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Abstract: This study aims to conduct a survey of visitor reviews of the Plitvice Lakes National
Park in Croatia to detect strengths and weaknesses of the park. In total, 15,673 reviews written
in the period between 2007 and 2021 were scraped from the social media platform TripAdvisor.
The research applies a comprehensive combination of multidimensional scaling, sentiment analysis,
and natural language processing approaches to a sample area of international naturalistic interest.
Analyzing the opinions of visitors, the authors identify: the main topics of interest related to the
management of the park; and the strengths and weaknesses on the basis of definitely positive and
decidedly negative reviews, respectively. The tested methodology is easily applicable for the analysis
of different naturalistic contexts and protected areas, even in different countries, thanks to the use
of translated reviews. The results obtained show that visitors to protected natural areas are not
only interested in naturalistic and landscape aspects but also in issues such as accessibility and
management of routes and visits.

Keywords: forest recreation; protected area management; text mining; natural language processing;
sentiment analysis; multidimensional scaling method; web scraping; customer satisfaction; Trip Advisor

reviews

1. Introduction

In the last decades, technological advances applied to the tourism sector have radi-
cally changed the way information is produced and consulted [1]. Tourists can access an
increasing number of sources of knowledge and have many channels available to share
their opinions on experiences and places. When the experiences are shared online, they
help to define a concrete image of tourist destinations and to shape the decisions of future
visitors [2,3]. In particular, social media platforms offer a space to freely share experiences
and make judgements [4,5] through the so-called user-generated contents (UGC) [6-8].
For this reason, these platforms are becoming increasingly important both in the planning
of destinations and in the definition of management priorities for places of tourist inter-
est [9-12]. Social media can be considered as a rich source of news within which users
create, circulate, and consult such information to mutually update each other on products,
services, personages, and other objects of interest [13]. They are interactive platforms where
individuals or larger communities share UGCs and include, among others, blogs, forums,
or social networks [14]. Some social media are of general interest (e.g., Facebook or Twitter),
while others are focused on more specific topics (e.g., professional networking on LinkedIn);
some of them deal with media sharing (e.g., YouTube or Flickr), while others allow you to
provide reviews on products and services (e.g., Google My Business or TripAdvisor).
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In this study, TripAdvisor was chosen among the many available social media, because
it is the largest travel website in the world, operating in 45 countries around the world [11].
It has more than 400 million visitors visiting every month [15] and more than 450 million
reviews and opinions which concern more than seven million accommodations, restaurants,
and attractions [16]. Besides, TripAdvisor is available in 28 languages [17]. TripAdvisor
reviews are a source of information characterized by several positive aspects, including
being free and easily accessible and covering a considerable number of years [3]. In addition
to reviews, users can also publish other information, such as the country of provenance and
the purpose of the trip. Therefore, user reviews on TripAdvisor combine textual comments
(i.e., reviews) with concise ratings (i.e., bubbles). Although recent studies have shown
that textual comments receive a lower priority than synthetic evaluations [18], it should
be highlighted that users may have different priorities [19] that cannot be fully explained
in choosing between one and five bubbles. Therefore, it becomes essential to develop
tools which allow more information to be extrapolated from the textual component of
the reviews.

The massive amounts of unstructured data that are continuously generated on the
Internet necessarily require the use of automated procedures for this kind of data analy-
sis [1,7,12]. Social media analytics is receiving increasing attention from companies in many
sectors, because they try to analyze the large amount of data collected through different
methods [6,20,21]. Content analysis (CA) is one of the available techniques for extrapolating
and analyzing the text contents which is widely used in the tourism research field [11].
Sentiment analysis (SA) approach is part of the CA field, and it is a valid option to process
this type of data automatically. SA uses computational linguistics and natural language
processing (NLP) to analyze the text and identify the polarity of the judgements contained
within it [1,8,16]. Another technique for analyzing unstructured textual data is that of
multidimensional scaling (MDS), the main purpose of which is that of a better graphical
visualization of the data in order to facilitate the understanding of the text structure [22]. In
the international literature, the applications of MDS in tourism studies are numerous [23,24].
MDS is usually associated with cluster analysis, a particular application of which is text
clustering [6].

