
sustainability

Article

Investigating Tourists’ Willingness to Walk (WTW) to
Attractions within Scenic Areas: A Case Study of Tongli
Ancient Town, China

Yuanyuan Mao 1 , Xiyuan Ren 2, Ling Yin 3 , Qingying Sun 4, Ke Song 5 and De Wang 5,*

����������
�������

Citation: Mao, Y.; Ren, X.; Yin, L.;

Sun, Q.; Song, K.; Wang, D.

Investigating Tourists’ Willingness to

Walk (WTW) to Attractions within

Scenic Areas: A Case Study of Tongli

Ancient Town, China. Sustainability

2021, 13, 12990. https://doi.org/

10.3390/su132312990

Academic Editor: Juan

Ignacio Pulido-Fernández

Received: 24 October 2021

Accepted: 16 November 2021

Published: 24 November 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Department of Urban and Rural Planning, School of Architecture, Soochow University, Suzhou 215123, China;
maoyuanyuan@suda.edu.cn

2 Department of Civil and Urban Engineering, Tandon School of Engineering, New York University,
New York, NY 11201, USA; xr2006@nyu.edu

3 Shanghai Tongji Urban Planning & Design Institute Co., Ltd., Shanghai 200092, China; eling_y@163.com
4 School of Architecture and Urban Planning, Nanjing University, Nanjing 210023, China;

sun.qingying@foxmail.com
5 College of Architecture and Urban Planning, Tongji University, Shanghai 200092, China;

sonko_soochow@foxmail.com
* Correspondence: dewang@tongji.edu.cn

Abstract: This paper aims to quantify tourists’ willingness to walk (WTW) in the intra-destination
choice in pedestrian scenic areas. The case study presented is the Tongli Ancient Town (Jiangsu
Province, China), which has a significant number of heritage sites, but tourism management has
been weak. The main objective was achieved by surveying sequential destination choices in the site,
with a total of 272 interviewed tourists. A Multi-Stop Behavior Model (MBM) was constructed to
identify the factors that influence tourists’ intra-destination choice and willingness to walk (WTW).
On the whole, the evidence showed that tourists prefer core-area attractions to peripheral attractions.
Walking distance is the most important variable in tourists’ attraction choice. Moreover, WTWs of
tourist segments showed both similarities and disparities, inspiring more pertinent strategies in line
with tourists’ preferences. Policy and management implications are drawn based on the empirical
findings and their effects are predicted using Monte Carlo (MC) simulation.

Keywords: willingness to walk; intra-destination choice; discrete choice model; tourism management;
ancient towns in the south of the Yangtze River

1. Introduction

Tourist behavior refers to the joint decision-making process tourists go through when
they have choices to make in their tour such as destination, departure time, mode, and
route [1,2]. Compared with macro-scale tourist behavior (i.e., travels from home to different
tourist destinations), micro-scale tourist behavior (i.e., multi-stops within a destination
area) has gained attention in the era of smart tourism [3,4]. On the one hand, tourists’
intra-destination behavior is more complicated. High-resolution data and fine-grained
models are essential to depict tourists’ multi-stop choices within a scenic area [5,6]. On
the other hand, the value of tourist experiences has been considerably recognized. A high-
quality tour experience is indispensable to generate repeat purchase and recommendation
to others [7,8], which makes the enhanced understanding of tourists’ preferences and utility
quite necessary.

Despite a growing number of studies exploring influential factors of tourists’ intra-
destination behavior, ranging from attributes of attractions [1], trip length [9], to travel
mode [10] and cultural distance [11], few of them focused on quantifying how long tourists
want to walk for attractions in the destination area. Tourists’ willingness to walk (WTW),
as an analogy of consumers’ willingness to pay [12,13], is essential to explain tourists’
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choice behavior in pedestrian-oriented scenic areas, especially when the cost for tickets
was pre-paid before entrance. Some recent studies have investigated people’s WTW to
bus stops [14], transportation hubs [15], and underground space [16], pointing out that the
WTW directly influence people’s demand patterns and usages of facilities. However, very
few studies have applied the concept of WTW to tourists’ intra-destination choice, in which
choices of attractions are related to each other and tourists’ preferences are heterogeneous
according to individual characteristics. In the real condition, tourists’ willingness to walk
(WTW) might vary from teenagers to elders, from males to females, or even from different
scenic areas, resulting in overcrowding in some attractions and low utilization in others.
Hence, it is necessary to cover this research gap based on empirical studies of pedestrian-
oriented scenic areas.

