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Abstract: Research of travel behaviors of university students is of theoretical and
empirical importance. The literature, however, has paid little attention to mode choice of students
at college towns. This study aims to specifically explore influence factors of the mode choice of
college town students. After conducting a survey of commuter students at Iowa State University,
a college-town university in the United States, the study uses both simple statistics and advanced
statistical models (e.g., multinomial logit and nested logit models) to analyze the data and produces
findings to confirm and test existing knowledge and to gain new insights. Firstly, students at
a college town are more likely to adopt greener (non-driving-alone) modes, especially walking,
to commute compared to their counterparts at urban universities; this is as revealed in the literature.
Secondly, students may use “bundled services” to fulfill their travel needs. The students who
prioritized rent affordability in housing choice tend to live in proximity to bus stops and are more
likely to ride buses. Lastly, commuter students who do not drive alone to school tend to prefer a
residence with transit proximity. Moreover, students who reside in proximity to transit and who
reported “peer effects” would use non-driving modes more if commute time was shortened.

Keywords: college town; mode choice; influence factors; bundled services; survey data; travel
demand management

1. Introduction

In recent years, travel behaviors of university students have caught increasing attention among
both researchers and policy makers [1–12]. The related research is of significant theoretical and
empirical importance. Firstly, since university students are expected to be more likely than the
general public to frequently use all modes of travel, research of their travel behaviors could generate
valuable knowledge for the development of multimodal transport systems. Secondly, universities
are often large trip attractors and, therefore, optimizing students’ travel behaviors may help reduce
transportation-related infrastructure costs. Moreover, universities may set good examples for society
with regard to promoting environmental awareness and encouraging good travel behaviors through
education and other related measures [1,3,8].

The existing literature has focused on urban universities, exploring the travel behaviors of
students who go to university in large urban areas [1–4,6,13,14]. However, research on student travel
behaviors in the setting of a college town has been inadequate. A college town is a jurisdiction
where the university students account for a significant share (at least 10%) of the local population [15].

Sustainability 2018, 10, 3316 ; doi:10.3390/su10093316 www.mdpi.com/journal/sustainability

http://www.mdpi.com/journal/sustainability
http://www.mdpi.com
https://orcid.org/0000-0002-1623-5002
https://orcid.org/0000-0001-6635-4088
http://www.mdpi.com/2071-1050/10/9/3316 ?type=check_update&version=1
http://dx.doi.org/10.3390/su10093316 
http://www.mdpi.com/journal/sustainability


Sustainability 2018, 10, 3316 2 of 18

There are many college towns in the United States (US). Among the top 50 college towns in the US [15],
the median of the percentage of university students of the local population is 33%, and only three have a
percentage lower than 10%. It is commonly accepted that college towns tend to have smaller population
sizes and more compact urban forms in comparison to urban areas. Consequently, students in college
towns are expected to differ from their counterparts at urban universities in activity patterns and
mode choice. For example, some argue that college town students are more likely to walk or bike to
school and less likely to drive due to the compactness of the locality. Related empirical knowledge,
however, is still fairly limited. Thus, the travel behaviors of college town students warrant more study.

In this study, we aim to explore what factors influence the mode choice of students at a
college town, with special attention to the factors that affect the popularity of biking and walking
among these students. The study empirically explores this research question with survey data from
Iowa State University (ISU), a typical college-town university in the US [15], using the analysis tools of
the multinomial logit model (MNL) and the nested logit model (NLM). By and large, this study
is an exploratory pilot study, given the fact that the survey data are from only one university.
Nevertheless, through investigating a typical college town in the US, this study attempts to establish
replicable research procedures and to create survey instruments for future studies on the related topics.
Also, it hopes to generate some general (probably preliminary) insights into student mode choice at
college towns, especially in the US context, which is notorious for widespread car dependence.

The article is organized as follows. The next section reviews the literature on the influence
factors of university students’ mode choice. The third section introduces the methodology and the
collected data. The fourth section presents the results of the analyses. The article concludes with a
discussion of major findings and directions for future research.

2. Literature Review

In the large volume of literature on mode choice, scholars [2,3,16–33] have identified six general
groups of factors that individually or collectively influence people’s mode choice. The six groups of
factors are:

1. Physical environment and urban form [16], such as travel distance, travel time, and land use and
transportation planning;

2. Mode-specific or service factors [17], such as travel cost and transit proximity;
3. Personal attributes [17,34], such as age, gender, and income;
4. Trip characteristics [17], such as time of travel;
5. Travel demand management (TDM) measures [18], such as discounted bus passes;
6. Psychological factors [19,35], such as environmental awareness and perceived safety.

The classification, although possibly oversimplifying the reality, provides a useful analytical
framework for this study to organize and review the literature on mode choice of university students.
Table 1 summarizes major existing studies that investigate the influence factors of mode choice of
university students. The studied universities can be categorized into two groups: urban universities
and college towns. The findings are organized by the type of influence factors listed above.

Firstly, with regard to physical environment, factors such as commute distance, travel time, and
infrastructure density are considered important to the mode choice of university students. Specifically,
students living on or near campus are significantly more likely to walk and bike, and less likely to
drive automobiles [2]. Street density increases the utility of car and transit, whereas sidewalk density
decreases the utility of these two motorized modes [8]. Compared to commuter students of urban
universities, those of college towns drive alone less and walk or bike more [1,13].