Today, it is essential for the tourist community to identify destinations that provide
them with meaningful experiences in natural contexts. In this way, protected forest areas
and forested landscapes turn out to be popular destinations thanks to the multitude of
natural values that take place within them [25]. In Croatia, this type of destination is well
represented by national parks, which correspond to the second-highest level in the scale of
protected areas (Law on Nature Protection, OG 88/13, 15/18, 14/19, 127/19). One of the
most famous and visited national parks in Croatia is Plitvice Lakes National Park (PLNP).
The choice of this well-known park was guided: on one side, by the need to validate a new
methodology with a case study for which a great deal of information was already available
on the activities and management problems with which to compare the final results; on the
other side, by the fact that that social media data prove to be a better proxy of tourist visits
in reference to the most popular parks [5].

To the best of our knowledge, no previous studies have focused on visitors’ experiences
for PLNP. The present study tried to fill this gap in the literature by conducting an in-depth
analysis of TripAdvisor tourists’ reviews on PLNP, by applying a comprehensive method
of text mining and natural language processing techniques.

In particular, this study aims to answer the following research questions.

e RQI1. How to collect and investigate textual data by social media platform to investi-
gate the preferences of users of protected areas?

e RQ2. How to extrapolate and analyze the management issues of greatest interest to
visitors who choose protected areas as their destination?

e  RQB3. How to identify the strengths and weaknesses of the management of protected
areas from the point of view of visitors?
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The management of protected forest areas as a potential tourist destination is par-
ticularly demanding. This complexity is due to the trade-off between the conservation
of natural ecosystems and the promotion of tourist visits for economic reasons [26,27].
Therefore, it is particularly useful to define a flexible methodology for the analysis of the
management of protected areas that considers the point of view of visitors. In the present
study, the answers to the research questions will allow PLNP managers to monitor the
satisfaction of local and international users and plan activities aimed at improving the
quality of visits to the park.

The remainder of the paper is organized into the following five sections. Foremost,
Section 2 provides a literature review on the analysis of nature-based tourism using MDS
and NLP tools. After that, the methodology used is illustrated in Section 3. Section 4 shows
the results, while Section 5 discusses the findings. Finally, Section 6 analyzes the limitations
of the study and provides suggestions for useful application and future research directions.

2. Literature Review
2.1. Nature-Based Tourism

Nowadays, it is widely recognized that some segments of the tourism sector can be
considered a “clean industry” and part of the Green Economy [28]. In particular, nature-
based tourism is a growing key sector of this industry [26,29,30] which seeks to respond
to a growing consumer demand for a return to nature [3,25]. This need is well explained
by the fact that nature is capable of generating human well-being from a physical and
psychological point of view. [20,25,31-34]. Moreover, natural areas are a place of refuge
for biodiversity, in addition to providing restorative surroundings for people [26,31]. The
establishment of protected areas created to conserve biodiversity and esthetic value of
landscapes is one of the main pillars of nature-based tourism [29,30]. Thus, protected
areas and nature-based tourism represent fundamental access for people to cultural ecosys-
tem services [25,35,36]. Particularly, national parks are characterized by a high level of
biodiversity protection among protected areas and, at the same time, provide tourism
opportunities [5,26,27,37]. Thus, national parks play a very important role also in the
tourism sector. For this reason, it is essential to analyze the factors that attract visitors
and make visits to protected areas pleasant. Both internal components (e.g., expectations
for places and activities) and external components related to tourism management (e.g.,
accessibility, means of transportations, etc.) strongly influence visitors’ perception of the
natural landscape [3]. Consequently, the management of nature-based tourism services
must take into account the diversified opinions that visitors have towards nature in gen-
eral and recreational activities in particular [38]. Therefore, it has become fundamental
to evaluate how people perceive their recreational experiences in this type of protected
area [8].

