: 1 The number of individuals in the research labs is an estimation at the time of the survey. I The
potential participation rate corresponds to the share of individuals consenting to participate who actually fulfilled
the questionnaire.F The actual participation rate corresponds to the share of individuals who correctly reported
network information and are not isolated, thus considered in the analysis.

Our database contains ten different professional networks composed of 10 to 86 nodes (individu-
als, Table 2). While individuals could cite up to six colleagues, the labs’ average number of peers
varies from 2.1 to 4, with a global average of 3.14 peers. We face a problem of mismeasurement
of the networks, as only lab members who agreed to participate to the study appeared on the
list of colleagues that could be cited (Table 1). Therefore, many respondents reported that they
wished to cite a colleague who did not participate to the study.

Table 2: Network characteristics

Labs 1 2 3 4 5 6 7 8 9 10  Average
NodesF 47 20 22 86 27 28 22 39 10 33 33.4
Directed edges+ 146 47 76 337 104 72 67 141 31 75 109.6
Average degreet 343 214 294 397 4.00 2.69 344 3.55 2.58 2.67 3.14

Share of nodes with
missing links}

82% 59% 8% 0% 9% 64% 74% 93% 5% 82% 78%

Notes: F number of observations, + number of directed links between observations, t average number
of peers cited by an individual, I people who wished to name someone who did not participate in the
survey.

Given that some respondents did not correctly complete the sociodemographic entries or network

information, the final data used for the empirical analysis encompass 334 individuals.
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2.2 Descriptive statistics

In the survey, we collected data on the main transportation mode used by individuals to com-
mute to work (Table 3). In our sample, 43% and 33% commute with an active mode or public
transportation, respectively, while only 24% use a car. Although not representative of the
distribution of modal shares in France, the data we collect are representative of the situation
in the Grenoble urban area. Indeed, the modal shares from a representative sample? of 548
individuals in 2020 are similar: 35% for active modes, 23% for public transportation and 38%
for car use. The differences between the two samples might be because we study a specific
population (members of research labs) working at the same campus which is particularly well

served by bicycle paths and public transportation relative to the rest of the Grenoble urban area.

We also collected sociodemographic characteristics: gender, age, number of dependent children
(less than 12 years old) in the household, household income range and the urban neighborhood
or rural city in which they live. Using the OpenTripPlanner tool (Morgan et al., 2019), we
estimate the duration and distance of the commuting trips (between the lab in which they
most often work and the centroid of their neighborhood at 8:30am) for each mode (car, walk,
bicycle, public transportation). In addition to the distance from home to work (measured as the
commuting distance by car), we created a variable measuring the relative opportunity cost (in
time) of the fastest active mode (walking or bicycle) to commute versus the fastest non-active
mode (public transportation or car) for a given trip. This variable, named relative opportunity
cost of active mode, averages at 27.6%, which means that commuting with the fastest active
mode (usually bicycle) is on average 27.6% longer than the fastest non-active mode (usually car).
This relatively low opportunity cost of active transportation can be explained by congestion and
traffic jams on roads and by the fact that some bike paths are less constrained by traffic lights. It
is thus possible to commute faster with the fastest active mode than with the fastest non-active
mode, which implies a negative relative opportunity cost of using an active mode. We also
gather information on health issues that may prevent the use of an active mode (“Do you suffer
from a health issue preventing you from using a bicycle or walking?”). We compute an index
of three questions about recycling and waste-sorting behaviors to proxy for pro-environmental
behaviors.? There are 41% of women in the sample. The average age is 40 years; 63% of the
sample holds a PhD. The individuals in our sample have an average of 0.52 dependent children
and have worked in their research lab for 9.6 years (see Table 3). Note that there are no
significant differences between the share of individuals that have a driver’s license or own a car

between the individuals that use an active transportation mode and the others.

2 Enquéte Mobilité Certifié Cerema (EMC2) (obtained from the French Ministry of Ecological Transition and
Regional Cohesion: https://www.cerema.fr/en/cerema)

3The three questions are the following: “How often do you recycle items that you do not need anymore?”, “How
often do you sort your household waste?”, “How often do you purchase items with low packaging?”. Answers
were provided on the following four-level scale: Never/ Rarely/ Often/ Always.
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Table 3: Descriptive statistics

Obs. Mean Std. Dev. Min Max

Main commuting mode in the past 3 months

Car 334 0.24

Active mode t 334 043

Public transportation 334 0.33

Sociodemographic characteristics

Male 334 0.59 0.49 0 1
Age in years 334 39.8 11.3 23 75
Years working in the research lab 334 9.5 9.2 0 50
Number of dependent children 334 0.52 0.88 0 3
Holds a PhD 334 0.63 0.48 0 1
Health issue 334 0.05 0.21 0 1
Pro-environmental behaviors® 334 0.78 0.17 0 1
Household monthly income < 2000 € 334 0.22

Household monthly income 2000 - 4000 € 334 0.32

Household monthly income 4 000 - 6 000 € 334 0.32

Household monthly income > 6 000 € 334 0.14

Commuting trips’ characteristics

Commuting distance via car (km) 334 149 22.6 0.9 233
Commuting time via car (min) 334 26.2 15.3 5.2 141
Relative opportunity cost of active mode 334 27.6% 92.2% -56%  429%

Notes: T the share of people whose transportation mode is bicycle or walk.

3 Empirical strategy

To measure the influence of peer effects on active transportation choice, we adopt a sequential
strategy in which we estimate different specifications of linear models of peer effects. We first
propose a generalized model of peer effects in active transportation choice, where we distinguish
the two main sources of endogenous peer effects, strategic complementarity and conformism.
We then test for simpler specifications, which include only one of the two mechanisms, yielding
the local-average model with conformism and the local-aggregate model with strategic comple-
mentarity. All three models are able to disentangle endogenous peer effects, exogenous peer
effects and correlated effects and are identified when we use instrumental variables for peers’
modal choices (Bramoullé et al., 2009; Liu et al., 2014). We also account for network endogene-
ity by estimating in a first step an unobserved individual variable that captures the unexplained
individual heterogeneity in the formation of the network (Houndetoungan, 2020; Hsieh et al.,
2020; Johnsson and Moon, 2021). We assume that active transportation choice depends on
individual spatial variables (distance from home to work), sociodemographic characteristics of
the individuals (age, gender, number of young children, highest diploma, household’s monthly
income), the transportation mode of their peers (endogenous peer effects), peers’ characteris-
tics (exogenous peer effects), the common environment faced by individuals from a given lab
(correlated effects) and gregariousness (which accounts for network endogeneity). Furthermore,

the generalized linear model of peer effects and the two local restrictions can be microfounded
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on individual utility maximization as shown below.