Secondly, by focusing on urban universities, scholars find that mode-specific or service factors also
matter to student mode choice. Specifically, Collins and Chambers [12] find that mode-specific costs
and access to bus, together with travel distance, travel time, and environmental awareness, may jointly
influence the mode choice. Zhan, et al. [36] argue that transit access increases transit usage among
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university students. Shannon, et al. [9] find that perceived and actual travel time by bus or by bike has
the greatest impact on transit usage and biking behaviors among university members.

Table 1. Mode choice of university students by location.

Influence Factors Urban University College Town

1 Physical environment

Students at urban universities have a lower
percentage of non-motorized trips than
students at college towns [13]; students living
on or around campus are significantly more
likely to walk/bike and less likely to drive [2];
infrastructure density influences mode choice
[8]; commuter students at an urban university
do not drive alone more than commuter
students elsewhere [3].

2 Mode-specific or service
factors

Mode-specific costs, together with travel
distance/time, access to bus and
environmental awareness jointly influence
mode choice [12]; transit access increases
transit usage among university students [36];
perceived and actual travel times by bus or by
bike have the greatest impacts on transit
usage and biking behaviors among university
members [9].

n/a

3 Personal attributes

Gender, status (undergraduate vs. graduate),
age, shared residence, and having friends or
classmates living nearby influence active
mode choice [3,5]; university students are
more likely to share a residence in exchange
for rent affordability, bus proximity, and short
commute [5]; family income influences mode
choice [36]; cycling is the most attractive
alternative for individuals not living with
their families [8]; female students are
generally less likely to be bicycle riders and
more likely to be auto drivers [6].

Vehicle ownership increases
the probability of driving or
riding a motorcycle in a rural

university [37].

4 Trip characteristics Mode choice tends not to be related to time of
travel [3]. n/a

5 TDM measures

Discounted transit pass encourages active
mode choice [10]; Travel demand
management (TDM) measures increase
university students’ usage of alternative
modes [38]; complete, timely, and accurate
information can increase usage of
non-driving-alone modes [11]; having a
transit pass increases the probability of
commuting by transit and decreases the
probability of driving alone [4]; owning a
parking permit increases the utility of
traveling by car by a large margin [8].

n/a

6 Psychological factors

Affective motivation and symbolic function
of driving or behavioral intention motivates
students to drive [39,40]; perceived safety
affects the probability of walking [14];
environmental awareness, together with
mode-specific costs, and travel distance/time
jointly influence mode choice [41].

Psychological factors explain
the largest variance in mode

choice [42].
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Thirdly, personal attributes are found to contribute to the mode choice of urban university students.
A number of related factors, such as gender, status (undergraduate vs. graduate), age, income,
shared residence, and having friends or classmates living nearby, may all influence the active mode
choice [3,5,36]. For example, female students are generally less likely to be bicycle riders and more
likely to be auto drivers [6]. In addition, cycling is the most attractive alternative for individuals who
do not live with their families [8]. Notably, a study by Limanond, et al. [37] from a rural university
(a college town) finds that vehicle ownership increases the probability of driving or riding a motorcycle
among the students.

Moreover, TDM measures, such as discounted transit passes, may increase university students’
usage of alternative modes [10,38]. For example, possessing a transit pass increases the probability of
commuting by transit while it decreases the probability of driving alone [4]. Meanwhile, complete,
timely, and accurate information can increase the usage of non-driving-alone modes [11]. Moreover,
owning a parking permit may increase the utility of traveling by car by a large margin [8].

Last, but not least, psychological factors matter, too. Behavioral intention to travel by car [39] and
affective motivation and symbolic function of driving [40] could effectively motivate students to drive.
Also, perceived safety may affect the probability of walking [14]. Moreover, environmental awareness
together with mode-specific costs and travel distance/time may jointly influence mode choice [41].
Notably, a study by Bopp, et al. [42] of a college town demonstrates that psychological factors may
explain the largest variance in the student mode choice.

Overall, a review of the literature clearly demonstrates that the travel behaviors of college
town students have not yet been intensively studied, except in Bopp, Kaczynski and Wittman [42]
and Limanond, Butsingkorn and Chermkhunthod [37]. So far, scholars find that some physical
environment factors, personal attributes, and psychological factors may help explain the mode choice
of college town students. It is, however, unknown whether these factors may jointly influence the
mode choice. It is also a question whether these factors influence the mode choice of college town
students and that of urban university students in different ways. In light of these questions, this study
conducts a survey of commute students of a college town (ISU) and explores how the six groups of
factors may individually or collectively influence the students’ mode choice.

3. Methodology and Data

The study site is Iowa State University (ISU), located in City of Ames, Iowa. Ames is a small
jurisdiction with a size of 24.27 square miles. It is a typical college town [15] with 57% of the local
population being ISU students. The City of Ames and ISU jointly provide bus service “Cyride” that
covers the city. This bus service is a crucial component of the TDM measures in Ames and at ISU.
The ISU campus is the hub of Cyride with seven bus routes intersecting and overlapping one another.
ISU student government fees and ISU general funds provide 45% of the funding for the operation and
maintenance of Cyride. All ISU students can ride Cyride for free with their ISU IDs.