2.2. Content Analysis

Content analysis (CA) is a research tool to be adopted in order to identify some partic-
ular words or more general concepts within qualitative textual data [2,39] or to extrapolate
homogeneous units of meaning from a complex text. Traditionally, CA involved human
subjective interpretation by researchers, which has now been replaced by automated proce-
dures and sophisticated software [4]. One of the possible approaches of CA is sentiment
analysis (SA), which is also an important component of text mining. Text mining is an
interdisciplinary field which draws on information retrieval, data mining, machine learning,
statistics, and computational linguistics [40]. Valid overviews on SA were produced by Ma
et al. and Alaei et al., to which reference should be made for further information [1,9]. In
these contributions, the authors reconstruct the main historical stages that characterized
the evolution of the SA and outline its most recent features and applications. Nonetheless,
it can be synthetically said that the main purpose of SA is to distinguish between positive,
negative, or neutral opinions [1,12,16]. Natural language processing (NLP) is one of the
available tools for SA, but its application on UGC from social media in landscape design,
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and planning research is still in a preliminary stage [21,41]. In the text analysis, MDS is a
particularly valid automated computer algorithm. MDS is a data visualization technique
based on the proximity of words and their spatial representation [23,24]. Another type of
machine learning algorithm usually associated with MDS is that of cluster analysis, which
is usually applied to transform unstructured word sets into structured clusters [21].

Social media analytics—in particular, SA—has been applied to social media in numer-
ous tourism-related research fields [6,39]. The most investigated fields are food and wine
tourism [19,39,41,42], hospitality [9,11,43,44], areas of interest or events in cities [4,16,45-47],
and natural spaces with special regard to urban parks [20,21,31-33,48]. Conversely, national
parks and nature reserves [3,6,8,25,27] are a field still not much investigated [8].

2.3. Nature-Based Tourism and Ccontent Analysis

According to the European Landscape Convention [49], landscape assessment pro-
cesses should take into consideration public perception of places [50]. To evaluate visitors’
perception towards natural destinations, traditional methods, such as in situ questionnaires,
in-depth interviews, and focus groups, have long been employed. These techniques are
usually time- and resource-consuming, in addition to not allowing the collection of results
on a large scale or comparisons over time [3,6,8,27,32,50]. On the other hand, the develop-
ment of modern tools for web analysis allows us to overcome all of these shortcomings. In
the recent literature, numerous research contributions have used CA methods to analyze
nature-based tourism destinations, but there are still few contributions that investigate the
usability of the various social media platforms in relation to visits to protected areas [3].

Stoleriu et al. explores 226 online TripAdvisor reviews on Danube Delta through an
automated CA in order to identify and quantify the main dimensions of visitors” experiences
and memories [3]. Their results showed that managerial aspects linked to visit organisation
(e.g., trip itinerary and visit duration) were more prominent themes in the tourists’ reviews
compared to the site characteristics. One of the main limitations of the study in relation to
the use of TripAdvisor reviews is the lack of demographic and socioeconomic information of
visitors. For this reason, it would be necessary to integrate this type of analysis with surveys
that make it possible to evaluate the preferences of visitors based on their characteristics.