3.1 Microfoundations

As explained in the introduction, endogenous peer effects can be distinguished with respect
to two mechanisms: a desire for conformity to the norm prevailing in one’s peer group and
strategic complementarity, where an individual’s utility depends on the sum of peers’ behavior
or effort, not the norm. Following the literature on network econometrics (Akerlof, 1997; Liu
et al., 2014), we propose the following microfoundations for our econometric model of peer
effects in transport modal choice, where individuals simultaneously choose y; to maximize the

following utility function in a network game:

1 -
> 5 yi2+7/’2(yi—zgijyj))27 ij=1,...,n. (1)
J#i J#i

payoff cost

wiys) = | 7+ > aiy; | vi— 5

where a;; is a cell of the adjacency matrix A that represents the network and a;; = 1 if individuals
i and j are peers, 0 otherwise. Denoting by n the number of nodes in the network, i.e., the
sample size, A is thus an n x n matrix and a;; = 0, i.e., self-influence is not allowed in the
model. Moreover, a;; may be different from aj;, as the network is directed: individual ¢ may
consider individual j a peer, whereas j may not. The sum of each ith row in A gives the
number of peers of individual i, i.e., its out-degree. We obtain the social interaction matrix G
by normalizing each row of A so that its sum equals unity: Z#i gij = 1. Z‘#i 9ijy; is thus
the share of individual i’s peers who use an active transportation mode, i.e., a measure of the
social norm in individual i’s social group.

The utility gain for individual 7 is modeled as a linear function of the individual modal choice y;,
with 7} capturing the direct benefit from choice y; and i @ijYj, asocial benefit emerging from
the complementary of individual 4’s choice with the mobility behavior of her peers. Individuals
also suffer costs from their modal choice, modeled as a quadratic function of y; (private cost
of choice y;) and the deviation from the average choice of the peers, (y; — Z‘#i gijy;). The
average choice of one’s peers, i 9ij¥5»> 1s commonly used as a measure of the norm prevailing
in individual ’s social group. Following Akerlof (1997), failing to conform to the social norm is
costly, and the cost is increasing in the social distance between one’s choice and the norm.
Social influence thus affects the utility function in two ways: as an increasing function of the
number of peers choosing a similar transportation mode and as a decreasing function of the
distance between one’s choice and the social norm (i.e., the average choice among one’s peers).
The first-order condition for the maximization of the utility function (Equation 1) yields the

following best-response function:

vi=mi+ By agy+ B2y gy, i =1,...,n. (2)
JF#i J#i
10
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with 8 = %, Bo = 11%2 and m; = JW The consistency between the utility function and

the best-response function is ensured bezause the relative difference of 8; and fs is proportional
to the relative difference of ¥; and o (% = %) (1 thus captures the endogenous peer effects
stemming from strategic complementarity, while S2 estimates the endogenous peer effects due
to the desire to conform.

Moreover, as Equation 2 is the first-order condition for the maximization of the utility function

1, the global endogenous peer effects are given by %ﬁﬁ‘) = gz; =/ Zj# aij + B2 Zj# gij- If
B1 > 0, we detect strategic complementarity, and we identify strategic substitution if 5; < 0.
If B2 > 0, we uncover conformism in individual behaviors and observe deviance if Sy < 0. Let
B1 > 0 and B2 > 0, as previous empirical evidences on social influence on active transportation
choice tend to illustrate. Then, 81 represents the increase in the probability of choosing an
active transportation mode when, ceteris paribus, an additional peer chooses an active trans-
portation mode. By captures the increase in the probability of choosing an active transportation
mode when, ceteris paribus, the share of peers using an active transportation mode increases
from 0% to 100%.

Finally, under the assumption that 8; > 0 and S2 > 0, the Nash equilibrium derived from by
the best-response function 2 is both unique and interior if the condition ¢g"**(3) + B3 < 1 is

met, where g™

is the maximum number of peers observed in the network (Liu et al., 2014).
This condition imposes a restriction on the intensity of endogenous peer effects, ensuring the
existence of a single and stable interior Nash equilibrium of the network game. The satisfaction

of this condition can be assessed with the estimated parameters.

3.2 Econometric models of private utility

The best-response function (Equation 2) can be estimated by letting m;, the individual pay-
off from choosing y;, be expressed as a function of individual characteristics and unobserved

heterogeneity (preference shocks):
m=a+Xv+e, i,j=1,...,n. (3)

where X; is the i row of the n x k matrix of sociodemographic and spatial variables X, 7 is a
k x 1 vector of parameters and ¢; is the i element of an n x 1 vector of preference shocks e.
Then, a simple and temporary expression for the econometric model stemming from the network
game is:

yi=o+ Xy + By aiy; + B2 Y gy + e, i =1,...,n. (4)
i i#

Adapting the strategy of Boucher and Bramoullé (2020), we estimate Equation 4 and further
specifications as a linear model. As y; is a binary variable in our analysis, i.e., y; = 1 if indi-
vidual ¢ commutes with an active transportation mode and 0 otherwise, Equation 4 is a linear

probability model of active transportation mode choice with generalized social interactions.

11
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Boucher and Bramoullé (2020) show that classical linear models of social interactions provide
a sound alternative to more complex nonlinear models when the outcome of interest is a binary
variable. The main advantages of such linear models of social interactions are the inclusion of
fixed effects without yielding the incidental parameters problem, as nonlinear models would,
the simplicity of their implementation and the fact that the estimated regression coefficients are
directly interpretable as marginal effects on the probability of choosing an active transportation

mode.

The simple econometric model of Equation 4 does not allow us to disentangle endogenous and
exogenous peer effects. In that case, 81 and 2 estimate a mixture of endogenous peer effects
and of the potential influence of peers’ sociodemographic characteristics on one’s behavior. To
separate these two effects, we introduce the mean sociodemographic and spatial characteristics
of peers, Z;’ £ 9ij X, In the individual payoff of choosing an active transportation mode, m;
(Equation 3):

7ri=a+Xﬂ+Zginj6’+ei, ,j=1,...,n. (5)

J#i

where 6 is a k x 1 vector of parameters, which captures the exogenous (contextual) peer effects.
A positive sign on ¢, indicates that peers’ average of the ¢ sociodemographic variable, house-
hold income for example, increases one’s private payoff from choosing an active transportation
mode. Indeed, if biking is well perceived among high-income peers, the income of one’s peers

would influence one’s transportation mode.

In addition to endogenous and exogenous peer effects, Manski (1993) distinguishes correlated ef-
fects as another source of social influence. Correlated effects can be understood as the propensity
of peers to behave similarly because they either share common unobserved individual character-
istics or face a common environment. In the context of transportation modal choice in research
labs, such variables might include unobserved variables at the lab level, as coworkers share a
common environment and thus face the same set of incentives or external shocks (the presence
or not of bicycle sheds, subsidies when using active transportation modes, ...). This informa-
tion is unobserved by the econometrician, resulting in classical omitted variable bias for peer
effects. Indeed, if these unobserved variables are not accounted for, some of their effects might
be confounded with the peer effects we are interested in. Considering this common environment,
we can expect that individuals in the same network will act in a similar way and therefore are
likely to have positively correlated outcomes even in the absence of endogenous and exogenous
peer effects.

We thus introduce lab fixed effects in the expression for m; to control for potential correlated

effects, i.e., unobserved variables at the lab level:

m=Liod" + Xy + Y g X0+ e, ij=1,..n (6)
J#i
where o is an  x 1 vector of lab fixed effects for lab I =1,...,r and L is the i*® of an n x r
12
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selection matrix where L; = 1 if individual ¢ belongs to lab [. Each individual belongs to only

one lab and can only have social interactions with other members of this same lab.