Ever since the 1990s, China has witnessed an increasing number of tourist arrivals in
pedestrian-oriented heritage sites [17]. Ancient towns in the south of the Yangtze River,
having typical historical and cultural heritage unique to China, attract both domestic and
international tourists based on their unique culture, customs, and landscape [18]. However,
narrow streets, complicated networks, and intensive inflow in these scenic areas usually
lead to the uneven distribution of tourists [19], over-crowded attractions [20], and low
utilization of facilities [21], jeopardizing the overall interests of the ancient towns. To this
end, the Tongli Ancient Town in the south of the Yangtze River is a suitable case for our
study in terms of both methodology and practice. This paper aims to contribute to the field
by quantifying tourists’ willingness to walk (WTW) there, and proposes suggestions for its
on-site tourism management. Multi-Stop Behavior Model (MBM), a variant of multinomial
logit model (MNL) considering a sequence of destination choices within a given area,
was constructed based on the tour paths of 272 tourists collected by a survey in Tongli
Ancient Town (Jiangsu province, China). To explore the variance of taste, we identified
segments according to tourist characteristics and calibrated parameters separately. Finally,
we assessed the effects of three management strategies based on the aggregated behavior of
5000 tourists generated by Monte Carlo (MC) simulation, and suggested the most effective
one to tourist managers.

The rest of the paper is organized as follows: Section 2 provides a brief literature
review on tourists’ choice behavior, Section 3 introduces the study area, data collection, and
research methods, analyses and results are presented in Section 4, and finally, conclusions
and discussions are in Section 5.

2. Literature Review
2.1. Modeling Tourist Choice Behavior

The complexity of tourists’ choice of destinations has triggered a large number of
studies in various disciplines, but they are all related to the following two aspects: one, the
needs and motives of tourists, and two, decision on destination, mobility and departure
time. Therefore, the choice of destination is related to not only the center of tourism
activities, but also other decision-making processes.

Ever since the 1970s, tourists’ destination choice has gained the attention of many
scholars. Discrete Choice Model, DCM, which is based on Information Integration The-
ory [22], Probabilistic Choice Theory [23], and Random Utility Theory [24], has offered
us a way of thinking that the choice of destination is, in nature, a result of individual
decision-making processes [25,26]. Among them, Multinomial Logit Model (MNL) has
been known as the most commonly used one, under which researchers apply a series of
variables to explain the utility of options on individuals, and the decisions of individuals
are presented with choice probabilities. Those variables tend to be the characteristics or
attributes of tourist destinations. Based on the collection approach, data fall into two
categories, namely revealed preference and stated preference [27]. So far, related research
has covered a great variety of destinations, such as coastal holiday resorts [28], cultural
heritage sites [29], and ecological habitats [30]. These studies have offered references to
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regional or even national policy makers in their coordination and development of scenic
attractions, and provided market information to target clients.

Generally speaking, research into tourist behavior has taken into consideration their
decision making related to destinations, departure time and mobility. In spite of the
insightful interpretation of tourists’ temporal–spatial behavior at city scale, limited by data
collection cost and modeling methods, tourist behavior modeling in the early days mainly
focused on single choice of destination at the macro level of cities. With the transition
of urban development patterns from growth in numbers to quality optimization, and
diversification of tourists, it is becoming more and more important to enhance tourism
experience at the micro-level of tourists’ behavior [31].

2.2. Factors of Intra-Destination Choice and Willingness to Walk (WTW)

Driven by both actual needs and technological methods, a growing number of studies
have begun to focus on intra-destination choice behavior of tourists in such places as scenic
areas, large parks, or historic streets. Unlike the hypothesis that tourists had only one single
destination in the previous research [32,33], intra-destination choice behavior of tourists
features multiple choices for tourists, who tend to visit multiple scenic attractions in the
area for a maximum tourism utility [34], i.e., they will have multi-stop behavior. Multi-stop
behavior is influenced by not only the individual attributes of tourists, such as their gender,
age, and source [35,36], but also the attributes of the scenic attractions [37,38], safety of
transportation, comfort of walking environment [39], and some other environmental factors.
Additionally, climate change [28], health risk [40], and some other non-spatial factors also
impact on the choice of tourists. In addition, the choices of scenic attractions within the area
influence each other. For instance, the choice of a particular scenic attraction will enhance
the choice utility of the attractions nearby, while reducing the choice utility of the attractions
of the same type during the next visit. Lingling Wu has explained the interdependence of
destination choices in the study of Tottori Prefecture, Japan, and found that travel time,
diversity of destinations, and pursuit of diversity have significantly influenced multi-stop
choices [41].