In this study, we conducted a survey to investigate the mode choice of commuter students at ISU,
paying particular attention to those factors that are expected to influence the student mode choice.
Here, commuter students are defined as students who do not live on campus and must commute
to school. The mode choice alternatives of these students include driving alone, carpooling,
taking public transit, biking, and walking. Notably, to ensure the survey data are well focused,
the survey only asks students about their primary mode of transportation. We understand,
however, that there might be multimodal travel behaviors in reality. We consider all six groups
of influence factors of people’s mode choice as identified in the existing literature, including physical
environment, mode-specific or service factors, personal attributes, trip characteristics, TDM measures,
and psychological factors.

The online survey was sent to all active ISU students with an email account in April 2012.
This survey offered five $50 cash awards in order to increase response rate. It generated a response
rate of 6% (1661/26,144). This response rate is not high but comparable to the sampling/response rates
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of other well-known surveys, such as the National Household Travel Survey (2001) with a sampling
rate of 0.06% [43] and the California Household Travel Survey (2013) with a response rate of 4.9% [44].
In Table 2, the survey respondents are compared with the student population of ISU in several aspects.
A chi-square test reveals insignificant difference between the two groups of people, indicating that the
respondents may well represent the student population, at least in such aspects as housing distribution,
gender, and age.

Table 2. Comparison of the respondents and the student population.

Respondents (n = 1661) Population a (n = 29,887)

Residential distribution % %
Living off campus 67 65
Living on campus 33 35

Gender
Male 42 56
Female 58 44

Age
<18 1 1
18–22 66 73
23–26 21 15
>26 12 11

a Source: Iowa State University (ISU) Institutional Research.

The collected survey data are summarized in Table 3, including the mode choice alternatives of
ISU students and six groups of influence factors. Salient observations of the data include a high rate
of walking and a short mean commute distance. The percentage of walking as the primary mode
of transport is 36.6%, and the average commute distance is 2.2 miles. These are consistent with our
expectations of a college town. Notably, despite the short commute distance, over 50% of the students
still rely on motorized modes for daily commuting, including driving alone, carpooling, and taking
transit. This phenomenon is worthy of particular attention.

Table 3. Variables, Descriptions and Values.

Variables Descriptions/Notes Values

Dependent variables a

Driving alone The primary mode is driving or motorcycling alone. 22.9%

Carpooling The primary mode is carpooling. 1.6%

Transit The primary mode is taking public transit, including
campus shuttle. 33.1%

Biking The primary mode is biking. 5.8%

Walking The primary mode is walking. 36.6%

Independent variables

1 Physical environment

Commute distance Network-based distance between home and campus. Mean: 2.2 miles; SD: 4.2

Perceived commute time

Less than 5 min; 5–10 min; 10–20 min; more than 20
min. Most students only reported the perceived
commute time for their respective primary modes of
travel. We estimated perceived commute time for
other modes based on the nearest neighbor’s
reported perceived commute time.

Median: 10–20 min

Residence type/locale

A university-owned apartment around the campus. 3.6%

A residence shared with other students or friends. 58.5%

A home-stay room with an unrelated family. 0.7%

A family residence (one’s, parents’ or partner’s own
or rental residence). 16.2%

A residence not shared with anyone else. 15.1%

A fraternity or sorority residence. 4.9%

None of the above (open answer). 1.0%
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Table 3. Cont.

Variables Descriptions/Notes Values

2 Mode-specific or
service factors

Transit proximity 1 if living within 0.25 mile to a stop of a direct bus
line to campus; otherwise 0. 86.2%

Cost of
driving/carpooling

Based on self-reported vehicle type and University of
California, Davis’ EV Explorer [45], which estimates
cost of driving between any two locations in the US.
It was assumed that each student who reported
driving as major commuting mode drives five times
a week for nine months each year. For carpooling
cost, it was assumed that there are one driver and
one carpooler.

Mean: 30 dollars/year;
SD: 142

3 Personal attributes

Primary reason for
choosing the current
residence

Rent affordability. 21.6%

Transit proximity, living within a walking distance to
a bus line. (If yes, we assume that there were
self-selection issues.)

11.7%

Community amenities (safety, quiet neighborhood,
green space, proximity to shops, bars and
restaurants, etc.).

13.5%

Friend network, with friends or classmates living
nearby. 15.9%

Family residence, living with family. 2.7%

Proximity to campus. 29.8%

Other than the above (open answer). 4.8%

Gender 1 if male; otherwise 0. 42.6%

Age <18, 18–22, 23–26, or >26 Median: 18–22

Annual income

I don’t work. 35.3%

$20,000 and below. 58.6%

$20,000 to 25,000. 3.4%

$25,000 to 30,000. 1.2%

$30,000 and above. 1.5%

Off-campus part-time job 1 if yes; otherwise 0. 24.1%

4 Trip characteristics Time of Travel 1 if using the primary mode and not travelling 7–9
am or 4–6 pm; otherwise 0. 62.5%

5 TDM measures Parking permit 1 if having a long-term on-campus parking permit;
otherwise 0. 9.3% b

6 Psychological factors Information contagion
and peer effects

1 if yes; otherwise 0. (If yes, we assume that there
were peer effects on one’s mode choice.) 38.4%

a The primary mode of travel. b Assuming all students living outside Ames have a commuter parking permit.