Last, correlated effects might also emerge from unobserved individual characteristics. Indeed,
in most cases, we can assume that individuals select their peers and therefore share similar
characteristics or interests, as homophily behaviors are dominant in peer selection and network
formation (Graham, 2017). This specific issue is referred in the literature as network endogeneity
as some omitted variables may influence both the likelihood of forming a link with a colleague
(thus the social network) and the choice of transportation mode. More precisely, the unobserved
characteristics are captured in the error term €; but are also correlated with the network.
Building on Houndetoungan (2020) and Graham (2017), we use a dyadic link formation model
that estimates the probability that two individuals in a given lab are linked, i.e., are peers,
based on their social distance and their respective gregariousness. In doing so, we estimate
the unobserved individual gregariousness as the individual fixed effects in this model of link
formation and we can include them as an additional sociodemographic variable, thus removing
an important source of network endogeneity (Johnsson and Moon, 2021).

Let g;; be a latent variable such that:
97 = AXi¥ + pi + py + &ij (M

where AX;; = | X; — X, i.e., a 1 x k vector of absolute difference of the sociodemographic space
between individuals 7 and 7, 7 is a k x 1 vector of parameters, p; and p; are individual effects
that capture the degree heterogeneity, i.e., the gregariousness heterogeneity among individuals,
and &; are the associated errors terms that follow logistic distribution (Houndetoungan, 2020).
Assuming that a;; = 1 if g;; > 0, gj; thus represents the utility obtained from link formation.
We can write the probability P;; of link formation between individuals 7 and j using the logistic

distribution: -
exp(A Xy + pi + 1)

14 exp(AXi7 + pi + 1)

P = (8)

Note that P;; = Pj;, and thus the link formation model is symmetric. However, the simulated
links are still directed, as &; and &j; may differ. Fixed effects for each network, i.e., lab,
are included in the estimation. Let 7; = (&;, u;) be bivariate and normally distributed with
2
Yue = ( % p0520 W) where p is the partial correlation between p; and &;. The errors
pouoe Oy,
& can be rewritten as & = pagm;i:;‘” + v;, where my,, is the lab’s average gregariousness
and v; ~ N(0, (1 - p2)ag) and Cov(u;,v;) = 0. The fixed effects p;, which capture individual
gregariousness heterogeneity, are estimated using 5000 iterations of a Markov chain Monte Carlo
(MCMC) estimator. The estimate of p; with the highest posterior density is selected and the

lab-wise standardized fi; are computed as fi; = ”1;7::‘” The standardized individual fixed effects

13
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fi; are included in the previous model of peer effects as additional variables:

Wi:Lia*—i-Xi*'y—l—ZgUX;H—&-q, ,7=1,...,n. (9)
i#i

where X = [X;, 1] is the i*" row of an n x (k + 1) matrix of sociodemographic characteristics
X* while v and 6 are now (k + 1) x 1 vectors of parameters. Then, if the k + 1 element of 6,
Ok+1, is different from 0, we can conclude that gregariousness influences individual active mode
choice and confirm the presence of (now corrected) network endogeneity. Note that the standard
errors are slightly underestimated, as this specification assumes that p; are observed instead
of simulated via MCMC. Houndetoungan (2020) suggests to correct the variance via a Monte
Carlo procedure, and the results presented here are obtained via 1000 simulations. Moreover,
we infer the results in the next section assuming that using lab fixed effects and accounting
for network endogeneity via the inclusion of the estimated gregariousness lead to exogenous
errors terms, i.e., the correlated effects issue is solved and E(¢;|La, X*,G) = 0. However, the
errors might still be heteroskedastic and correlated between workers in the same lab; thus, the
standard errors of the estimated coefficients are cluster-robust at the lab level (Pustejovsky and
Tipton, 2018).

Hereinafter, we first detail the econometric estimation of the generalized linear model of peer
effects. We then describe a specification test that allows us to test whether a generalized model
of social interaction is informative or if a simpler specification, including social interactions only

as strategic complementarity or as conformism, is preferable.
3.3 Generalized model of peer effects
The generalized econometric model of peer effects is then:

yi = Lia™ + X[y +ﬂlzaijyj +,8229ijyj + Zgin;ﬂ-i- €, 4,7=1,...,n (10)
J#i J#i J#i

The generalized model thus accounts for two mechanisms of endogenous peer effects, strategic
complementarity (1) and desire for conformity (52), for exogenous peer effects — captured by 6

for correlated effects — captured by the lab fixed effects a* — and finally for network endogeneity
through the estimation of the unobserved gregariousness (included in X*). We can express the

model given by Equation 10 using matrix notation such that:
Y = La* + X*y + B1AY + 5GY + GX*0 + ¢ (11)

3.4 J test for the local-aggregate or local-average models

Setting f; = 0 or f2 = 0 in Equation 10, we obtain the local-average or the local-aggregate
econometric model, respectively. Liu et al. (2014) extended Kelejian (2008)’s J test of spatial

14
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model specification to network models with fixed effects. Let My and My be the local-aggregate

and local-average models, respectively, such that:
M;:Y =La* + X*y+ 81AY + GX*0 + ¢ (12)

My:Y =La* + X*v+ BGY + GX*0 + ¢ (13)

To test the null hypothesis that M is the true specification of our model of peer effects of modal
choice versus the alternative model of My, we proceed in two steps. First, we estimate model
M> to obtain the fitted values ffMT Second, we estimate an augmented version of model My,

including the fitted values lA/MZ as an additional predictor:
Y =wiVag, + La* + X*y + B1AY + GX*0 + ¢ (14)

This model is estimated using two-stage least squares (2SLS) with the instrumental variables
Z = [o*, X*,GX* AX* G2X*]. Then, the J test consists of the null hypothesis Hy : w; = 0
and the alternative hypothesis H; : w; # 0; model M; is thus not a correct specification if
w1 # 0. We can also test the reciprocal case, where the null hypothesis is that Ms is the correct
specification and f’M] are estimated in a first step then included in Equation 13. Specification
My is then not correct if wo # 0. If we reject Hp in both tests, we can thus conclude that the

generalized model is preferred to the local alternatives.