Two other recent studies [8,27] conducted SA in some national parks of South Africa.
Hausmann et al. used SA and NLP techniques to analyze the content of image captions
in 33,213 English posts published on Instagram relating to four national parks in South
Africa [8]. The authors identified the main emotional components and the keywords formed
by both a single word and a pair of adjacent words that recurred most in the posts. The
results showed that the polarity of sentiment about national parks expressed by visitors
on social media is generally positive, with a minor expression of negative feelings. This is
significant to highlight the social role that national parks assume, favoring the development
of positive interactions with nature and, therefore, well-being in visitors. Those authors
found that visitors tend to idealize certain places or features of national parks and give
them symbolic meaning. This meaning is what makes visiting experiences worth sharing
and promoting. Among the problems identified by those authors in using this method,
there are: on the one hand, the potential lack of representation of the sample of visitors
who publish reviews; on the other hand, the use of an unconventional language (e.g.,
abbreviations, slang, emojis, etc.) which can make the use of automatic computational
systems less effective. In almost the same area, Mangachena and Pickering conducted an
analysis of 10,292 English tweets on Twitter about seven South African national parks [27].
Even in this case, they mostly found positive feelings and opinions related to the nature-
based experience. Those authors identified a particular interest from visitors regarding
specific events, such as commemorations related to the history of the park or discoveries
of naturalistic interest. Furthermore, according to previous studies [8], some authors
recognized that the use of concise texts, shortened words, and special characters (e.g.,
hashtags and emoticons), typical of social networks such as Instagram and Twitter, may
also complicate text analysis of tourists” reviews [20].
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Recently, Niezgoda and Nowacki investigated visitors” opinions towards one of the
most visited protected areas in Poland, Tatra National Park [25]. Those authors elaborated
a composite methodology made by text mining, NLP, and coding opinion procedures to
process the data obtained from 624 English reviews published on TripAdvisor. The authors
were interested in identifying the main reasons that led visitors to live experiences in the
nature park and whether these were mainly related to the themes of ecological awareness
and nature protection. The results of their study showed that the most active forms of
entertainment (e.g., hiking, taking photos, mountain climbing) are the main motivation for
visiting places in the open air. Those authors also highlight that in order to conduct this
type of analysis it is necessary to assume that the reviews contain the elements considered
most important by visitors, but it would be advisable to deepen the themes identified with
more detailed surveys.

One of the latest applications of CA to national parks is that of Mirzaalian and
Halpenny. In their study on Jasper National Park, they analyzed 17,224 English reviews on
TripAdvisor [6]. In addition, that study analyzed destination loyalty statements using a
keyword clustering approach. Among the main categories of visitor favorite destinations
can be found waterfalls and lakes. Those authors acknowledge that one of the biggest
limitations of this study is that the analysis did not concern some meaningful management
aspects (e.g., transportation or outdoor activities).

3. Materials and Methods

The combination of several tools has made it possible to obtain different types of
results that can be useful to the managers of the study area. On the one hand, the strengths
and weaknesses of the PLNP from the visitor’s point of view stemmed from the NLP
technique (i.e., rapid automatic keyword extraction ) based on SA scores. On the other
hand, the MDS and cluster analyses were carried out to identify the topics most dealt with
in the reviews released by PLNP visitors on TripAdvisor.

The different steps of the method used are summarized and described in a procedure
flowchart (Figure 1).
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Figure 1. Flowchart of the research procedure.

3.1. Study Area

Plitvice Lakes National Park (PLNP) is one of the most famous and visited national
parks in Croatia. PLNP is located in the mountainous central part of the nation and is
part of the Dinaric karst area. PLNP is the oldest protected area (designated 8 April 1949)
and the biggest national park (29,685.15 ha) in Croatia. The park mainly consists of
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forest areas, which represent about 81% of the total territory, with a complex system of
lakes connected with waterfalls. The PLNP is well known for the rich biodiversity of its
296 square kilometers of forests. It is managed by the Plitvice Lakes National Park Public
Institution (PLNPPI), founded by the Republic of Croatia and placed under the jurisdiction
of the Ministry of the Environment and Energy (MEE). In addition, Plitvice is the only
Croatian national park that is on the UNESCO World Heritage list (1979) as natural heritage
and is entirely identified as a Natura 2000 site. Despite the large area of the park, only
a small part of it represents the point of major tourist interest [37]. It is a lake system
which includes 16 main lakes characteristic for their waterfalls, to which are added several
other smaller lakes [51]. The park’s finances derive entirely from the entrance tickets
and hospitality services, including four hotels (380 accommodation units and 820 beds),
two camping sites (2850 parking spaces for campers), seven restaurants, and eight other
small park facilities (just under 3000 seats) [52]. The income of these activities is used for
management and investments within the park area [37].