Tourists rely mainly on walking in scenic areas, which is another major feature of their
intra-destination behavior. Tourists’ willingness to walk (WTW) has great impacts on the
tourist management of scenic area and is highly affected by the walking environment [42].
Many studies focus on the relationship between the environment of scenic area and tourists’
WTW [43]. For instance, one should consider factors from both tourist-level and attraction-
level aspects while predicting tourists’ walking trajectories, which can be analyzed using a
multicriteria decision-making approach [44]. The factors affecting tourists’ WTW include
ticket system, attraction categories, comment rate, tour purpose, and the tourist’s socioeco-
nomic features [45]. Only by integrating these factors into a realistic context can planners
measure tourists’ WTW properly. Multi-Stop Behavior Model, MBM, has supported this
kind of research greatly. As a variant of Multinomial Logit Model (MNL), MBM is special
in that it is based on the hypothesis that individuals are on foot and they will update their
spatial location after each stop, thus updating alternative attributes which are influenced by
individual’s location and restoring the scenario of their attraction choice in the area. MBM
has been widely used to the research into consumer behavior in commercial complexes.
For example, Borgers and some other researchers have integrated such variables as total
length of repeated routes, line of sight, entrance relations, type of paving, and interface into
their studies of the central business districts in the cities of Eindhoven and Maastricht in
the Netherlands, trying to create a situation for consumers much similar to the real one [46].
Kemperman and some other researchers have built on such studies by paying attention
to the differences between cohorts and making a comparison between consumers with
diverse consumption motives (utilitarianism or enjoyment), different degrees of familiarity,
and with or without planned route, validating that those factors had significant impact on
behavior mechanism [47].
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Despite the new perspectives that MBM has brought to studies of intra-destination
tourist behavior, most of them have failed to integrate the variables of walking distance
and attractions, or analyze the WTW of tourists in different attractions. It is likely that
WTW is the comprehensive reflection of their choices of attractions. Therefore, the present
paper tried to convert their preferences into WTW, which was analyzed with MBM in the
study of multi-stop decision making.

2.3. Impacts of Tourists’ WTW on Ancient Towns in the South of Yangtze River

Ancient towns in the south of the Yangtze River, as a typical historical and cultural
heritage unique to China, have been appealing to both domestic and international tourists
thanks to their unique culture, customs, and landscape. However, during their develop-
ment, features such as special hydrology, geography, and narrow streets and lanes there
have led to high concentrations of tourists in some attractions, forming a predictable and
limited spatial behavior known as “tourismification”, a term coined by Russo in 2002,
resulting in uneven distribution of tourists [48], over-crowded attractions [20], and low
utilization of some attractions and facilities, jeopardizing the overall interests of the ancient
towns. Many stakeholders of the ancient towns have already realized the importance of
attraction management, and proposed specific strategies to protect the regional features of
the ancient towns, including developing some unpopular attractions [31], creating a strong
atmosphere by revitalizing the scenic areas with new elements [49], reinforcing spatial
fabric, and controlling tourist arrivals [50].

Despite the fact that an increasing number of scholars have already realized that the
importance of tourist preference toward attractions is important for the development of
scenic areas, including ancient towns, qualitative and descriptive research into optimization
strategy has been prevalent, with little case-based quantitative and comparative research
and validation of the strategies through simulation with models, making it difficult to
meet the specific needs for comparison of management plans and tourist arrival control. In
addition, the environmental and cultural characteristics of ancient towns are apparently
different from other types of scenic area. Ancient towns boast special types of attractions,
ticket systems, and spatial layouts, which might cause differences in preferences among
tourists in ancient towns and other scenic areas. Consequently, it is rather hard to apply
existing models to the research on ancient towns. Since walking is prevalent there, how
long are the tourists willing to walk? What kind of attractions do they prefer to visit
on foot? Will the unpopular attractions become more appealing to the tourists after the
optimization of spatial design in the scenic area? To address those problems, planners must
further integrate WTW with scenic area management.

3. Methodology
3.1. Study Area and Data Collection

We chose Tongli Ancient Town as the study area, located in Suzhou, Jiangsu Province,
China, with more than 1000 years of history. Tongli Ancient Town is known as one of the
six major waterside towns in the south of the Yangtze River, in the Provincial-level Unit of
Cultural Relics Protection, as a National 5A-class Scenic Area, and the only local ancient
town in the province with a World Cultural Heritage site (Tuisi Garden). The core scenic
area of Tongli Ancient Town is as large as 0.83 square kilometers, with 9 entrances and
24 main attractions dating back to the Ming and Qing dynasties (Figure 1). Based on the
comment preference of tourists on the C-trip website, we classified the attractions into four
types, which are listed in Table 1.
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Figure 1. Study area of Tongli Ancient Town.

Table 1. Classification of attractions according to C-trip comments.

Category List of Attractions

Former
residence

Former Residence of Fei Gong, Wang Shaoao Memorial Hall, Former Residence of Ji Cheng, Former
Residence of Chen Qubing, Former Residence of Zhou, Green Heights, Former Residence of Yuan

Garden
landscape Tianyuan Culture Garden, Tuisi Garden, Gengle Hall

Culture
place

Three Bridges, South Garden Tea House, Ming and Qing Street, Ancient Stage, Lize Girls School, Pearl Tower,
Shuimo Theatre, Pine & Rock Enlightenment Garden, Taihu Water Conservancy Pavilion, Luoxing Islet

Architecture
landscape Jiayin Hall, Wuben Hall, Chongben Hall, Shide Hall

Our study collected route maps by way of questionnaires from tourists, excluding
package tours. There were 277 samples in total, 272 of which were effective, accounting for
98.19%. The questionnaire consisted of three parts: Tongli scenic area tour guide, sightsee-
ing record, and personal information of the tourists. We distributed the questionnaires at
the gate of the scenic area, invited tourists to recall their tour routes and collected relevant
information related to their tours, including the attractions they had passed or entered,
time of arrival, duration, and plan.