3.5 Identification via instrumental variables

Following Liu et al. (2014), the reduced form of the generalized model defined in Equation 11

can be expressed as:
Y =(1— 1A~ BG) Y La* + X*y + GX*0 +¢) (15)

Identification of peer effects has been shown to be problematic when the outcomes of peers,
AY or GY, and the characteristics of peers, GX, are linearly dependent (Manski, 1993). In
Manski’s model, individuals interact in groups, such that every individual in a given group has
ties with everyone else in the group. In that case, the group’s average outcome is linearly de-
pendent with the group’s average sociodemographic variables. A similar argument holds for the
group’s aggregate outcome. Using a network structure with intransitive triads guarantees that
individual i’s peers’ average outcome is not perfectly collinear with individual i’s peer average
sociodemographic variables, as peers’ average outcome also depends on the sociodemographic
variables of individuals that are not directly individual i’s peers. The network structure thus
naturally provides exclusion restrictions allowing the identification of peer effects using instru-

mental variables for peers’ outcomes (Bramoullé et al., 2009).
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From Equation 15, the expectation of peers’ aggregate or average outcomes can be written as:
B(AY) = (1 — S14 — BoG) " HAX*y + AGX™0) + A(1 — B1A — 5G) ' La* (16)

E(GY) = (1= 1A= G) (GX*y + G*X*0) + G(1 — B1A — 5oG) ' La* (17)

Using Equations 16 and 17, Liu et al. (2014) show that G2X* can be used as instruments of
the generalized model of peer effects, as in the local-average model of Bramoullé et al. (2009).
In the local-average model of peer effects, the average outcome of one’s peers, GY, can be in-
strumented by the characteristics of one’s peers. Bramoullé et al. (2009) show that conditional
on the existence of intransitive triads, i.e., peers of peers that are not directly one’s peers, one
can estimate a local-average model via 2SLS and instruments Z = [o*, X*, GX*, GQX*]. The
local-aggregate model is also estimated using 2SLS with Z = [a*, X*, GX*, G2X*, AI], where
I is the identity matrix of size n (Liu et al., 2014). The additional instrumental variable AT is
the number of peers of each individual.

The generalized model of peer effects can similarly be estimated using 2SLS and instrumental
variables consisting of Z = [o*, X*, AX, GX*, G>X*, AI]. Due to the linear structure of the
models, they can all be estimated using a deviation from the lab’s mean projector, similar
to the within transformation in fixed effects estimators in panel data. For example, in the
generalized model, the instruments expressed in deviation from the lab’s mean are given by
Z = JX*, AX*,GX* G?X*, AI], where J is the matrix that obtains the deviation from the
lab’s mean, J = diag(J;), J;=1; — n%lll/, where [; is an n; X n; identity matrix, n; is the size

of lab [ and 1; is a n; x 1 vector with all entries equal to 1.

Interestingly, the linear models of peer effects may be presented as systems of linear simultane-
ous equations, where instrumenting peers’ outcomes also breaks down the simultaneity between
the endogenous modal choices (Manski (1993)’s famous reflection problem). Moreover, instru-
menting peers’ modal choices GY by the instruments Z makes these linear models inherently
robust to the assumption that peers’ outcomes are unobservable by the individuals (but ob-
served by the econometrician) in a given lab. Indeed, if peers’ modal choices are unobserved,
individuals form expectations on peers’ choices based on observable information, i.e., their own
characteristics, peers’ characteristics and peers of peers’ characteristics (Blume et al., 2011). In
both cases, peers’ observed or unobserved outcomes enter the econometric models through the

same matrix of instruments and are thus identical.
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4 Results

4.1 Estimation of peer effects — local-average, local-aggregate and general-
ized models

The main results concerning the role of peer effects in individual mode choices are presented in
Table 4, grouping the local-average model (Equation 13), the local-aggregate model (Equation
12) and the generalized model (Equation 11). Given our data, the preferred empirical specifica-
tion of the linear model of peer effects on transportation mode choice is the linear local-average

model.

Our results show that while both local-average and local-aggregate endogenous peer effects are
significant in the generalized model, the influence of peers’ behavior in transportation mode
choice is mostly captured by the local-average peer effect. Indeed, in the generalized model, the
local-average peer effect is estimated at By = 0.509, which implies that the marginal effect of
having an additional 33pp in the fraction of peers (one out of 3 peers, the average number of
elicited peers in our sample) who uses an active transportation mode results in a 17pp increase
in the own probability of choosing that transportation mode. Conversely, in the generalized
model, the local-aggregate peer effect is only estimated at B1 = 0.066, which indicates that
the estimated marginal effect of having an additional peer using an active transportation mode
increases by 6.7pp the own probability of choosing an active mode. In our case, the estimated
local-average peer effects in the generalized model are thus almost 10pp higher than the local-
aggregate peer effects. This shows that social influence in transportation mode choice in the
workplace is mostly driven by conformism.

As expected, the estimated endogenous peer effect stemming from conformism in the local-
average model is larger (/3’2 = 0.717) than in the generalized model, as both conformism and
strategic complementarity are confounded in the local specification. This indicates that the
local-average model of peer effects tends to overestimate the strength of endogenous peer effects
stemming from conformism when strategic complementarity is ignored. In addition, the J tests
for both the local-average and local-aggregate models are significant, which indicates that the
generalized model improves the fit. The generalized model of peer effects should thus be pre-
ferred to provide unbiased estimates of endogenous peer effects stemming from both conformism

and strategic complementarity.

In addition, the three linear models have a satisfying share of predicted probabilities inside
the interval [0,1]. Indeed, 86%, 90%, 87% of the predicted probability of the local-average,
the local-aggregate and the generalized models, respectively, are consistent with a probabilistic
interpretation, bounded between 0 and 1. Thus, the linear modeling of peer effects appears
to be adequate for a binary outcome such as active transportation choice. Furthermore, the
local-average, local-aggregate, and generalized models satisfy the conditions for the existence
and uniqueness of an interior Nash equilibrium. Specifically, the estimated parameters satisfy
the conditions 0 < 32 <1,0< gm‘”Bl < 1 and gm‘”Bl +Bg < 1, respectively (Liu et al., 2014).
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These conditions intuitively indicate that network games, like the one proposed here (Equation
1), have a unique interior equilibrium only when social interactions are at a moderate level
(Brock and Durlauf, 2001; Lee et al., 2014).

However, given our sample size, the generalized model of peer effects is not our preferred empir-
ical specification. Indeed, while all models pass the weak instrument test (the null hypothesis is
that the instruments are weak and p-value < 0.05 in the three models), indicating that the in-
struments are not weak, i.e., they are strongly correlated with peers’ active transportation mode
choices, we reject the null hypothesis of the overindentification test ( Wooldrigde’s robust score
test, an extension of Sargan test for cluster-robust standard errors) in the generalized model
(p-value = 0.027). The null hypothesis of this test is that the instruments are exogenous and un-
correlated with the error terms. Thus, the instruments are endogenous in the generalized model,
and the identification strategy is not valid. Conversely, for the local-aggregate and local-average
models, the null hypothesis of the overindentification tests cannot be rejected (p-value = 0.130
and p-value = 0.438, respectively), indicating that the instruments are exogenous and the ad-
jacency (A) or social interaction (G) matrices can be considered exogenous conditional on the
sociodemographic variables and lab fixed effects (Liu et al., 2014). Moreover, the null hypothe-
sis of the Wu-Hausman test is rejected in the local-average model (p-value = 0.028), indicating
that the 2SLS estimator is more consistent than simple OLS in that specification. Our preferred
empirical specification is thus the local-average model, as it is the only specification that satis-
fies these three important tests for 2SLS (Boucher and Bramoullé, 2020). The interpretation of
the results, robustness checks and nonlinear extensions are thus only based on the local-average
model, although we do not exclude that the generalized model would be appropriate with a

larger sample.

