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ABSTRACT 

The reported research treats social interactions and generated feedback dynamics in the 
adoption of various transportation mode alternatives. We consider a model where a 
commuter’s choice is directly influenced by the percentages of neighbors and socioeconomic 
peers making each choice, and which accounts for common unobserved attributes of the 
choice alternatives in the error structure. We explicitly address non-global interactions within 
different social and spatial network structures, combining econometric estimation with 
computational techniques from multi-agent based simulation, and present an empirical 
application of the model using pseudo-panel microdata collected by the Amsterdam Agency 
for Traffic, Transport and Infrastructure. The paper extends previous work by the authors in 
considering the effects of various hypothesized sociogeographic networks. We also test for 
the effect of the scale of the interaction, comparing municipal district clusters versus smaller 
4-digit postcode clusters. We observe that the estimated utility parameters for the different 
sociogeographic network scenarios can generate dramatically different dynamics and thus 
cannot be ignored in any empirical application. However, in a hypothetical simulation 
experiment we find that swapping the sociogeographic networks does not significantly 
change the long-run outcome of the simulation, when utility parameters are held fixed. We 
conclude highlighting recommendations for future work. 
 
Keywords: social influences, scale and space, mode choice behavior, travel demand 
modeling, multi-agent based social simulation 

INTRODUCTION 

There is growing awareness and interest in the influence that social factors have on 
transportation and land use behaviors (1, 2). We consider a model where a commuter’s 
transportation mode choice is influenced by percentages of neighbors and socioeconomic 
peers making each choice. Such inter-household feedback can have very important 
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implications for the prediction of (system-wide) results over the course of time. If such 
feedback exists, it can namely propel or hinder the adoption of a mode over time (3). In 
diverse literature this dynamically reinforcing behavior is referred to as a social multiplier, a 
cascade, a bandwagon effect, imitation, contagion, herd behavior, etc. (4). Our work extends 
the early theoretical work in three ways. First, we allow for a case where there are common 
unobserved attributes of the choice alternatives: we revisit a classic approach to statistical 
prediction in such a situation given an observed sample of decision making agents in a 
population, the nested logit model. Second, a key feature of our work is that we explicitly 
consider non-global interactions, with several different social and spatial network structures. 
Third, additional heterogeneity is introduced in the model through different mechanisms, 
such as individual-specific sociogeographic characteristics of the commuters as well as 
individual-specific attributes of the choice alternatives, and the availability of alternatives. 
 
We present an exploratory application of the model to transportation mode choice using 
pseudo-panel microdata collected in the greater Amsterdam region. Here we combine 
econometric estimation with computational techniques from the field of multi-agent based 
simulation. This paper extends previous work by the authors (5) by further studying the role 
of the utility parameters and connectivity of sociogeographic networks on the emergent 
outcomes of the multi-agent based simulation. Finally, we conclude highlighting limitations of 
our present study in any extension for policy considerations on the adoption of innovation in 
transportation mode choice, and give our suggested recommendations for future work. 

LITERATURE 

Since the early theoretical work by Aoki (6), Brock and Durlauf (7) and Blume and Durlauf 
(8), on the long-run behavior of binary discrete choice models with social feedback, there 
have been a few extensions addressing the complexity of the discrete choice model kernel, 
the complexity of the feedback effect, and the complexity of the utility specification. A key to 
the early theoretical results is the assumption that the only explanatory variable in the model 
is the field effect. In the domain of transportation however, other explanatory variables are 
assumed to be significant, including individual characteristics of the decision making agents, 
individual-specific attributes of the alternatives as well as the availability of alternatives for 
individual agents. In such a case when considering explanatory variables that vary across 
both the alternatives and the agents, the size of the system of equations to be solved to 
determine long-term behavior is as large as the number of agents in the system multiplied by 
the number of choice alternatives minus one, without simplifying assumptions. To address 
this, a number of researchers have turned to simulation studies whereby the estimation 
results are embedded in a multi-agent based dynamic model. Dugundji and Gulyas (9) 
present results using simulated data for a binary logit model with non-global interactions and 
other explanatory variables included in the utility in an application to intercity travel behavior 
for a parameter sweep of network density across a series of networks in the abstract class of 
random networks. Páez and Scott (10) present results using simulated data for a binary logit 
application to telecommute behavior for a range of networks of different sizes defined by a 
similarity on a two-dimensional matrix of personal characteristics. Páez, Scott and Volz (11) 
present results using simulated data for a multinomial logit application to residential location 
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choice for a parameter sweep of degree distribution and clustering parameter across a series 
of networks in the abstract class of Poisson networks. Dugundji and Gulyas (5) present 
results for the behavior over time of a nested logit model in an application to transportation 
mode choice in Amsterdam, using empirical data and an empirical treatment of which 
decision makers influence each other defined on the basis of socioeconomic group (income, 
education, age) and spatial proximity of residential location. The current work builds upon the 
latter in further exploring the relation between utility parameters and connectivity of the 
interaction network in determining emergent outcomes. 
 