PLNP is one of the most visited natural sites in Central Europe and in the Mediter-
ranean region [53]. The park’s official statistics report a significant growth in the number
of visitors per year, from 850,000 registered in 2007 to about 1.75 million in 2018. More
than 80% of visitors visit the park in the period from May to September. The months of the
greatest peak are July and August, when approximately 335,000 and 385,000 visitors were
registered in 2017, with daily averages of about 10,800 and 12,400 visitors and reaching the
maximum with over 16,000 visitors in a single day (August 2017). Consequently, the Park
is often congested, causing both considerable discontent in the opinion of some visitors but
above all putting safety procedures at risk and causing negative ecological impacts for the
natural systems of the park [53].

3.2. Data Collection

Reviews relating to “Plitvice Lakes National Park” were scraped between October and
November 2021 from the dedicated website on TripAdvisor (https://www.Tripadvisor.
com/Attraction_Review-g303827-d554038-Reviews-Plitvice_Lakes_National_Park-Plitvice_
Lakes_National_Park_Central_Croatia.html accessed on 26 September 2021).

WebHarvy software was used to scrape the reviews and obtain the following information:

User data: name, origin, number of contributions (review number);
Review data: date (month and year), travel purpose, number of bubbles (i.e., summary
judgement), title and text of the review (i.e., extended judgement).

The software utilized is a visual web scraper that uses no script or code to scrape data.
The program allows you to access the URL address of interest and to select the items that
you want to collect. Thanks to the potential of the tool used, it was possible to carry out the
immedjiate translation of the reviews and their respective titles by referring to the Google
Translate plug-in. In this way, all of the reviews of all available languages were translated
into English and used for subsequent analyses.

The study did not collect other types of socio-demographic information such as the
age, occupation, and educational level of visitors. This is due to the fact that TripAdvisor
profiles do not contain this kind of data [3]. The only personal information that TripAdvisor
users commonly share is their country of origin. These data could be useful for analyzing
the origin of visitor flows to the PLNP.

3.3. Multidimensional Scaling Method and Cluster Analysis

MDS and cluster analysis allow us to explore possible combinations or groups of words
that share similar appearance patterns [22]. In particular, text clustering is a textual data
mining method which converts the original sentences in a term-document-matrix using
different feature extraction techniques [6,54]. In this way; it is possible to deduce the main
elements perceived by the users (e.g., reviewers), which should be taken into consideration
for an effective and rational management of the protected areas. The ease of analysis
application and result interpretation are among the main advantages of the MDS [23,24].
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The elaborations were carried out using KH Coder 3 software [25,39,54,55]. The KH
Coder software combines two fundamental approaches of computer-based text analysis:
the correlational approach, which consists in automatically extracting words from a text
and analyzing them statistically; and the dictionary-based approach, which establishes
coding rules for the different elements that form the text (e.g., sentences or groups of
words) [55]. In order to identify the clusters of words, the Ward’s minimum variance
method or Ward’s hierarchical clustering method was applied, as previously carried out by
Barbierato et al. [39]. The Ward’s method is a procedure that initially generates in clusters
containing single objects. These clusters are gradually aggregated in such a way as to
create clusters with the highest number of objects possible, but ensuring that the variance
within each cluster is minimized [56]. The Ward’s method was applied within the so-called
Sammon space, which allows one to maintain a certain distance between words, preventing
them from being excessively crowded and overlapping, giving more readable results [57].
Furthermore, among the options to define the distance, the cosine similarity coefficient was
chosen, which is considered an efficient option in the presence of long documents (e.g.,
reviews) which contain, as in our case study, numerous words with an important frequency
in each document [57]. A frequency threshold of 1500 terms was adopted on the basis of
the term frequency—-document frequency graph (i.e., TF-DF) (Figure 2a) in order to include
exclusively the most representative terms that appear in several reviews. Based on the
agglomeration graph (Figure 2b), it was chosen to generate seven clusters of 60 words each.
For further information on the method, refer to the KH Coder software manual [57].
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Figure 2. MDS model parameters for Plitvice Lakes National Park: TF-DF (a) and agglomeration
graph (b).