3.2. Model Specification

To measure tourists’ willingness to walk (WTW) in the study area, a specific model is
necessary to explore the influence of walking distance as well as other factors. For tourist
intra-destination choice, our model is based on the random utility framework [51]. Let Uni
be the utility for an individual n choosing to visit attraction i in the scenic area. This can be
expressed as:

Uni = Vni + εni, ∀i ∈ {1, 2, . . . , K} (1)

where K is the total number of attractions in the scenic area, and Vni and εni are the system-
atic and the random parts of utility. Usually, the random utility εni follows the Gumbel
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distribution, and the systematic utility Vni is expressed as a function of attractiveness,
accessibility, and other characteristics of attraction i as follows:

Vni = Vattractiveness
ni + Vaccessibility

ni + Vothers
ni , ∀i ∈ {1, 2, . . . , K} (2)

where Vattractiveness
ni denotes the attractiveness related utility, Vaccessibility

ni denotes the acces-
sibility related utility, and Vothers

ni denotes the utility related to other factors.
Attributes of attractions considered in the study are listed in Table 2. As for the

attractiveness of the attractions, we included three attributes: average comment rate
cri, which was collected from the website of www.dianping.com on 15 September 2019;
additional check-ins aci, derived from the unique ticket system in Tongli Ancient Town
(tourists are required show their tickets again to enter the attraction, though they are
already inside the scenic area); and visited attraction vi, which equals 1 if attraction i has
already been visited by tourist n. As for the accessibility of the attractions, we included
two attributes: walking distance din between attraction i and the current location of tourist
n, which is the essential attribute in measuring tourists’ WTW; and average walking
accessibility wai, which is measured using the integration index in Depthmap software.
As for other attributes, we included the category of attractions. Three dummy variables
were derived from four categories mentioned in Section 3.1. Thus, we treated the category
“Former residence” as the reference. Hence, the Vni can be further expressed as a function
of follows:

Vni = βcr ∗ cri + βac ∗ aci + βv ∗ vin + βd ∗ din + βwa ∗ wai + βgl ∗ gli + βcp ∗ cpi + βal ∗ ali,

∀i ∈ {1, 2, . . . , K}
(3)

where βcr, βac, βv, βd, βwa, βgl , βcp, and βal are parameters to be estimated based on
observed data.

Table 2. Attributes of attractions considered in the study.

Attribute Type Explanation

Attractiveness
cri Float Comment rate from the website of www.dianping.com

(accessed on 15 September 2019)
aci Binary Additional check-in; 1—needed, 0—no
vin Binary If the attraction was visited in today’s tour; 1—yes, 0—no

Accessibility din Float Walking distance between the attraction and the current location of tourist
wai Float Average walking accessibility calculated by Depthmap

Others
gli Binary If the attraction belongs to “Garden landscape”
cpi Binary If the attraction belongs to “Culture place”
ali Binary If the attraction belongs to “Architecture landscape”

Note: din is highlighted since it is the essential variable in measuring a tourist’s WTW.

Our study proposes the Multi-Stop Behavior Model (MBM) to calibrate the aforemen-
tioned parameters. MBM is a variant of the Multinomial Logit Model (MNL) widely used
in modeling choice behavior. Compared to MNL, MBM considers the interaction between
a sequence of choices made by an individual by updating utilities of the latter choices
based on the former choices [47]. Moreover, MBM adds a unique alternative into the intra-
destination choice set, “leaving”, which is to finish the tour and leave the destination area.
For tourist attraction choice in scenic areas, there is another alternative whose systematic
utility is noted using Vn0. Hence, the utility function in MBM can be defined as follows:

Vm
ni = βcr ∗ cri + βac ∗ aci + βv ∗ vm

in + βd ∗ dm
in + βwa ∗ wai + βgl ∗ gli

+βcp ∗ cpi + βal ∗ ali, ∀i ∈ {1, 2, . . . , K}
(4)

Vm
ni = βm ∗ (m− 1), i = 0 (5)

www.dianping.com
www.dianping.com
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where Vm
ni is the systematic utility of tourist n choosing attraction n in his/her mth choice

or stop. For a scenic area with K attractions, there are (K + 1) alternatives in the choice
set, with an additional alternative Vm

n0 denoting finishing the tour. We define the utility of
choosing “leaving” as linearly related to the total number of attractions visited (m− 1),
weighted by parameter βm. Moreover, vin and din in Equation (3) become vm

in and dm
in in

MBM, which allows the model to update utilities in each choice iteration.
Since MBM also assumes a Gumbel distributed random utility εni, the probability

of tourist n choosing attraction i in the mth choice, given a set of parameters βn, can be
defined as:

Pn,m
(
i|βn) = exp(Vm

nî
|βn)

∑K
i=0 exp(Vm

ni

∣∣∣βn)
(6)

where Pn,m
(
i |β n) denotes the probability of that single choice, î denotes the attraction

chosen by tourist n, and K is the total number of attractions in the scenic area.
Finally, the Log-likelihood of tourist n with an observed tour path (including the

entrance and a sequence of visited attractions) is defined as follows:

LL(n,βn) = ln (
M

∏
m=1

Pn,m
(
i |β n)) = M

∑
m=1

ln (
exp(Vm

nî

∣∣∣βn)

∑K
i=0 exp(Vm

ni

∣∣∣βn)
) (7)

where LL(n,βn) is the Log-likelihood value and M is the total number of visited attractions by
tourist n. Our model is to calibrate a set of parametersβn =

{
βcr,βac,βv,βd,βwa,βgl,βcp,βal,βm

}
which maximizes the Log-likelihood value. Based on that, we can divide other parameters using
the parameter of walking distance βd to quantify a tourist’s WTW.

3.3. Experimental Design

The willingness to walk (WTW) is calculated as the marginal rate of substitution
between each attribute j and walking distance dm

in, using the following formula:

wtwj = −
βj

βd
(8)

where wtwj denotes a tourist’s WTW for a certain attribute of an attraction, which means
the additional distance (in meters) a tourist wants to walk for a one-unit increase in
the attribute.

In order to detect preference heterogeneity, the sample was segmented to estimate
several MBMs. Our study chose to analyze heterogeneity with several MBMs instead of
using more a complicated discrete choice model (e.g., mixed logit or latent class models)
since we were interested in developing a tool that could give specific information to specific
sample segments and perform simulations quickly. By segmenting the sample, the model
could be the most predictively accurate for practical purpose [45,52,53]. Moreover, the
WTW of different tourist segments can be compared under the same context. The sample
is segmented according to:

• Socio-economic characteristics:
Gender: Male (44.4%), Female (54.9%); Age: <30 years (77.9%), ≥30 years (22.1%);
Residence: Local residents (69.7%), Non-local residents (30.3%)

• Tour information:
Times of visit: First time (59.9%), Second time (40.1%); Duration of visit: Half-day visit
(46.6%), Whole-day visit (53.4%); Travel alone: Alone (20.6%), With friends (79.4%);
Purchased joint Ticket: JT (53.4%), N-JT (46.6%)

• Travel mode to Tongli Ancient Town:
Transit (45.8%), Private car (25.5%), Other modes (28.7%)

• Overall experience:
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Very satisfied (15.2%), Satisfied (57.8%), Neutral and below (27.0%)

The basic approach of the tourist behavior simulation is illustrated in Figure 2, and can
be divided into several steps: (1) assign a gate to tourist n based on the gate distribution;
(2) calculate the utilities of choosing (K + 1) alternatives (K attractions and “leaving”),
transform utilities into probabilities, and select an alternative using Monte Carlo simulation;
(3) if the selected alternative is not “leaving”, update the utilities and return back to Step 2;
(4) if the selected alternative is “leaving”, finish the simulation of tourist n.
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Based on the simulation approach, our study designed four scenarios to check the
effects of three management strategies, which were proposed from the investigation to
managers of Tongli Ancient Town (Table 3). The first scenario is the benchmark scenario,
which just uses current environment features as a reference. Scenario 1 is to see the effects
of adjusting the importance of gates. The percentage of tourists entered from the East Gate
and the Wet Gate is set to 40% each. Scenario 2 is to see the effects of improving overall
walking environment, such as greater pavement or sanitation. We assume the parameter
of walking distance βd is 0.9 times of the original value. Scenario 3 is to see the effects of
improving the attractiveness of rarely visited attractions. A series of adjustment including
setting additional check-ins, improving the online comment rate, and attracting specific
tourist segments are made. The simulation results are helpful for fostering policy makers’
understanding and prioritizing interventions by providing tourists with services in line
with their preferences.

Table 3. Scenario design.

Scenarios Adjustments

Benchmark scenario Using current environment features

Scenario 1 Adjusting the importance of gates: setting the percentage of tourists entered from the East Gate and the
Wet Gate to 40% each

Scenario 2 Improving overall walking environment: increasing tourists’ WTW by greater pavement or sanitation in
walking environment (multiply βd by 0.9)

Scenario 3 Improving the attractiveness of unpopular attractions: setting additional check-ins, improving the online
comment rate, and attracting specific tourist segments to rarely visited attractions