A distinction is hypothesized between social versus spatial interactions and between 
identifiable versus aggregate interactions (12, 13). We speak of “spatial” network interactions 
when the interdependence represents a confluence of decision makers in geographic terms. 
For example, decision makers may be linked based on spatial proximity of residential 
location, work location or some other geographical point of reference such as school, 
childcare, shopping, healthcare, leisure/recreation or other relevant activity location. We 
speak of “social” network interactions when decision makers are linked based on social 
circles. The decision makers need not be proximally situated in geographical terms and the 
interaction is not necessarily centered at a particular geographic point of reference; 
interaction may take place at a distance. We speak of interaction between “identifiable” 
decision makers when the links in the network are well-known and explicitly defined on an 
individual decision maker by decision maker basis. We speak of interaction between 
“aggregate” decision makers when interdependence is assumed to take place only at an 
aggregate level with links being defined, for example, more generally based on decision 
maker characteristics.  
 
Important avenues of transportation research in the area of identifiable interactions include 
coordination of individual daily activity patterns, joint participation in activities and travel, 
mechanisms for allocation of maintenance activities, and activity location and residential 
location choice behavior among household members (14-21) as well as research to 
understand the impact of the explicit structure of loose social networks of extended family, 
friends and colleagues (22-26). The topic of  aggregate social interactions between 
individuals in different households at a market level in travel demand has only recently begun 
to attract attention. 

SOCIOGEOGRAPHIC NETWORKS 

The research reported here explores interactions between a decision maker and the 
aggregate actions of other decision makers proximally situated in a spatial network, and 
interactions between a decision maker and the aggregate actions of other decision makers 
associated in a socioeconomic network. We use a priori beliefs about the social and/or 
spatial dimension of interactions to formulate the connectivity of the network. Technically, 
however, interactions between identifiable decision makers may also be modeled using the 
approach described in this paper given the availability of suitable data, and thus methods 
reported here may prove to be useful in those areas as well.  
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In the case study to be discussed, we have rich socioeconomic data for each respondent as 
well as the geographic location of each respondent’s residence and work location. This 
allows us to define aggregate interactions by grouping agents into geographic neighborhoods 
or into socioeconomic groups where the influence is assumed to be more likely. In the 
simplest case, these groups are assumed to be mutually exclusive and collectively 
exhaustive. That is each agent n belongs to one and only one group. The agent is assumed 
to be influenced by the average choice behavior of his or her group, and the influence by 
other groups is assumed to be negligible. At a global level, the picture is a fragmented or 
disconnected network of clustered groups. If we are interested in equilibrium behavior, the 
consequences of such an assumption are important: there is no transmission of influence 
across groups, and the global picture is a weighted average behavior of the separate 
clusters. Thus we also consider cases with overlapping groups, with agents for example 
connected by social group as well as by residential district, or by postcode regions of 
residence and work location. This leads to a giant cluster for the empirical examples under 
consideration, with the important implication that influence can spread throughout the entire 
population. 