We thus estimate an endogenous peer effect of 72pp in the linear local-average model (Equation
13), which is similar to the endogenous peer effects found by Boucher and Bramoullé (2020) on
smoking behavior or by Fletcher (2012) on students’ drinking behavior, both using a similar
linear local-average model of peer effects for binary outcomes. This result implies that a peer
shifting to an active transportation mode, thus raising the share of peers using that mode by
33pp on average (individuals cited 3 peers on average in our sample), increases the individual

probability of using an active mode by 24pp.
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Table 4: Estimation of peer effects on active transportation choice

Local-average model

Local-aggregate model

Generalized model

Individual effects

Contextual effects | Individual effects

Contextual effects | Individual effects — Contextual effects

Local-aggregate peer effect (1) - - 0.071 - 0.066* -
(0.029) (0.023)
Local-average peer effect (82) 0.717% - - - 0.509% -
(0.262) (0.159)
Gregariousness 0.042 -0.016 0.063 0.031 0.047 -0.016
(0.037) (0.065) (0.035) (0.064) (0.038) (0.063)
Age -0.005 0.015% -0.004 0.008* -0.004 0.014*
(0.005) (0.006) (0.004) (0.004) (0.005) (0.006)
Male 0.094 -0.011 0.107 0.119 0.097 -0.008
(0.060) (0.153) (0.049) (0.093) (0.054) (0.123)
Years in lab 0.004 -0.012 0.002 -0.005 0.003 -0.011
(0.005) (0.006) (0.004) (0.007) (0.005) (0.007)
Distance 0.001 -0.003 0.000 -0.005 0.000 -0.004
(0.002) (0.006) (0.002) (0.004) (0.002) (0.006)
Relative opportunity cost of active mode -0.002%* 0.001 -0.002%* 0.000 -0.002%* 0.001
(0.000) (0.001) (0.000) (0.001) (0.000) (0.001)
Number of children under 12 years 0.025 0.033 0.028 0.081 0.024 0.033
(0.027) (0.069) (0.028) (0.079) (0.031) (0.066)
PhD 0.024 -0.065 0.044 0.009 0.024 -0.066
(0.059) (0.144) (0.050) (0.111) (0.066) (0.143)
Income lower than 2000€ 0.038 0.103 0.065 0.185 0.040 0.070
(0.096) (0.163) (0.099) (0.172) (0.102) (0.150)
Income between 4000€ and 6000€ 0.017 -0.048 -0.002 -0.030 0.009 -0.059
(0.057) (0.098) (0.059) (0.058) (0.056) (0.086)
Income higher than 6000€ 0.211 -0.010 0.169 0.052 0.188 -0.009
(0.119) (0.130) (0.091) (0.120) (0.116) (0.120)
Pro-environmental behavior 0.515% -0.098 0.564* 0.135 0.532% -0.083
(0.181) (0.272) (0.170) (0.171) (0.177) (0.240)
Health issue -0.266 0.600% -0.159 0.512%* -0.245 0.591%
(0.116) (0.186) (0.095) (0.127) (0.109) (0.176)
Lab fixed effects Yes Yes Yes
Nb. Observations 334 334 334
: 0.548 0.304 0.223
Weak IV test p-value 0.040 0.000 0.040 & 0.000f
Wau-Hausman test p-value 0.028 0.632 0.031
Overindentification test p-value 0.438 0.130 0.027

Notes: + There are two p-values as the generalized model has two endogenous variables that are instrumented. The dependent variable is the choice of an active
transportation mode and the parameters are estimated using a 2SLS estimator. The numbers between brackets are the cluster-robust standard errors.

J test p-value with the local-aggregate model as null: 0.019.

J test p-value with the local-average model as null: 0.032.
*p-value < 0.05; **p-value < 0.01; ***p-value < 0.001.
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Most of the sociodemographic variables are not significant, with the exception of the index
of pro-environmental behaviors and the relative opportunity cost (in time spent on the trip)
of an active mode compared to other alternatives. As expected, individuals that have strong
environmental awareness and for which using an active transportation mode is not too costly

are more likely to use an active transportation mode.

Similarly, contextual peer effects are mostly nonsignificant, indicating that the main source of
social influence is endogenous peer effects, especially conformism. However, having older peers
or peers with health issues preventing the use of an active transportation mode has a positive
and significant impact on an individual’s probability of making an active transportation mode
choice. Intuitively, one may expect that being confronted with peers with health concerns
(either due to specific diseases or aging) could give an additional motivation to use an active

transportation mode to reduce one’s own exposure to future health issues.

4.2 Extension — nonlinear models of peer effects in transportation mode
choice

Nonlinear model of active transportation choice. We assess the robustness of the local-
average model of linear social interactions by estimating a related nonlinear model (Boucher and
Bramoullé, 2020). We also estimate a multinomial logit model of peer effects on transportation
modal choice, building on Guerra and Mohnen (2022). Indeed, individual modal choices are
generally estimated with multinomial logit models where one may uncover different and even
divergent peer effects on active mode, public transportation and car use.

Although we provide in the next sections a variety of alternative specifications and robustness
checks to the linear local-average model, confirming that such models are applicable to binary
outcomes such as active transportation choice, we present here an alternative nonlinear model.
Indeed, in both transport economics (Pike and Lubell (2018) for example) and network econo-
metrics (Lee et al., 2014), binary dependent variables such as transportation mode choice are
mostly estimated using nonlinear models, i.e., logit models in the random utility maximization
framework (McFadden, 1984). In comparison with linear models, logit models have the advan-

tage of bounding the predicted probabilities of an active transportation modal choice in [0, 1].

To derive the microfoundations of the nonlinear model of peer effects, recall that the linear

local-average model is given by the best-response function:

vi = Lot + X; v+ B Y gy + 05 X0+ e, ij=1,....n (18)
J# J#i

Boucher and Bramoullé (2020) shows that if ¢; are independent and continuously distributed,
such a linear local-average model of peer effects is consistent with a random utility framework

and the classical logit specification of individual modal choices.
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Assuming that peers’ outcomes are observed by individuals and that individual relative pref-
erence shocks follow a logistic distribution, we can easily derive such a logit model of peer

effects:

_exp (L + Xy + B2 2054 9i5Y5)
1+ exp (L;a* + X v+ B2 Zj;éi GijV5)

Note that due to the limited sample size in our analysis and to be as close as possible as to

Fi=P(yi=1) (19)

the “one in ten rule” (logit models are highly biased if the sample provides fewer than ten ob-
servations per independent variable per outcome category (Peduzzi et al., 1996)), we no longer
account for the contextual effects in this extension?. Indeed, lab fixed effects capture most of
the variation in peers’ characteristics because the networks in our data are small. Furthermore,
given the small networks in our data and the fact that transportation mode choices are highly
salient in the workplace, we assume throughout this paper that individuals know their peers’
transportation modes and thus maximize their utility in a situation with perfect information.
This differs for the large networks studied by Brock and Durlauf (2001) or Lee et al. (2014),
where they assume that individuals form expectations about peers’ behavior and where the
econometric models are solved using fixed-point interactions. By contrast, the binary logit
model proposed here can be straightforwardly estimated by assuming that a single equilibrium
exists in the sample, as is usually done in the literature (Bajari et al., 2010; Lin et al., 2021),
although multiple equilibria could exist in the case of strong peer effects (|32] > 2) (Guerra and
Mohnen, 2022; Lee et al., 2014).