4. Results

4.1. Descriptive Analyses of the Survey Data

In this research, we not only re-examine the impacts of the factors that are known to influence
student mode choice in a college town but also explore the effects of some new factors, focusing
on mode-specific or service factors and personal attributes. Regarding the student mode choice,
our preliminary analysis shows that 77% of the ISU students use non-driving-alone modes, which is
much higher than the shares at urban universities, such as 27% at Ohio State University (OSU) [6],
66% at the University of Western Australia (UWA) [9], 42% at Old Dominion University (ODU),
and 54% at Virginia Commonwealth University (VCU) [1]. Among the non-driving-alone modes,
both transit and walking are rather popular among ISU students: 33% of ISU students ride buses,
and 37% walk to campus. Notably, the carpooling rate is rather low: only 1.6% of the students
commute to school by carpooling. In this section, the descriptive analyses of the survey data focus on
the relationship between the student mode choice and several important influence factors.
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4.1.1. Mode Choice and Physical Environment

This study considers three physical environment factors—commute distance, perceived commute
time, and residential type/locale—with special attention paid to commute distance. For ISU students,
proximity to campus does not make alternative modes more attractive. As many as 25% of the
respondents with commute distance less than two miles (n = 169) still drive alone to campus (Table 4).
This means that commute distance is irrelevant to their decision of driving. To further explore the
relationship between commute distance and specific mode choices, unpaired student t-tests were
conducted between driving alone and other modes. The results reveal that only students who ride
transit have a distribution in commute distance similar to those driving alone (p < 0.05).

Table 4. Mode choice and commute distance.

Mode/Commute Distance (in Miles) <2 2–5 >5

N % N % N %

Driving alone 169 25.3% 67 17.4% 13 36.1%
Carpooling 11 1.6% 6 1.6% 0 0.0%

Transit 209 31.3% 140 36.3% 6 16.7%
Biking 42 6.3% 19 4.9% 4 11.1%

Walking 236 35.4% 154 39.9% 13 36.1%
All 667 100% 386 100% 36 100%

4.1.2. Mode Choice and Mode-Specific or Service Factors

This study examines transit proximity as a service factor that is expected to influence the student
mode choice. Here, transit proximity is measured as the distance from home to the closest transit
stop of a direct bus line to ISU. The results of the analysis (Table 5) demonstrate that proximity to
transit services does not make riding transit more attractive. In fact, 23% (n = 212) of the students with
good transit proximity—living within 0.25 miles of a bus stop—still choose to drive alone or carpool
to school.

Table 5. Mode choice and transit proximity.

Mode/Transit Proximity (in Miles) <0.25 0.25–0.5 0.5–1 >1

N % N % N % N %

Driving a 212 22.9% 14 33.3% 7 29.2% 17 20.7%
Transit 307 33.2% 12 28.6% 9 37.5% 27 32.9%
Biking 56 6.1% 0 0.0% 6 25% 3 3.7%

Walking 350 37.8% 16 38.1% 2 8.3% 35 42.7%
All 925 100% 42 100% 24 100% 82 100%

a Including driving alone and carpooling.

4.1.3. Mode Choice and Personal Attributes

This study explores the impact of five personal attributes on student mode choice: primary reason
for housing choice, gender, age, income, and off-campus employment. In particular, when examining
the primary reason for housing choice, the study compares students who prioritized rent affordability
in their housing choice (n = 442) with those who prioritized other reasons (n = 647). The former group’s
mean commute distance is 9% shorter than the latter’s (2.09 miles vs. 2.27 miles). With regard to the
mode choice, the two groups of students have comparable rates of driving (including driving alone
and carpooling: 25.3% vs. 24.5%). Among the non-driving alternatives, the former are more likely to
commute by bus (47.2% vs. 24.1%) while less likely to bike or walk to school (32.2% vs. 51.3%)
compared to the latter. Notably, combining the above findings regarding commute distance,
transit proximity, and rent affordability, the study reveals that the students who prioritized rent
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affordability in housing choice tend to live in proximity to bus stops and are more likely to ride buses;
that is, they use “bundled services” to fulfill their travel needs.

Meanwhile, the survey included a question regarding off-campus employment in order to examine
whether having an off-campus job influences the mode choice of a student. This factor has not been
explored in the existing literature. The analysis results show that off-campus employment may not
have an impact on the rate of driving alone. In fact, this factor is found to be associated with a lower
rate of driving alone (Table 6), in contrast to our expectation of a positive relationship. A possible
explanation is that a student’s mode choice is more heavily influenced by factors such as the person’s
financial situation rather than travel needs associated with off-campus employment.

Table 6. Off-campus job and mode choice.

Having an Off-Campus Job

Yes No

N % N %

Driving alone 57 21.6 192 23.2
Alternative modes 206 78.4 634 76.8

All 263 100 826 100

4.1.4. Mode Choice and Psychological Factors

This study explores the impact of a psychological factor—information contagion [3] (or peer
effects)—on student mode choice. As Zhou [3] argues, friends or familiar roommates may provide
trusted and relevant information to influence one’s mode choice. In the ISU survey, we specifically
asked the students whether their choice of transportation is affected by the people they live with.
Among the respondents (n = 1089), 38% indicated that their mode choice was affected by their
roommates, who can be broadly regarded as their peers. We speculate that the information contagion
(peer effects in this study) influences university students’ mode choice.