CASE STUDY 

The data used in this paper originates from travel questionnaires administered by the 
Municipality of Amsterdam Agency for Infrastructure, Traffic and Transport, in Amsterdam 
and a neighboring suburb to the south of the city, Amstelveen. The data set made available 
by the Agency is a subset of the full modal split database, containing direct home-work trips 
and direct work-home trips where the purpose of the trip at the non-home location is 
classified as either “work” or “business.” Geographical location is given in terms of the 
centroid of a traffic analysis zone (TAZ). There are 381 TAZ centroids in Amsterdam and 48 
TAZ centroids in Amstelveen, with a total of 933 TAZs in the whole of the Netherlands. The 
data received includes records of trips where respondents have indicated one of the 
following transportation mode choices: external system public transit or internal system 
public transit (23.7% mode share); bicycle or moped/motorcycle (26.7% mode share); car 
driver or car passenger (49.6% mode share). The final sample used in the case study 
contains 2913 respondents. Raw variables available for use in the model are availability of 
public transit, car ownership, gender, income category, education level, age, in-vehicle and 
out-of-vehicle travel time for public transit, travel time by bicycle, and travel time and parking 
time for car. Availability of bicycle is generated based on a 75 minute travel time cut-off. 

Definition of Interaction Variables 

Now we turn to the specification of the network interdependence. We begin with a broad 
classification by residential district (3, 5). There are 9 districts represented in the sample, 
ranging in size from 223 sampled respondents to 461 sampled respondents. The mean size 
is 323 respondents with standard deviation 74, skewness 0.32 and kurtosis 0.19. Next using 
the three variables age, income and education, 13 socioeconomic groups are defined. The 
groups range in size from 99 sampled respondents to 385 sample respondents. The mean 
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size is 224 respondents with standard deviation 111, skewness 0.33, and kurtosis -1.8. 
Finally, to be able to test the effect of spatial scale, we define a smaller neighborhood region 
of influence on the basis of 4-digit postcode. There are 67 postcode regions represented in 
the sample, ranging in size from 10 sampled respondents to 161 sampled respondents. The 
mean size is 43 with standard deviation 32, skewness 2.1 and kurtosis 4.4. We may 
hypothesize that the smaller spatial scale network interdependence defined by postcode may 
be more homogeneous with regard to choice behavior than that for the variables defined on 
the basis of district. Thus we may expect the coefficient on these variables to be relatively 
stronger. Network interaction variables for four scenarios are presented in Table I. Two 
scenarios consider clustered groups: Residential district; Social group. Two scenarios 
consider overlapping groups: District and Social group; Postcode and Social group. 
 
Table I – Definition of Network Variables from Raw Data 

Variable Mean St Dev Min Max 
Share of agent’s fellow district residents choosing : 
Public transit 0.238 0.062 0.133 0.364 
Bicycle/moped/motorcycle 0.268 0.080 0.132 0.409 
Car driver/passenger 0.497 0.108 0.307 0.663 
Share of agent’s social group peers choosing 
Public transit 0.238 0.070 0.145 0.338 
Bicycle/moped/motorcycle 0.269 0.071 0.114 0.414 
Car driver/passenger 0.498 0.112 0.366 0.728 
Share of agent’s district residents and social group peers choosing 
Public transit 0.238 0.048 0.138 0.351 
Bicycle/moped/motorcycle 0.271 0.057 0.128 0.399 
Car driver/passenger 0.493 0.082 0.339 0.664 
Share of agent’s postcode residents and social group peers choosing 
Public transit 0.237 0.061 0.126 0.387 
Bicycle/moped/motorcycle 0.268 0.063 0.100 0.424 
Car driver/passenger 0.498 0.097 0.341 0.741 