For completeness, we also estimate Lee et al. (2014)’s nonlinear model of peer effects based on
expected peers’ outcomes. This model is obtained by replacing y;, the observed peer’s modal
choice in Equation 19, with P} = P¢(y; = 1), the expectation by individual 7 of the probability

that individual j chooses an active transportation mode.

exp(Lia” + Xiy+ 52305295 )
1+ exp (Lio* + X5y + 82354 965 F5)

where P¢ = (Pf,...,P?) is the column vector of modal choice. The rational expectations

equilibrium® is the vector P* = (Py, ..., P¥) corresponding to Equation (2) in Lee et al. (2014):

exp (L1 +X{y+B2 30,21 91;P;)

Itexp (Lio* +XTy+B2 37,41 91;F7)

S : (21)
exp (Lo + X5y +B82 32 9ni Pf)

Itexp (Lno*+ X5y +B2 30 4, 9ni )

3

3

4Although this specification does not allow us to disentangle endogenous and exogenous peer effects, the
estimated coefficient in the linear local-average model without contextual effects (first column of Table 5) is very
close to the endogenous peer effects in the complete linear local-average model (Table 4)

5In this context, the assumption of rational expectations implies that P® does not systematically differ from
P in equilibrium and can thus be consistently estimated by a fixed-point iteration
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Simplifying Equation 21 yields:
P* = F(La*, X", B2GP") (22)

where F'(.) is defined as a logistic function, as the probability of selecting an active transporta-
tion mode is based on the logistic distribution. P* is estimated iteratively as the fixed-point

solution of Equation 22 until convergence.

Nonlinear model of multinomial transportation choices. Another extension of our anal-
ysis is to consider multinomial modal choices instead of binary choices, which is common practice
in discrete choice analyses. Indeed, even if our primary interest lies in identifying peer effects for
active transportation, evidence on the existence of peer effects in other transportation modes
(public transportation and car) is also important for public policy and future research®. The
extension of the binary logit model of peer effects (Equation 19) to a multinomial outcome with
M alternatives is straightforward (Brock and Durlauf, 2003; Guerra and Mohnen, 2022):

exp (Liag, + X vm + Bm Zj;&i 9iiYjm)
= M ?
S i1 XD (Liy + Xi s + Bt 2 i GiiYjm)

m=1,...,M. (23)

1, if individual j chooses the transportation mode m
Yjm =

0, otherwise
As for the binary logit model, we assume in Equation 23 that individuals know their peers’
modal choices and thus the multinomial logit model can be estimated straightforwardly.
Alternatively, we can extend the nonlinear model for unobserved binary outcomes of Equation
22 to a multinomial setting:

exp (Liag, + X v + 5, . gii PS
P’LA,m:P(yi:m): . ( 1S k3 mz];éz (¥ ],m) ’ mil,...,]\/f‘ (24)
Zmlzl exp (Lia:n/ + X Yms + B Eﬁg,‘ giijm/)

Letting Py, = (P}, -+, Py ) be the column vector of the rational expectation equilibrium:

exp (L1ag, +X{v¥m+Bm E]#l !Iljpf,m)

£ /1 * * %
Pl,m M exp (L +X T Yt +Bpmr 22521 915 P )
. . _ .
Pm - 3 - : (25)
* exp (Lnog, +Xpvm+Bm 3 2n Ini Pfin)
n,m

N exp (Lt A+ X5 Y 4By g I P )

Collecting the left-hand side terms, we obtain an n x M matrix P* = (Py,..., P}) that we
can estimate by iteratively solving for the fixed-point of P* = F(La*, X*vy, GP*$*), with
B* = (B1,...,Bm) being a M x 1 vector of parameters.

SWe are thankful to an anonymous reviewer for suggesting this extension.
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Table 5: Estimation of peer effects on transportation mode choice using non-

linear models

Linear Binary Binary MN MN
model logit logit RE logit logit RE
(eq. 19)  (eq. 21)  (eq. 23)  (eq. 25)
Peer effects on:
Active transportation choice
Point estimate 0.763**  1.156** 1.921%* 1.021* 1.326
Standard errors (0.185)  (0.411) (0.834) (0.457) (0.985)
Marginal effects t 0.763**  0.201** 0.338* 0.177* 0.232
Public transportation choice
Point estimate 0.347 1.632
Standard errors (0.482) (1.255)
Marginal effects - - - 0.064 0.299
Car choice
Point estimate - - - 0.150 -0.316
Standard errors - - < (0.517)  (1.348)
Marginal effects - - - 0.021 -0.044
Individual variables Yes Yes Yes Yes Yes
Contextual effects No No No No No
Labs’ Fixed Effects Yes Yes Yes Yes Yes
R? 0.51 - - - -
AIC - 390.8 393.4 651.2 653.1

Notes: RE stands for rational expectations, indicating that we assume in these models that
individuals do not observe peers’ choices but form expectation of these choices. MN stands
for multinomial, i.e., individuals can choose between three modal choices instead of choosing
only between an active or a non-active mode. } computed as the average over the sample of
the partial derivatives of the regression equation with respect to each variable in the model
for each observation in the data.

*p-value < 0.05; **p-value < 0.01; ***p-value < 0.001.

The results from the nonlinear model of peer effects offer supporting evidence for the existence
of significant estimated peer effects in transportation mode choice (Table 5). Indeed, the point
estimates for peer effects are positive and significant in the binary and multinomial logit models
assuming observed peers’ modal choices (logit and MN logit). These models yield considerable
estimated marginal effects of peers’ choices of active transportation on individual probabilities
of choosing an active mode (20.1pp and 17.7pp, respectively). The estimated peer effects are
also very close, indicating that a simple binary outcome is a satisfying simplification of multi-
nomial modal choices when one is interested in active transportation mode.

The nonlinear models assuming that peers’ modal choices are not perfectly observed by indi-
viduals and thus subject to rational expectations (logit RE and MN logit RE) yield stronger
estimated marginal effects of peers’ active transportation on individual probabilities although
the estimated peer effects are not significant in the multinomial logit model.

Although our sample size might be too small to confidently estimate complex multinomial logit
models, we do not find any evidence of peer effects in public transportation or car modal choices,
although we find evidence of peer effects in active transportation in the MN logit model. This
finding corroborates previous research on modal choices that also uncovers peer effects for bicy-
cle use but not for public transport, for which spatial neighborhood effects seem more relevant

(Pike, 2014). The difference in the absolute values of the estimated marginal effects between
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the nonlinear models and the linear model is similar to the findings of Boucher and Bramoullé
(2020), who estimate peer effects on (binary) smoking behavior with a linear model using a 2SLS
estimator and compare the results to those obtained by Lee et al. (2014) with their nonlinear
model. Even if the magnitude of the estimated marginal effects of the endogenous peer effects

are different in the linear and nonlinear models, they are both significant and have the same sign.