4. Results
4.1. Descriptive Analysis

The interviews were conducted from summer 2017 to spring 2019 with a sample of
277 tourists, and 272 of them gave effective responses. The sample was composed of 44.4%
males and 54.9% females (0.7% no information), and the majority were below 30 years
old (77.9%). Figure 3 shows their behavior map in Tongli Ancient Town, which contains
information of attraction choice and route choice. The thicker the road segments are, the
more often they were chosen. Each pie chart reflects the frequency of an attraction passed
(red) or entered (green) by the tourist sample. The larger the pie charts are, the more
popular these attractions are. Zhongchuan Road is the most visited road segment by the
tourists. The roads connected directly with Zhongchuan Road come next, especially those
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where Chongben Hall and Three Bridges are situated in. The chances are higher that the
attractions along those roads are entered or passed by tourists.
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The 24 major attractions in Tongli Ancient Town can be classified into four types
according to tourist behavior: (1) the first category has high passing and entering frequency,
including Tuisi Garden, Ancient Stage, Jiayin Hall, etc.; these attractions are either cultural
relics or must-see attractions popular online, and Most of them are located along the
Zhongchuan Road; (2) the second category has high entering frequency while low passing
frequency, including Pine and Rock Enlightenment Garden, Luoxing Islet, etc.; spatially,
these attractions are poorly accessible since they are far away from the major roads, but their
entering frequency is high thanks to their strong cultural appeal to the tourists; (3) the third
category has high passing frequency and low entering frequency, represented by Tianyuan
Culture Garden and Shuimo Theater; these attractions are more accessible as they are
usually adjacent to the main road, but the lack of targeted tourists and interactive activities
inside the attractions result in a low entering frequency; and (4) the fourth category has low
passing and entering frequency, including South Garden Tea House, Former Residence of
Chen Qubing, Former Residence of Ji Cheng, Taihu Water Conservancy Pavilion, etc.; these
attractions are located away from the core area, and some of them are not well developed.

In short, Tongli Ancient Town is haunted by problems, such as overcrowded core areas
and low-utilized attractions in the peripheral, constraining the development of the scenic
area and tourists’ experiences. It is intuitively believed that the existing problems can be
mitigated by increasing tourist WTW to low-utilized attractions in the peripheral. To fulfill
this, understanding the relationship between tourist WTW and attributes of attractions in
Tongli Ancient Town is essential.

4.2. WTW Based on Model Results

MBM models were estimated with MATLAB software using 272 valid interviews.
Since each tourist reported several visited attractions in the interview, the total number
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of observations was 1444. The results of the general model are shown in Table 4. The
value of McFadden R-square equals 0.2095, which is slightly larger than the standard
value of 0.2. Most of the coefficients are statistically significant and the expected signs, i.e.,
walking distance, negatively affect utility, while comment rate, additional check-ins, and
walking accessibility have a positive effect. Particularly, positive influence of additional
check-ins finds expression in two aspects. On the one hand, the information on the tickets
guides the choice of tourists. On the other hand, tourists are inclined to make the best
use of their tickets’ value. As for the category of attractions, the negative sign of βal indi-
cates that tourists prefer former residence attractions to architecture landscape attractions,
which is probably because they are both indoor attractions, but the former have stronger
historical backgrounds. Moreover, the low absolute values of βgl and βcp indicate that
tourist have similar tastes for former residence attractions, culture attractions, and garden
landscape attractions. The column “b/St.Er.” in Table 4 provides an importance ranking of
attributes. The most important attribute is walking distance, which proves that it is indeed
an influencing factor on tourists’ choices in the ancient town. Total attractions visited,
the attribute unique to alternative “Leaving”, is the second most important, followed by
additional check-ins, already visited, and comment rate. The category of attractions is the
least important factor.

Table 4. The results of the Multi-Stop Behavior Model (MBM).

Attribute Coefficient St.Er. b/St.Er. P[|Z| > z]

Attractiveness
Comment rate (βcr) 0.2446 0.0182 13.44 0.0000

Additional check-in (βac) 1.1751 0.0752 15.63 0.0000
Already visited (βv) −4.1419 0.2840 −14.58 0.0000

Accessibility Walking distance (βd) −0.0051 0.0002 −25.50 0.0000
Walking accessibility (βwa) 0.0054 0.0005 10.80 0.0000

Others
Garden landscape (βgl) 0.0184 0.1225 0.15 0.8803

Culture place (βcp) 0.1306 0.0711 1.84 0.0660
Architecture landscape (βal) −1.0518 0.1032 −10.19 0.0000

Leaving Total attractions visited (βm) 0.5107 0.0279 18.30 0.0000

Number of observations: 1444 McFadden R-square: 0.2095
Log-likelihood value of null model: −5645.91 Log-likelihood value of MBM model: −4462.89

Table 4 reports the WTW of the total tourist sample and the WTW of tourist segments.
Results from the MBM using all the sample data suggest that tourists are willing to walk
47.71 m more if the comment rates of attractions increase by one unit, walk 229.2 m more
if attractions have additional check-ins, walk 1.06 m more if the walking accessibility
increases by one unit, and walk 25.48 m more for culture place attractions (compared to
former residence attractions). On the other hand, tourists tend to walk 807.87 m less if
the attractions have already been visited, walk 205.15 m less for architecture landscape
attractions, and walk 99.62 m less as the total number of visited attractions grows. Several
interesting findings came from the results: (1) WTW is a useful indicator not only to reflect
tourists’ walking preference, but also to estimate how far tourists are willing to walk to
a given attraction, which is important in tourism management; (2) wtwv is a quite large
negative value, which means tourists are not likely to visit an attraction for the second time;
and (3) walking accessibility calculated by Depthmap Software also has the unit “meter”;
since the value of wtwwa is around 1.0, it is possible to place the distance matrix dm

in with
this aggregated level attribute when the road network is extremely complicated.