Specification of Utility Functions 

A trinary transportation mode choice model to work is estimated using the freely available, 
open source optimization toolkit Biogeme (27). Various piecewise linear specifications of all 
travel time related variables as well as age were tested against linear, quadratic and 
logarithmic forms of these variables. Considering various a priori hypotheses of behavior in 
the region and after statistical comparison of the alternative nonlinear specifications of 
variables against the linear versions thereof using loglikelihood ratio tests and non-nested 
tests (28), a baseline multinomial logit model is estimated. Estimation of three successive 
nested logit models first with public transit nested with bicycle, then with public transit nested 
with car, and finally with bicycle nested with car, show the first nesting structure to be most 
significant in terms of loglikelihood ratio test and in terms of the a t-test on the nest 
coefficient. The third nesting structure was not indicated. The nested logit model thus adds 
one additional parameter to the multinomial specification, namely the scale parameter for the 
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transit-bicycle nest. The first two columns of Table II give estimation results for network 
interdependence defined by residential district and social group, respectively. The last two 
columns of Table II are treatments where social and spatial interdependence are considered 
jointly: agents are assumed not to distinguish between their socioeconomic peers’ and their 
fellow district residents or neighbors when considering their choice behavior. Due to space 
limitations, the specifications extended to allow agents to weigh any influence from their 
socioeconomic peers differently from any influence from their fellow district or postcode zone 
neighbors are not considered here.  
 
We conclude from t-tests on the network interaction variables, that for this particular case 
study and the network definitions under consideration, systematic field effects representing 
social and spatial network interactions between an agent and the aggregate behavior of 
other reference agents do indeed have explanatory power. On the basis of non-nested model 
specification tests in Table III, we find the fit for overlapping postcode and social group is 
best, as expected. The fit for broad district clusters alone is worst. Interestingly, there is no 
there is no statistically significant gain in fit at the 0.05 level between the scenario with social 
group clusters versus the scenario with overlapping district and social group. In light of the 
latter finding, we will find that the emergent outcomes over time when these models are 
embedded in a multi-agent based simulation with feedback are particularly noteworthy. 
 
For continuity in the model development process extending the original discrete choice with 
interactions research by Aoki, Brock, Durlauf and Blume (6-8), a nested logit model is 
considered in this paper. However, it is worth mentioning that an important econometric issue 
arises in the empirical estimation of discrete choice models using a nested logit specification 
in that, while unobserved heterogeneity is accounted for across alternatives, the Gumbel 
error terms are still assumed to be identically and independently distributed across decision 
makers. It is not obvious that this is in fact a valid assumption when we are specifically 
considering interdependence between decision makers’ choices. We might reason that if 
there is a systematic dependence of each decision maker’s choice on an explanatory 
variable that captures the aggregate choices of other decision makers who are in some way 
related to that decision maker, as we have done, then there might be an analogous 
dependence in the error structure. Otherwise said, the same unobserved effects might be 
likely to influence the choice made by a given decision maker as well as the choices made by 
those in the decision maker’s reference group. 
 
The results and coefficients of such a model are likely to be biased (29). Making an analogy 
of inter-agent causality and correlation with the more well-understood panel data approach 
towards time causality and correlation (30), Dugundji and Walker (3) present and compare 
several modeling strategies to highlight some main hypothesized interaction effects using 
mixed generalized extreme value models with field and “panel” effects. Walker et al (31) re-
visit this application and apply a less computationally intensive multi-stage instrumental 
variables approach developed by Berry (32) and Berry, Levinson and Pakes (33, 34) to 
control for endogeneity. Other applications addressing endogeneity in discrete choice 
estimation in the transportation literature are: Train and Winston (35) who also use this same 
multi-stage approach to correct for price endogeneity in auto ownership choice; Guevara and  
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Table II – Estimation Results for Nested Logit Models with Different Sociogeographic Networks 

Variable Residential 
District 
Clusters 

Social 
Group 
Clusters 

District 
and Social 
Group 

Postcode 
and Social 
Group 

1.23 1.57 1.93 1.91Share of agent’s network choosing 
each mode 4.85 5.90 5.59 6.27

1.02 -0.464 0.202 -0.443Alternative specific constant, defined 
for transit 2.11 -1.03 0.50 -1.05

-0.717 -0.733 -1.11 -0.978Alternative specific constant, defined 
for car -1.30 -1.38 -2.14 -1.94