4.2. Multinomial Logit Model

4.2.1. Model Description

The multinomial logit model (MNL) has been widely used to explore students’ mode choice in
the context of urban universities [3,4,8]. Based on Greene [46], the MNL assumes that the probability
that the ith student would choose jth mode of transportation is given by:

Pij = Pr (Rij > Rik) (1)

for k 6= j, j = 0, 1, 2, 3, which represent different mode choices, with Rij being the maximized utility
attainable for student i if the student chooses jth mode, and:

Rij = βj
’Xij + εij (2)

where βj
’ is a vector of coefficients of each of the explanatory variables. If the stochastic terms, ε,

are identically and independently Gumbel distributed, the MNL can be expressed as:

Pij = exp (βj
’Xij)/∑ exp (βj

’Xij) (3)

The parameters (β) are estimated by maximizing a log likelihood function.
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4.2.2. Empirical Results

Inspired by the existing literature, this study first develops two MNLs. One examines the effects
of the influence factors on the marginal utility of alternative mode choices relative to the reference—i.e.,
driving alone—using only valid responses that contain all the variables of interest (n = 1089). The other
focuses on the students using alternative modes, with riding transit being the reference (n = 823). It aims
to identify factors that affect the popularity of biking and walking among ISU students. SPSS 19 by
IBM Statistics, Chicago, Illinois (US) is used to generate the MNL results. The results with the largest
Cox and Snell R-squared but a minimum number of explanatory variables (using ±0.005 variation in
Cox and Snell R-squared as the cut-off point) are presented in Tables 7 and 8. The values of McFadden’s
pseudo R-squared are also presented in both tables.

The results of the first MNL model are presented in Table 7. Both personal attributes and physical
environment are found to have significant impacts on the adoption of alternative modes relative to
driving alone. Firstly, two personal attributes (i.e., income and gender) matter. Income significantly
affects transit usage and walking. The higher the annual income, the less likely a student would
ride transit or walk to school. Also, gender is related to the choice of biking. Specifically, males are
significantly more likely to bike to school than females. A similar gender difference in biking has
been well documented in studies on urban universities [6,47], in which safety was considered a main
explanation. The ISU case confirms that such a difference also exists in the context of a college town,
where safety is a much lesser concern for females. In other words, the study suggests that even in a
safe environment, female students may still be less likely to commute by biking.

Table 7. Estimates for alternative modes: multinomial logit model (comparison with driving alone).

Variables Code Transit
Coefficient

Carpooling
Coefficient

Biking
Coefficient

Walking
Coefficient

Interception − 1.0
(3.8)

−2.9
(3.6) *

−0.3
(0.1)

1.8
(13.1) ***

Personal Attributes

Age − −0.05
(0.2)

0.3
(0.8)

−0.2
(1.1)

0.02
(0.03)

Living with family 1 −0.02
(0.004)

0.2
(0.08)

0.4
(0.9)

0.07
(0.06)

Income 1 −0.3
(5.2) **

−0.3
(0.7)

−0.7
(0.1)

−0.6
(18.5) ***

Off-campus job 1 −0.1
(0.9)

0.2
(0.3)

0.03
(0.02)

−0.005
(0.002)

Gender 1 0.1
(0.5)

−0.5
(0.8)

0.6
(4.3) **

0.06
(0.1)

Mode-Specific or Service Factors

Transit proximity 1 −0.08
(0.07)

−0.2
(0.05)

0.2
(0.1)

0.1
(0.2)

Physical Environment

Commute distance − −0.05
(3.5) *

−0.3
(1.1)

0.008
(0.052)

−0.03
(1.46)

Perceived commute time 1 −0.03
(0.1) *

0.2
(0.4)

−0.8
(23.2) ***

−0.9
(80.4) ***

Notes: Z-statistics are given in parentheses. Driving alone is the reference mode and alternative modes include
taking transit, carpooling, biking, and walking. Cox and Snell R2 = 0.17; McFadden’s pseudo R2 = 0.071. * denotes
significance of 10%. ** denotes significance of 5%. *** denotes significance of 1%.
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Table 8. Estimates for biking and walking: multinomial logit model (comparison with transit).

Variables Code Biking Coefficient Walking Coefficient

Interception - −1.0
(1.5)

1.2
(6.2) ***

Personal Attributes

Age - −0.2
(0.8)

0.05
(0.2)

Living with family 1 0.4
(1.1)

0.06
(0.05)

Income 1 0.3
(1.9)

−0.3
(4.5) **

Off-campus job 1 0.1
(0.6)

0.1
(1.1)

Male 1 0.4
(2.1)

−0.1
(0.7)

Mode-Specific or Service Factors

Transit proximity 1 0.2
(0.2)

0.2
(0.4)

Physical Environment

Commute distance - 0.05
(1.1)

0.005
(0.02)

Perceived commute time 1 −0.9
(27.9) ***

−1.0
(99.7) ***

Notes: Z-statistics are given in parentheses. Cox and Snell R2 = 0.17; McFadden’s pseudo R2 = 0.10. ** denotes
significance of 5%. *** denotes significance of 1%.