By segmenting the sample, the results show both similar tastes for some attributes (i.e.,
positive effects of comment rate, additional check-ins, walking accessibility) and different
tastes for others (i.e., the category of attractions), as shown in Table 5. Female tourists prefer
garden landscape and culture place attractions compared to male tourists, and additional
check-ins brings a larger utility to them. Younger tourists prefer culture place attractions,
while older tourists prefer former residence attractions. Non-local tourists have a lower
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wtwm value compared with local tourists, which means they tend to visit more attractions
on the tour. Similarly, tourists who come to Tongli for the first time are willing to visit
more attractions compared to second-time tourists, tourists alone are willing to visit more
attractions than tourists with friends, and tourists with joint ticket are willing to visit more
attractions than tourists without joint tickets. As for travel modes, the absolute WTWs of car
tourists are generally smaller than transit tourist, and the absolute WTWs of transit tourists
are generally smaller than other modes. This indicates a difference in the importance
ranking of walking distance: car > transit > other modes (i.e., walking, bicycle, etc.). It is
intuitively reasonable since car drivers might dislike walking and pay more attention to
walking distance. Similarly, tourists very satisfied with the tour give walking distance the
highest importance, while tourists with a neutral or unsatisfied experience pay the least
attention to walking distance. In general, the similarities and disparities among tourist
segments give inspiration to implementing more pertinent management strategies.

Table 5. Willingness to walk (WTW) according to sample segmentation.

wtwcr wtwac wtwv wtwwa wtwgl wtwcp wtwal wtwm

General 47.71 229.20 −807.87 1.06 25.48 −205.15 99.62
Male 46.07 215.86 −826.09 0.90 −220.54 96.83

Female 41.24 241.59 −813.15 1.08 32.52 32.26 −210.50 92.24
Age < 30 47.21 234.14 −785.50 1.10 44.96 −207.03 102.13
Age ≥ 30 51.46 218.94 −957.55 0.90 −61.77 −50.46 −201.29 90.88

Local 50.10 252.02 −791.16 1.19 53.05 −236.61 118.21
Non-local 45.70 212.32 −898.54 0.94 −178.53 80.60
First time 48.31 218.94 −871.49 1.11 38.87 −191.90 96.94

Second time 47.73 246.02 −734.87 0.95 −225.66 103.92
Half-day 46.07 215.86 −826.09 0.90 −220.54 96.83

Whole-day 50.22 247.04 −800.68 1.23 36.07 −196.12 104.39
Alone 54.06 169.23 −893.47 0.80 −167.93 93.02

With friends 46.57 246.76 −797.77 1.13 28.71 −215.83 101.74
Joint ticket 50.06 222.31 −762.46 0.99 −180.16 83.33

No joint ticket 41.99 224.41 −834.71 1.15 51.98 −245.19 120.11
Car 45.91 215.23 −770.75 0.98 −177.53 98.07

Transit 46.66 223.09 −914.90 1.09 −208.39 92.99
Other modes 49.50 257.08 −817.58 1.13 83.89 70.65 −228.84 110.80
Very satisfied 47.43 346.66 −807.18 1.44 −267.42 154.36

Satisfied 48.96 217.59 −783.13 1.02 30.60 −182.96 87.62
Neutral and below 42.60 217.54 −852.84 1.15 −287.67 109.65

Note: The value is empty if the variable’s p-value is larger than 0.1.

4.3. Scenario Simulation

According to the survey among scenic area managers and the analysis in the previous
section, the aim of management strategies in Tongli Ancient Town is to (1) increase the
overall tourism vitality, and (2) avoid rarely visited or overcrowded attractions. Hence, it
is meaningful to check whether the outcomes of proposed strategies are in line with the
general aim. Our study conducted behavior simulation for four scenarios, including one
benchmark scenario and three scenarios related to three strategies. The benchmark scenario
in which no attribute is changed serves as a reference. In Scenario 1, the percentage of
tourists entered from the East Gate and the Wet Gate was set to 40% each, representing
the adjustment of gate importance. In Scenario 2, the parameter of walking distance βd
was set to 0.9 times of the original value, representing the improvement of overall walking
environment. In Scenario 3, we set additional check-ins and increased the comment rate of
several rarely visited attractions, and increased tourists with joint tickets (who tend to visit
more attractions according to model results) by 20% to represent the attraction to specific
tourist segments. In this scenario, we used segmented models.