2.56 2.51 2.53 2.51Car ownership, defined for car 
25.2 24.6 24.8 24.6

0.288 0.269 0.242 0.249Gender, defined for transit 
3.07 3.18 3.12 3.28

0.260 0.327 0.276 0.310Gender, defined for car 
2.26 2.84 2.46 2.74

-0.211 -0.196 -0.170 -0.173Low income, defined for bicycle 
-1.93 -1.99 -1.87 -1.93

-0.610 -0.155 -0.305 -0.131Natural logarithm of age, defined for 
transit -3.31 -1.03 -2.12 -0.97

0.0320 0.0170 0.0194 0.0146Age 45-59, piecewise continuously, 
for transit 2.48 1.50 1.80 1.39

-3.16e-04 -3.14e-04 -2.90e-04 -2.98e-04In-vehicle time, squared, for transit 
-3.85 -3.96 -3.68 -3.85

-0.0206 -0.0186 -0.0191 -0.0185Out-of-vehicle time, for transit 
-3.15 -3.16 -3.26 -3.26

-0.0442 -0.0407 -0.0375 -0.0381Travel time, for bicycle 
-4.33 -4.41 -4.38 -4.70

-0.654 -0.623 -0.501 -0.545Natural logarithm of travel time, for 
car -2.36 -2.39 -1.97 -2.24

-0.0131 -0.0154 -0.0136 -0.0148Parking time, squared, for car 
-7.89 -9.98 -8.35 -9.53
2.07 2.36 2.51 2.51Scale parameter, for transit-bicycle 

nest 2.05 2.32 2.48 2.65
Summary Statistics 
Null log likelihood (L0) -2977.3 -2977.3 -2977.3 -2977.3
Final log likelihood -2060.4 -2054.4 -2055.5 -2049.4
Likelihood ratio test 1833.7 1845.7 1843.5 1855.7
Rho-squared 0.30795 0.30997 0.30960 0.31165
Adjusted rho-squared 0.30291 0.30493 0.30456 0.30662
Final gradient norm 0.0126 0.0194 0.0915 0.0101
All t-statistics (indicated in itallic below the estimated coefficient values) are against 0 except 
for the scale parameter for the transit-bicycle nest for which it is against 1 
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Table III –Tests of Model Specifications with Different Sociogeographic Networks 

Model 1 Model 2 Df z = adj.ρ21 
- adj.ρ22 

x = -2zL0 
+ df 

Φ(-x1/2) Comments 

Social Group Residential 
District 

0 0.00202 12.04 0.00026 Don't reject  
model 1 

District and 
Social Group 

Residential 
District 

0 0.00165 9.84 0.00085 Don't reject  
model 1 

Postcode and 
Social Group 

Residential 
District 

0 0.00370 22.06 0.00000 Don't reject  
model 1 

Social Group District and 
Social Group 

0 0.00037 2.20 0.06901 Reject model 1  
at 0.05 

Postcode and 
Social Group 

Social Group 0 0.00168 10.02 0.00077 Don't reject  
model 1 

Postcode and 
Social Group 

District and 
Social Group 

0 0.00205 12.22 0.00024 Don't reject  
model 1 

The non-nested test bounds the probability of erroneously choosing the incorrect model over 
the true specification under the null hypothesis that model 1 with higher adjusted rho-squared 
is the true model 
Df : difference in degrees of freedom between model 1 and model 2 
Φ : standard normal cumulative distribution function 
 
 
Ben-Akiva (36) who apply the “control function” approach (37-39) to correct for price 
endogeneity in residential housing choice; Goetzke (40) and Goetzke and Andrade (41) who 
account for endogeneity stemming from social network effects in a spatially autoregressive 
mode choice model using spatial lags as instrumental variables, Goetzke and Weinberger 
(42) who apply an instrumental variable probit model to test the impact of contextual and 
endogenous social interaction effects on auto ownership, and Goetzke and Rave (43) who 
derive an instrument from records with excluded trip purposes to study endogenous effects 
of “bicycle culture” in German cities. 
 