Secondly, for physical environment, both commute distance and perceived commute time have
significant impacts on the mode choice. Notably, these two independent variables have low correlation
(the correlation coefficient = −0.06). Specifically, commute distance is found to have a significant,
although small, negative impact on transit usage. This is generally consistent with the findings
from urban universities [4,9]. Meanwhile, commute distance does not have a significant effect on
the probability of biking. This echoes with the findings of Zhou from the University of California,
Los Angeles (UCLA) [3,4]. A possible explanation is that university students who bike to school
are a very special group: they choose to commute by biking regardless of the commute distance.
Notably, compared to urban universities, college towns tend to be compact and small, and the
commute distance of commuter students tends to be much shorter. Therefore, the students are
expected to care more about actual/perceived commute time than commute distance when making
mode choice, while the former could be influenced by factors such as availability of bike lanes,
pedestrian/cyclist-friendly traffic signals and topography. In fact, our model confirms the expectation.
Long perceived commute time is found to significantly deter biking and walking. This is consistent
with findings from urban universities such as UCLA [4] and UWA [9].

Lastly, an additional finding from the MNL results is also worthy of note. In the ISU case, the age
of a student does not have a significant effect on the use of public transit, indicating that students of all
ages may equally use transit services. This is different from the finding of Zhou [3] that older students
at UCLA are significantly less likely to take transit than younger ones.

The second MNL explores the impact of influence factors on the alternative mode choices
of biking and walking relative to the reference mode (taking public transit). The analysis shows
that both personal attributes (income) and physical environment (perceived commute time) matter,
as illustrated in Table 8. Firstly, the higher the income, the less likely a student would walk to school.
Notably, since no significant relationship is found between income and biking, the mode of bicycling
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seems to be equally popular among students of all income levels. Secondly, short perceived commute
time would significantly increase the rates of biking and walking. This is consistent with the findings
from urban universities such as UWA [9] and OSU [6].

4.3. Nested Logit Model

4.3.1. Model Description

As compared to MNLs, nested logit models (NLMs) relax the assumption regarding
stochastic terms, ε; that is, the independence of irrelevant alternatives (IIA). This allows us to group
similar or related alternative choices together and to avoid possible biased coefficient estimates due
to correlated ε. Many scholars have detailed the specifications and fundamentals of NLMs [46,48].
Popular statistical packages such as STATA 13.0 by StataCorp., College Station, TX, USA, provide syntax
for us to run NLMs conveniently. To highlight possible biased estimates of coefficients in MNLs, we ran
NLMs based on the primary data we collected and secondary data that we derived based on those
primary data and/or external sources (see Table 3).

In NLMs, we organize choices into different subsets (called “nests”)—Sm, where m = 1, 2, . . .
m—to better study the probability of a choice by the study subjects. Any given choice, i, belongs to
only one subset, Sj. Unsurprisingly, for a given number of choices that are equal to or greater than
three, there could be more than one way to organize subsets. In our study of ISU, we found that
the following subsets (Figure 1) are the most appropriate (based on trial-and-error) for providing
reasonable modeling results.Sustainability 2018, 10, x FOR PEER REVIEW  13 of 18 
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Figure 1. Nesting structure of mode choice for ISU students.

Per the structure of NLMs exemplified in Figure 1, the probability of study subject
(in our case student), i, choosing mode choice, j—i.e., (Pr (yi))—is equal to the product of the probability
of choosing some subset, S(j), Pr{yi ε S(j)}. The conditional probability to choose the mode j given some
alternative in S(j) is Pr{yi = j|yi ε S(j)}; that is:

Pj = Pr(y = j) = Pr{y = j|y ε S(j)} · Pr{y ε S(j)}. (4)

One can use STATA 13.0 to perform maximum-likelihood estimation of Pj (dependent variable),
different independent variables and related parameters, such as the likelihood-ratio test value about
IIA to compare the goodness of fit between a null model and an alternative model, as well as the
dissimilarity parameter, which measures the degree of correlation of random shocks within each of the
nests/subsets (e.g., in Figure 1, there are three nests: driving, transit, and non-motorized).
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4.3.2. Empirical Results

To examine the impacts of different factors (independent variables) on mode choice and to control
possible self-selection issues (e.g., those who live in proximity to transit because they like to travel
with transit), we ran as many as six NLMs with different numbers of responses:

(1) With all students that can feasibly drive, carpool, ride Cyride, walk and/or bike to the ISU
campus (“all” for shorthand hereafter). According to Figure 1, even if a student (in theory) has as
many as five choices of travel, we removed certain choices from this person if some conditions
are met. For instance, we removed the choice of driving alone when the person did not have
access to a vehicle in his/her household, the choice of taking transit when the person lived
outside the service area of Cyride, and the choice of biking/walking when the person lived too
far to bike/walk to the ISU campus.

(2) With all but those who reported that their current mode choice was affected by their peers.
This model shows what factors affect students’ mode choice and to what degree when there were
no peer effects.

(3) With all but those who reported that they chose their current residence because of its
transit proximity. This model shows what factors affect students’ mode choice and to what
degree when there was no self-selection.

(4) With only those who reported that their current mode choice was affected by their peers.
This model illustrates, among students who self-reported peer effects, what factors affect their
mode choice and to what degree.

(5) With only those who reported that they chose their current residence because of its
transit proximity. This model illustrates, among students who were subject to self-selection,
what factors affect their mode choice and to what degree.

(6) With all but those who reported that they chose their current residence because of its transit
proximity and those who reported that their current mode choice was affected by their peers.
This model demonstrates what factors affect students’ mode choice and to what degree if there
were neither self-selection nor peer effects.