However, they have the disadvantage of requiring a larger sample (the rule of thumb in the lit-
erature is of at least ten observations per outcome type per independent variable in the model
(Peduzzi et al., 1996)), which also easily leads to incidental parameter problems when lab fixed
effects are added, increasing the number of explanatory variables in the model. Moreover, logit
models do not directly yield econometric parameters that can be interpreted as marginal ef-
fects. Instead, one has to estimate marginal effects as the average of individual increases in
the probability of choosing an active mode for a marginal increase in each independent vari-
able. Furthermore, nonlinear models do not have linear models’ property of being robust to
the assumption that peers’ outcomes are based on individuals’ expectations rather than directly
observed by individuals (see Identification via instrumental variables for more details about this

property in linear models instrumenting peers’ behavior).

4.3 Alternative specifications of the linear local-average model of peer effects

Sustainable transportation mode as dependent variable. To assess whether peer effects
are specific to active transportation modes, we estimate the linear models of peer effects with
the choice of a sustainable transportation (combining active mode and public transportation)
as the dependent variable. The estimation of the linear local-aggregate, local-average and gen-
eralized models of peer effects on sustainable transportation mode reveals relatively strong but

not significant estimated peer effects (Online Appendix A.1).

Alternative specifications of the individual payoff ;. The individual payoff component
of the utility function (Equation 3) can accommodate a variety of specifications, leading to vari-
ous alternatives for the local-average models of peer effects. The estimation of these alternative
specifications confirm that our preferred specification, including exogenous peer effects and lab
fixed effects and accounting for network endogeneity, is the only one for which all instrument
tests are satisfactory while the estimated peer effects are similar in magnitude in all specifica-
tions (Online Appendix A.2).

Sociodemographic variables. We also test several alternative specifications of the sociode-
mographic variables (quadratic terms, interactions, thresholds) in the simplest specification of
the linear local-average model. The estimated endogenous peer effects remain consistent across

all different specifications of the sociodemographic variables (Online Appendix A.3).

Local nonlinearities in the linear local-average model of peer effects. We conduct an
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additional estimation of local-average linear model, introducing nonlinearity in the endogenous
peer effects through the control function approach proposed by Wooldridge (2015) to the 2SLS.
We find that the linear local-average model is generally a satisfying specification, confirming
our interpretation of the results of the nonlinear model of peer effects presented in Table 5.
However, note that for extreme values of the instrumented peers’ shares of active transporta-
tion mode, i.e., when none or all of the peers use an active mode, the linear local-average model

overestimates the endogenous peer effects (Online Appendix A.4).

Heterogeneous peer effects. We also examine an alternative specification of the linear local-
average model, aiming to introduce heterogeneity in social relationships and peer effect, i.e.,
some peers may have more influence than others on one’s behavior, building on Dieye and
Fortin (2017) and Beugnot et al. (2019). Our hypothesis is that peer effects in transportation
mode choice might be heterogeneous if individuals are influenced differently depending on the
fact that they or their peers live close or far from their work place, have children or practice
pro-environmental behaviors. Our analyses show that accounting for heterogeneous peer effects
in the linear local-average model yields nonsignificant peer effects (Online Appendix A.5).

4.4 Robustness assessments of the collected network data.

Weighted adjacency matrix. Similarly to Lin (2014), we estimate the linear local-average
model with a weighted specification of the adjacency matrix A, where a;; is not binary (0 or
1) but may take several values, representing the strength of the relationship. Weighting the
resulting social interaction matrix weakens the significance and diminishes the strength of the
estimated endogenous peer effects across all specifications of the linear local-average model (On-
line Appendix A.6).

Missing links in the network data. Additionally, we adapt a method introduced by Pat-
acchini et al. (2017) to address possible missing links in the adjacency matrix arising because
the participants in our study could nominate a maximum of six peers, among the list of study
participants, which might bias our results due to measurement error. To assess the existence
and direction of such bias, we simulate adjacency matrices with a varying number of additional
virtual links. Simulating new social relationships between individuals that are peers of peers
yields a virtually identical estimate of endogenous peer effects (Online Appendix A.7). How-
ever, simulating links between unrelated individuals (without common friends) decreases the

magnitude of the estimated peer effects.

Falsification test of the adjacency matrix. Finally, we conduct a falsification test to ascer-
tain whether the estimated peer effects might be a result of measurement errors in the network
data, in which case they would not truly reflect social influence on modal choice (An, 2015;
De Giorgi et al., 2010). To explore this, we perform a placebo test by randomly constructing
alternative adjacency matrices with a similar density to the observed adjacency matrix. If the

estimated peer effects under these artificial and random adjacency matrices turn out to be vir-
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tually zero and nonsignificant, it would suggest that the peer effects observed in our main model
are relatively robust and not merely driven by chance or measurement errors. Encouragingly,
the estimated endogenous peer effects are virtually 0 and nonsignificant (Online Appendix A.R),
indicating that the peer effects we observe in our sample are unlikely to be attributed to random

sample variation or measurement errors, supporting the validity and robustness of our findings.
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5 Discussion and conclusion

Our results provide important evidence on the role of social interactions in adopting an active
transportation mode. First, using a generalized model of peer effects including both conformism
and strategic complementarity, we show that the desire to conform to peers’ behavior drives
most of the endogenous peer effects. Our preferred empirical model is thus the linear local-
average model, which supports the tendency in the network econometrics’ literature to use this
model rather than the local-aggregate model in empirical research (Bramoullé et al., 2019). We
provide evidence that social relationships in the workplace have a strong influence on individual
behavior, even outside the workplace. We estimate that an increase of 33pp in the fraction
of peers of a given individual (i.e., one peer out of three shifting to an active transportation
mode) using an active transportation mode results in a 24pp increase in the own probability of
choosing an active transportation mode. The estimated local-average peer effects are close to
the effects found in a study of carpooling and car commuting in the US military, which reports
that an increase of 20pp in the fraction of all coworkers from the same site (without defined
social relationships) that carpool increases the probability of carpooling by 10pp (Morrison and
Lawell, 2016). Similarly, Pike and Lubell (2018) identify a 85pp estimated marginal effect of the
share of college friends biking on one’s probability of biking to campus, instrumenting friends’
modal choices by their neighborhoods’ bike density. This indicates that an individual who has
100% of her peers commuting with a bicycle has a 85pp higher probability of also using a bicycle
to commute than an individual with 0% of her peers commuting with a bicycle, ceteris paribus.
However, the estimation strategies of these two studies do not take advantage of the network
data to instrument peers’ modal choice by intransitive relationships and only use information
averaged at the workplace level or friends’ neighborhoods. In Morrison and Lawell (2016)’s
study, the source of social influence in the average modal choice of car and carpooling at the
site level is instrumented using the share of workers born in Latin America and the share of
workers that immigrated recently, respectively. In Pike and Lubell (2018), the source of peer
effects is elicited friends’ modal choice (bicycle or not) which is instrumented by friends’ neigh-
borhoods’ bicycle density. Although they do not provide extensive testing of their instruments,
we might expect that the instruments are still endogenous because social link formation is likely

to be influenced by the origin and immigration status or by the neighborhood environment.