For the purposes of this paper, we accept that the estimated values may be biased. Our goal 
here is simply to generate various plausible parameter values under different scenarios, in 
order to be able to characterize the long-run dynamics of the nested logit model with social 
feedback. While for an application for policy purposes precise parameter values would be 
crucially important, in this paper the focus is more abstract. We are interested in getting an 
idea methodologically under what conditions a runaway effect is generated and what 
influences this. It is very useful to understand the dynamic behavior of a simple nested logit 
model, before proceeding to understand the dynamic behavior of models with even more 
complex kernels. Such an understanding built-up step-by-step is important both theoretically 
and conceptually as well as for good practice in multi-agent based simulation (9). 
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MULTI-AGENT BASED SOCIAL SIMULATION 

Using the Repast agent-based modeling platform (http://repast.sourceforge.net), we create a 
computational version of our nested logit models with heterogeneous agents and 
sociogeographic network interaction. Discrete choice estimation results describing individual 
heterogeneous preferences are embedded in the multi-agent based model to be able to 
observe the simulated evolution of choice behavior over time with sociodynamic feedback 
due to network effects. Example results for different random seeds are shown in Figure 1. 
Each run is allowed to iterate for 600,000 time steps, or roughly about 200 revisions of 
choices with asynchronous decision making for the sample size of 2913 agents. 
 

 
Figure 1 – Observed long-run mode shares for multi-agent simulation of nested logit models with social feedback 

on different sociogeographic networks 

There are several immediately striking features of the long-run results. First, we notice that in 
all scenarios, the long-run mode shares in Figure 1 moved significantly away from the initial 
overall modal split (23.7% public transit share; 26.7% bicycle or moped/motorcycle share; 
49.6% auto driver or auto passenger share). Second, we notice that the long-run results are 
also fairly stable: there is little variation in the long-run results for a given scenario. This is 
true for both scenarios with overlapping groups where influence has the possibility, in 
principle, to spread through the entire sample. Since it is also true for both scenarios with 
disconnected clusters where there is no possibility for transmission of influence across 
groups, this implies that the modal split within the clusters was effectively the same across 
clusters for a given scenario. Third, we notice in all cases the auto share strongly decreased. 
This is especially remarkable since the auto mode had initially a share about twice as large 
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as either of the other modes. We see that the feedback effect was thus indeed significant in 
dynamically hindering the auto mode in the long-run in all scenarios in a well-defined 
manner.  
 
What is curious is that the feedback effect one hand dynamically propels the transit mode for 
the case of network interaction by residential district clusters, and by overlapping residential 
district and social group, and on the other hand dynamically propels the bicycle mode for the 
case of network interaction by social group clusters, and by overlapping postcode and social 
group. This is a dramatic difference, emphasizing how important it would be in an application 
for policy purposes to know in the case of clusters whether influence actually works through 
neighbors or though socioeconomic peers, or in the case of overlapping groups what the 
regional scale is of neighborhood influence. We can in any case conclude resoundingly: if a 
feedback effect can be assumed, the precise details of the connectivity sociographic 
networks matter! 
 
It is important to recognize however that there are two stages in our process where the 
sociogeographic network enters. First, the network enters in the econometric estimation in 
determining the value of the estimated coefficients. Second, the network enters in the multi-
agent based simulation in determining the course of the spread of influence when the 
feedback is strong enough. We may wonder then what is the driving factor of the results: is it 
simply the strength of the feedback effect relative to the other components of the utility? or is 
it the connectivity of the network during the transmission process? or both? For example, if a 
feedback effect can be assumed, in a campaign to promote a particular mode or new 
service, we would want to know whether to focus efforts on the way the mode is promoted to 
make the adoption most convincing, or whether to focus for example, on seeding opinion-
makers to try to influence the connectivity of the sociogeographic network. Concretely, if say, 
Twitter were used to get the word out to market a mode, is it the art of sending an enticing 
enough tweet to generate many re-tweets? or is it the number of followers that receive the 
tweet and the shape of the network? or both? 
 