With regard to selecting independent variables for the NLMs, the literature review and the results
of MNLs provided us with the initial inspirations. We then adopted some other independent variables
based on our own knowledge and experience. Overall, our method for selecting independent variables
was trial and error. Table 9 presents the results of the six NLMs.
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Table 9. Mode choice of different students: nested logit models.

Model (1) All
(n = 987)

(2) All (No Peer
Effects, n = 615)

(3) All (No
Self-Selection,

n = 763)

(4) Peer Effects
(n = 372)

(5) Self-Selection
(n = 224)

(6) All (No Peer-Effects
and Self-Selection,

n = 764)

Mode-specific or built-environment related

Perceived commute time −0.02 **
(0.01)

−0.02 **
(0.01)

−0.02
(0.01)

−0.04 **
(0.02)

−0.06 ***
(0.02)

−0.02
(0.01)

Commute distance 0.03 **
(0.02)

0.02 **
(0.01)

0.02
(0.02)

0.15
(0.10)

0.18
(0.15)

0.02
(0.02)

Individual/Student-specific

Driving

Age 0 (base) 0 (base) 0 (base) 0 (base) 0 (base) 0 (base)

Gender 0 (base) 0 (base) 0 (base) 0 (base) 0 (base) 0 (base)

Income 0 (base) 0 (base) 0 (base) 0 (base) 0 (base) 0 (base)

Living-alone
(1: yes; 0: No) 0 (base) 0 (base) 0 (base) 0 (base) 0 (base) 0 (base)

Transit

Age 0.03 ***
(0.01)

0.03 ***
(0.01)

−0.0003
(0.01)

0.03
(0.02)

0.08
(0.02)

0.01
(0.01)

Gender 12.96
(504.00)

0.04
(0.22)

0.12
(0.20)

13.84
(760.49)

12.51
(363.69)

0.12
(0.20)

Income −4.86 × 10−7

(8.78 × 10−6)
−8.14 × 10−6

(1.14 × 10−5)
2.70 × 10−6

(9.89 × 10−6)
1.24 × 10−5

(1.39 × 10−5)
−8.54 × 10−6

(2.16 × 10−5)
2.97 × 10−6

(9.88 × 10−6)

Living alone −0.52 **
(0.24)

−0.50
(0.274)

−0.30
(0.284)

−0.51
(0.63)

−0.96
(0.61)

−0.38
(0.27)

Peer effect (excluded) (excluded) 0.11
(0.09) (excluded) (excluded) (excluded)



Sustainability 2018, 10, 3316 14 of 18

Table 9. Cont.

Model (1) All
(n = 987)

(2) All (No Peer
Effects, n = 615)

(3) All (No
Self-Selection,

n = 763)

(4) Peer Effects
(n = 372)

(5) Self-Selection
(n = 224)

(6) All (No Peer-Effects
and Self-Selection,

n = 764)

Non-motorized

Age 0.03 ***
(0.01)

0.04 ***
(0.01)

0.03 **
(0.01)

0.02 **
(0.01)

0.05
(0.02)

0.03 ***
(0.01)

Gender 13.02
(504.23)

0.06
(0.21)

0.07
(0.18)

14.05
(769.49)

12.51
(363.69)

0.07
(0.18)

Income −1.61 × 10−5 **
(8.13 × 10−6)

−2.57 × 10−5 **
(1.04 × 10−5)

−1.63 × 10−5 *
(8.854 × 10−6)

4.00 × 10−7

(1.33 × 10−5)
1.11 × 10−5

(2.15 × 10−5)
−1.62 × 10−5 *
(8.85 × 10−6)

Living alone −0.28
(0.22)

−0.33
(0.24)

−0.154
(0.24)

−0.29
(0.57)

−0.97
(0.64)

0.15
(0.23)

Peer effect (excluded) (excluded) −0.00
(0.09) (excluded) (excluded) (excluded)

Dissimilarity parameters

Driving 0.37
(0.16)

0.28
(0.18)

0.24
(0.17)

0.75
(0.39)

0.95
(0.51)

0.24
(0.17)

Transit 1
(525,432.30)

1
(391,268.40)

1
(609,317.80)

1
(185,136.60))

1
(153,263.90)

1
(398,002.40)

Non-motorized 0.32
(0.14)

0.25
(0.174)

0.23
(0.17)

0.57
(0.29)

0.68
(0.37)

0.23
(0.17)

Wald test
Wald Chi2(x) Wald chi2(11) = 43.68 Wald chi2(10) = 36.29 Wald chi2(12) = 34.98 Wald chi2(11) = 13.37 Wald chi2(11) = 22.53 Wald chi2(10) = 32.71

Sig. 0.0000 0.0001 0.0005 0.2698 0.0205 0.0003

Note: Dependent variable: Primary mode choice of student. n, sample size in each model. Standard errors in parentheses. * Significant at the 10% levels. ** Idem., 5%. *** Idem., 1%.
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Compared to the MNLs, the NLMs provide more nuanced (and probably more unbiased)
estimation of the impacts of independent variables. The NLMs produce six major findings as follows:

(1) The dissimilarity parameters (all are smaller than 1) show that all the NLMs are generally
consistent with the expected random utility assumption about NLMs. In other words, it is
appropriate to use the NLMs to examine the above impacts.

(2) The results of NLMs (2–6) show that if we do not control peer effects and/or self-selection,
we could introduce biases into the estimation of the impacts of independent variables.
Living alone, for instance, was found to be significantly correlated with transit usage in NLM (1).
But such correlation no longer exists after we control for peer effects and/or self-selection.