Second, we show that the linear local-average model of peer effects is an adequate modeling
strategy in the presence of binary outcomes, here active transportation mode choice. Indeed,
to the best of our knowledge, the linear local-average model has been applied only twice to
binary dependent variables, specifically in the context of alcohol consumption (Fletcher, 2012)
and smoking (Boucher and Bramoullé, 2020), each time using the “Add Health” data and thus
friendship relationships among students. We find endogenous peer effects of similar magnitude
and significance as in the above-cited articles, despite that we use a smaller and less exhaustive
data set and coworker networks, which tends to show that the local-average linear model with

instrumental variables is an appealing estimation strategy of endogenous peer effects when col-
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lection of network data is costly or nonexhaustive.

These results on the existence and strength of endogenous peer effects in modal choice call for
increased consideration of social influence in policy interventions. Public policies could espe-
cially be more efficient if they incorporate the role of conformism into their design. Specifically
targeting the peers of individuals who have small social networks in the workplace, among which
the social norm would be more easily shifted, could be particularly efficient when conformism

is the main driver of peer effects.

We also extend our results by estimating a nonlinear alternative model & la Lee et al. (2014). In
contrast to the linear local-average model, whether one assumes that individuals observe or not
their peers’ modal choices has consequences for the modeling strategy and thus the estimated
peer effects. The estimated marginal effects of peers’ active modal choice in the nonlinear mod-
els of active transportation choice amount to 20.1pp and 33.8pp when peers’ choices are assumed
to be observable and when they are based on rational expectations respectively. Our results
thus support the findings of Boucher and Bramoullé (2020): both linear and nonlinear models
of peer effects with binary outcomes provide similar evidence on the direction and significance
of peer effects, although the marginal effects estimated in the linear model are also three times

larger than those in the nonlinear alternative.

In addition, we estimate a multinomial logit model to complement the nonlinear model of peer
effects. Modeling modal choice as a discrete choice among three alternative (active modes,
public transportation and car), we find that peer effects are significant if we assume that peers’
modal choices are observed by individuals but not otherwise. In the case of modal choice in the
workplace, we can legitimately assume that such behaviors are salient and well known among
coworkers. The nonsignificance of peer effects in active transportation choice in the multinomial
logit model with rational expectations about peers’ modal choice is probably due to the fact
that there are too many parameters involved in the fixed-point iteration required to solve the

system of nonlinear equations.

This latter point underlines the data intensity of nonlinear models which is the major drawback
of such models of peer effects in applied analyses with primary collected network data such as
ours. The fact that peer effects’ parameters are qualitatively similar in both nonlinear and linear
models of peer effects is promising for future applications of network econometrics to studies of
social influence on pro-environmental behaviors. Future research could attempt, for instance,
to compare the two modeling strategies with larger samples and different contexts. Following
the estimation strategy we developed, the role of conformism and strategic complementarity in

other pro-environmental behaviors is also worth exploring.

We also provide various alternative specifications of our preferred empirical model of peer effects

— the linear local-average model — and robustness assessments of the collected network data. We
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show that accounting for exogenous peer effects and correlated effects helps to identify a stronger
and more significant endogenous peer effects. The main results are quantitatively robust to dif-
ferent specifications of the independent variables and qualitatively robust to weighting the social
interaction matrix by the intensity of the social relationships. However, accounting for the het-
erogeneity of peer effects based on spatial or familial constraints does not yield significant esti-
mated peer effects. Moreover, modifying the dependent variable to include public transportation
reduces the strength and significance of peer effects. This dilution of the endogenous peer effects
may be caused by the fact that a majority (76%) of respondents in our study use a sustainable
transportation mode while only 43% use an active transportation mode. Identifying peer ef-
fects is intuitively more difficult when the behavior in question is already the norm in the social
groups under scrutiny. In addition, social influence and peer effects might be stronger for active
transportation modes, as they are related to athletic motivations and (friendly) competition,
which may create stronger social emulation and intrinsic motivation than public transportation
(Rejeb et al., 2023). However, public transportation might be preferred by individuals with
higher gregariousness, as this transportation mode facilitates social interactions. Pike (2014)
also suggests that explicit peer networks play a greater role in explaining active transportation

choice whereas spatial neighborhoods are more relevant to analyze public transportation choice.

Nevertheless, these results must be interpreted with caution as we faced some empirical chal-
lenges. First, our data feature a rather small size, compared with other applications in network
econometrics, which usually have access to thousands of individuals and larger networks. A
small sample size increases the risk of type II errors, and more sociodemographic variables
could be found significant in a larger study. Second, the dataset we have is not randomized,
and a selection bias may arise because the individuals who responded to the survey might be
the most socially integrated in the research labs and thus might have a denser social network
or a higher propensity to conform to social norms. Third, the data we collected on network
are partial. We do not observe the full network because, on average, only 35% of the labs’
personnel answered the survey. As these 334 participants could only nominate peers who also
agreed to participate in the study, there is certainly a substantial number of missing nodes
and edges in the induced networks. While our robustness analyses account for possible missing
edges and measurement errors in the networks, the biases of the estimated coefficients due to
the missing nodes remain (Chandrasekhar and Lewis, 2016). Furthermore, the sample we use
is not representative of the French population, as only 24% of the respondents in our study use
private cars to commute, whereas the average in France is at least two to three times as large
(Brutel and Pages, 2021). Nonetheless, the average transportation modes in our sample are in
line with the specific situation of Grenoble, which is one of the cities where inhabitants use the
most active and public transportation in France because of political and topographic reasons
(the city has an environmentalist mayor and is extraordinarily flat). Similarly, we surveyed
research labs, in which the workers are generally more educated, have higher incomes and are
more aware of the environmental and health externalities of the different transportation modes

than the general population. Social relationships among research labs could also differ in nature
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with relationships in private companies where hierarchy may play a larger role. The strong peer
effects we estimate are likely upper bounds of the peer effects in active transportation modal
choice. They thus should not be generalized to the whole population or to other contexts, and

further research is necessary to externally validate our empirical results.

Collecting larger network data using the recently developed strategy of Breza et al. (2020) with
aggregated relational data could resolve some of these empirical issues. Indeed, collecting such
data does not require eliciting peers by name and can be used to reconstitute an entire network
through a sample of respondents. Similarly, gathering panel data or information on a larger
variety of trips per individual — not only commuting — might refine our results (Kim et al., 2017).
Indeed, individuals plan their trips as a tour, and commuting trips are not always independent
of trips planned after or before work, which might constrain individuals’ modal choices. In that
case, encouraging someone to change her commuting mode would also indirectly yield a modal
shift for other activities, increasing health and environmental benefits. Moreover, gathering
panel data can reveal additional information, such as the estimation of long-term peer effects
after a policy or intervention (Alacevich et al., 2021) or the dynamic evolution of the networks
when individuals change their behaviors (Badev, 2021; Boucher, 2016). Collecting panel data on
the networks would allow researchers to directly observe the marginal impact of link formation
or dissolution on individual behavior as well as the impact of individual modal choices on these
processes. The development of smartphones and tracking apps also offers new opportunities
to capture individual habits and influence mobility behavior (Hintermann et al., 2021). Future
research could integrate tracking and social gamification to explore the direct effect of social

influence in mobility behavior.
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