Our study simulated 500 tourist agents using MATLAB software. The aggregated-
level results are shown in Figure 4, in which the results of the benchmark scenario are
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in blue curves as the reference, and the results of three scenarios are in red curves. The
simulation results of Scenario 1 show that the effect of adjusting gate importance is trivial.
The number of visited attractions per tourist stands at 5.27, very close to the benchmark
scenario. Attractions near the East and West Gates have more tourists entering, but by a
small number only. This is probably because tourists will no longer choose attractions in
the periphery once they have entered the core area. In that case, adjusting gate importance
has limited effects. The simulation results of Scenario 2 show that the improvement of
the overall walking environment can help to increase the number of visited attractions
per tourist, from 5.27 to 5.39 (2.3%). However, the Gini index of tourist distribution is
similar to the benchmark scenario, indicating that tourists are not more evenly distributed
after the adjustment. Moreover, improving the overall walking environment requires a
large investment, and our study can only provide a rough estimation by tuning down the
coefficient of walking distance. The simulation results of Scenario 3 show that increasing
the attractiveness of rarely visited attractions (especially increasing percentage of tourist
with joint ticket) has the most obvious effect, by increasing the number of visited attractions
per tourist from 5.27 to 5.70 (8.2%), at the same time decreasing the Gini index from 0.258
to 0.223. Though the visiting frequency of Shuimo Theater and Tianyuan Culture Garden
has obviously increased, accounting for the main proportion of total increase, the overall
distribution of tourists is more even than the benchmark scenario. It seems that the third
strategy results in the best outcome.
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The simulation results provide valuable perspectives to tourism managers in Tongli
Ancient Town. Adjusting the location of the main gates is a typical strategy to relieve
transportation pressure and overcrowding. However, our quantitative evaluation shows
that its effect is trivial, at least on tourists’ attraction choice: neither the number of visited
attractions per tourist increases, nor does the overall distribution of tourist become more
even. As for improving the overall walking environment, though our simulation results
proved its effect, detailed cost-effect analyses are necessary to check if the strategy is
worthwhile. As for increasing the attractiveness of rarely visited attractions, our results
show that it has positive effects on both improving the overall vibrancy and relieving the
crowding intensity. Hence, our study contributes to tourism management by quantifying
proposed strategies, helping to avoid irrational investments. In that case, tourism managers
can review their top-down strategies from the bottom-up lens of tourist behavior.

5. Discussion and Conclusions

The emergence of experience-oriented tourism requires a deeper understanding of
tourists’ intra-destination choice behavior. Our study aimed to investigate tourists’ will-
ingness to walk (WTW) to attractions within scenic areas, taking Tongli Ancient Town as
an example. We interviewed 272 tourists to collect their tour route-related information,
and fit the dataset to Multi-Stop Behavior Models (MBM). We analyzed the WTWs of
tourist segments based on model results, and finally evaluated the effects of proposed
strategies through behavior simulation. The results complemented the existing literature
in several points.

Firstly, our interview provides empirical evidence for the tourist behavior in ancient
towns in the south of the Yangtze River. We found that both overcrowded and rarely visited
attractions exist in Tongli Ancient Town, indicating that the uneven distribution of tourists
is one of the major problems there. To be more specific, tourists prefer attractions in the
core area over attractions in the periphery. This calls for building the relationship between
tourists’ WTW and attributes of attractions.

Secondly, the model results draw a general picture of how comment rate, additional
check-ins, walking distance, and attraction category influence tourists’ choices of attractions.
Among these variables, walking distance is the most important one, revealed by the ranking
of “b/St.Er.” value, validating our focus on tourist WTW. Moreover, WTWs of tourist
segments show both similarities and disparities, inspiring us to implement more pertinent
management strategies in line with tourist preferences.

Thirdly, the behavior simulation quantitatively evaluates the effects of proposed
strategies, helping managers to pick out the most effective one. According to the scenario
comparison, increasing the attractiveness of rarely visited attractions is the most effective
strategy. Improving the overall walking environment has some effects, but needs further
cost-effect analysis. The effect of adjusting the gate importance is trivial.

We acknowledge that this study has several limitations that are inherently tied to
our survey and models. The first limitation is that our sample size is relatively small,
which limits multi-segmentation, such as for female tourists with joint tickets, younger
tourists with friends, etc. Additionally, the Multi-Stop Behavior Model does not consider
correlations between alternatives and choices made by the same tourist, as nested logit
(NL) models and mixed logit (ML) models do. However, there might exist inter-attraction
or intra-individual heterogeneity. Finally, we only considered three scenarios representing
three strategies. More strategies and comprehensive scenarios should be considered. Hence,
our future work will focus on enlarging the sample size, adjusting model assumptions to
improve the performance, and designing more realistic and on-site scenarios.
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