(3) Regardless of the independent variables, the estimated impacts on non-driving modes in
the NLMs, if any, tend to be smaller than those in the MNLs. The coefficient value of perceived
commute time in NLMs, for instance, is only about 10% of that in MNLs.

(4) If we control peer effects and/or self-selection (NLMs (2, 3, 6)), perceived commute time tends to
have a mixed impact on non-driving mode choice. Those whose mode choice was affected by
peers or those who chose their current residence because of transit proximity were more sensitive
to such time than others. In other words, if we can combine peer effects and transit proximity with
a shorter commute time, these students are more likely than others to use non-driving modes.
The income coefficient further indicates that the combination could work across students of
different levels of income.

(5) Gender plays little or no role in influencing students’ non-driving mode choice according to the
NLM results. This, however, may be unique in college towns. This is at odds with the result of
MNLs that females bike less than males.

(6) Except those who chose current residence because of transit proximity, age can be a good predictor
for choosing non-motorized modes.

5. Discussion and Conclusions

Previous studies have advanced our understanding of mode choice of university students,
shedding light on such questions as why it is important to study the issue and which factors may
influence mode choice of university students. However, the existing literature has paid little attention
to the mode choice of university students in college towns. It is hoped that the current study,
which is based on descriptive/simple statistics as well as more advanced statistical models such
as MNLs and NLMs, can help fill the gap through a survey of ISU commuter students about their
travel behaviors.

Specific findings are as follows. Firstly, as expected, commuter students in the college town are
more likely to use non-driving-alone modes, especially walking, to commute to school compared with
their peers at urban universities such as UCLA [3], OSU [6], UWA [9], ODU and VCU [1]. Despite the
high share of non-driving-alone modes, however, the college town students at ISU can still improve
their percentage of carpooling, which was quite low based on the survey responses. In this regard,
the experience of UCLA may provide some valuable insights in terms of employing TDM measures
to promote carpooling [3]. At UCLA, two or three students who apply for a shared carpool parking
permit enjoy a priority parking slot at a discounted rate. Meanwhile, the university designed an
on-line tool, Zimride, to help its members easily find carpool partners.

Secondly, at the college town, commuter students’ use of alternative modes of travel is closely
related to the distance between the residence and transit services. Specifically, the students who
prioritized rent affordability in housing choice are found to tend to live in proximity to bus stops
and are more likely to ride buses. They use the “bundled services” to fulfill their travel needs.
Similar findings have been documented in studies about urban universities, such as UCLA [5] and
McMaster University, located in Ontario, Canada [8]. Thus, “bundle services” should be considered by
future TDM programs.
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Third, most commuter students tend to prefer a residence as close to campus as their
budget allows. The proximity, however, does not always translate into greener travel modes. At ISU,
25% of commuter students living within two miles of the campus still drive alone to school, and this
percentage is significantly higher than commuter students elsewhere. A possible explanation is that a
highly compact college town like Ames may still not satisfy all life needs of the commuter students.
This forces the students to go outside their town, which often necessitates driving. Thus, future research
needs to fully explore the travel needs of commuter students—for example, through activity-based
studies—and to investigate how a college town may fulfill these needs.

Fourth, at ISU, male students are found to be more likely to commute by biking than female
students if we only rely on MNLs. This is consistent with findings from urban universities such as
UCLA [4] and OSU [6]. But the results of NLMs indicate that gender plays no or little role in influencing
biking and walking. This indicates that even though promoting biking among females could still be
challenging, college towns might be able to achieve an equally high share of non-motorized modes if
they can complement a low share of biking with a high share of walking among females.

Last but not least, it is reconfirmed based on the MNL results that commuter students who do
not drive alone to school tend to prefer a residence with transit proximity. In addition, the NLM
(5) results show that students who already chose residences because of transit proximity would use
non-driving modes more if commute time was shortened. These findings indicate that the effectiveness
of TDM programs in promoting biking and walking at universities may hinge on the availability of,
accessibility to, and level of, transit services. Notably, compared to urban universities and some
other college towns, ISU has more advantages for non-driving-alone modes of travel, such as a short
travel distance (mean: 2.2 miles), award-wining transit services (Cyride), short travel time (median:
10–20 min), and a safe environment (based on authors’ personal experience). These characteristics,
however, may not guarantee more usage of alternative modes. Transportation planners thus need to
consider more strategies, such as reducing abundant parking, applying the Goldilocks Price Principle
of parking prices to balance supply and demand [49], and identifying and addressing commuter
students’ unmet needs that force them to drive a car.

This study may be improved in three ways in the future. First, future studies should examine
influence factors that are not considered in this study, such as car ownership and financial situation.
The inclusion of these factors can help us better understand the mode choice of university students.
Second, more studies may be conducted to further explore the variables provided by this survey;
for instance, information contagion, peer effects and sustainable life habits. We did try building
information contagion (as a form of peer effect) into the NLMs, but we did not find it correlated to
any particular modes of travel. In the future, we should conduct a new survey and run new models
to look into this. Lastly, data from more college-town universities may enhance the related research.
Although Ames is considered a typical college town in the US, it may be unique in certain aspects.
We are cautious not to generalize our findings outside Ames. More cases of college towns could test
whether this study’s findings are transferrable across college-town universities.
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