To gain some insight to the answer with regard to this particular case study, we run a 
hypothetical simulation experiment with sociogeographic networks swapped, while holding 
the utility parameters fixed. Example results for different random seeds are shown in Figure 
2. We find that only in the case of the social group parameters did the connectivity of the 
network seem to have some slight effect on the outcome of the multi-agent simulation. In our 
particular case study, we conclude that the strength of the feedback effect relative to the 
other components of the utility is the dominant factor in generating the long-run results. That 
is, in our particular case study, the connectivity appears not to be very relevant at the 
transmission stage. This said, it is important to note that the networks studied here are fairly 
dense by definition, due to the nature of the aggregate interaction assumed within groups. 
Earlier work by the authors (5) on a simple binary choice model with social interactions on 
abstract classes of networks over a sweep of network density from a classical case of 
independent agents on one hand to a fully-connected network on the other hand, holding 
utility parameters constant, indicated that sparse networks were more sensitive in the 
outcomes of transmission. 
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Figure 2 – Observed long-run mode shares for hypothetical experiment with multi-agent simulation of nested logit 

models where estimated utility parameters and sociogeographic networks are swapped 

 

CONCLUSIONS AND RECOMMENDATIONS 

We have extended previous work on discrete choice with social interactions in important 
ways. We consider a model where an agent’s choice is directly influenced by the 
percentages of the agent’s neighbors and socioeconomic peers making each choice, under 
four different scenarios. Two scenarios depict influence within a disconnected network of 
clustered groups. Two scenarios depict influence within overlapping social and spatial 
groups. Given the availability of appropriate data, our approach is principle directly 
extendable to the identifiable agent case. We observe that the estimated utility parameters 
for different hypothetical sociogeographic network scenarios can generate dramatically 
different dynamics. This finding underscores the need for more empirical research to 
understand actual sociogeographic influence networks (44-49). 
 
A challenging direction of on-going work by the authors addresses evolving networks in 
coupling with the evolving behavioral dynamics (50). A motivation for this direction of work is 
to be able to account for residential mobility, occupational mobility and other life cycle 
changes in social-spatial networks impacting transportation mode choice (51). An important 
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distinction can be namely understood in the land use transportation planning problem domain 
between network interactions impacting choices, such as transport mode choice, which do 
not endogenously affect the decision maker’s reference position in the network (eg. whether 
an agent chooses to travel by car versus rail for an intercity trip will not affect the fact of who 
the agent’s neighbors are), as opposed to network interactions impacting “sorting” type 
choices, such as residential location choice, which do indeed endogenously affect the 
decision maker’s reference position in a spatial network and potentially also within a social 
network (eg. in moving to a new neighborhood an agent per definition acquires new 
neighbors). The econometric aspects of estimating utility parameters for a residential location 
choice model with social and spatial network interactions are non-trivial and data intensive 
(52). 
 
Putting these desirable data and modeling features together for policy purposes, a 
challenging set of statistical questions arises for the econometric estimation with regard to 
the sampling frame for data collection. Various extensions of the maximum likelihood 
procedure for discrete choice models have been developed for estimation with general 
stratified samples (eg. exogenous samples, where sampling strata are segmented by the 
decision maker characteristics and/or attributes of alternatives, and choice-based samples, 
where each choice alternative corresponds to a separate stratum), enriched samples (eg. 
pooling of exogenously stratified samples with one or more choice-based samples), and 
double or multi-stage samples (eg. carrying first a small survey and then using information 
obtained to design a second survey). See for example, Manksi and Lerman (53), Manski and 
McFadden (54), Cosslett (55) and Daganzo (56, 57) for early work. An intriguing direction for 
further research, when collecting data on data on social networks using a technique such as 
snowball sampling (45), is what modifications may be necessary in the estimation procedure 
for the utility parameters of (complex) discrete choice models capable of capturing 
endogenous effects, contextual effects and correlated effects, and what the formal properties 
of estimates are under such a sampling scheme where the selection of decision makers is 
inherently interdependent by design and the choice behavior, characteristics, choice 
attributes and links are followed over time. 
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