3.4. Sentiment Analysis

Sentiment analysis (SA) research is driven by the importance of understanding con-
sumer judgement [9]. In particular, SA can be used to understand consumer attitudes
towards particular products, services, or places [16]. SA determines the positive or negative
polarity of each relevant word in the text. Moreover, SA calculates a score based on a pre-
defined lexicon contained within a library [39]. It should be specified that this score is not
set on a reference scale between a predetermined minimum and maximum. The sentiment
score varies both in reference to the text length and to the specific words contained therein.
The only fixed references are the scores assigned to the individual words within the lexicon
to be adopted. In the present study, the “syuzhet” library of R software was chosen, as
it was applied in previous research that analyzed reviews on TripAdvisor [12,27,39]. The
AFINN lexicon [58] was applied at the “syuzhet” library. Negative words and slang are
commonly used in reviews on social networks (e.g., TripAdvisor). The AFINN lexicon
is considered a valid option for evaluating this type of comment [59]. Furthermore, SA
is widely applied to the analysis of quality perception through TripAdvisor reviews for
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heritage sites and natural parks [45] and urban green areas [16]. For a more in-depth
analysis of the procedure used by the software, please refer to Barbierato et al. [39].

3.5. Natural Language Processing

Natural language processing (NLP) is a technology that combines computer science
and linguistics in order to interpret written texts [39]. In this study, the strengths and
weaknesses of the PLNP were identified using a NLP procedure. The rapid automatic
keyword extraction (RAKE) procedure is a method for extrapolating multi-word keywords
from documents [60]. Candidate keywords are obtained by partitioning text through stop
words (e.g., and, the, of, etc.) and phrase delimiters (e.g., ; and ,) and assigning a score to
each candidate multiple keyword. Only double-word keyword candidates are searched in
this study. Each of the two words that constitute the candidate keyword obtains a score that
is given by the ratio between the number of times each single word co-occurs with the other
word of the candidate keyword and the total frequency with which it appears by itself.
The final RAKE score for the entire candidate keyword is the sum of the scores of each
of the two words that form the candidate keyword [61]. The procedure was carried out
through the “udpipe” library [61] of R software [62], considering only adjectives and nouns.
Furthermore, only the first 20 keywords as a sequence of two adjacent words—defined as
bi-grams—are considered, and a frequency threshold of 6 was adopted. In addition, the
“lemma” option was chosen instead of “token”. Through the lemmatization process, it is
possible to group the different forms in which a word can be presented (e.g., singular and
plural) in a single common voice. In this way, the various forms of the same reference word
are counted as a single lemma, assuming a greater weight.

The analysis of definitely positive (bubbles > 3 and sentiment score > 0) and decidedly
negative (bubbles < 3 and sentiment score < 0) reviews allowed us to identify strengths
and weaknesses of the PLNP based on the visitor’s judgement.

4. Results
4.1. Data Collection and Sample Description

Overall, 15,673 online reviews were automatically retrieved from the online review
website TripAdvisor. The downloaded reviews date back to the period between 2007 and
2021.

Figure 3 shows the trend in the number of reviews registered on TripAdvisor for
PLNP. This trend is considered to be related to the interest of visitors. The graph shows
an important growth until 2015, followed by a slight decrease until 2019. In 2020, there
is a significant drop (-88% compared to the previous year) due to the international and
national restrictions on travel as a consequence of the COVID-19 pandemic.
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Figure 3. Frequency of reviews per year (a) and annual percentage growth rate of reviews (b).
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The monthly and seasonal distribution of reviews (Figure 4) is consistent with the
dynamics of visitor flows that have been analyzed in the current PLNP management
plan [52]. The graph shows that in the summer—with special regard to August—the
maximum peak is recorded. Instead, an intermediate influx of visitors is recorded on
average in spring and autumn, even if the month of September still seems to be influenced
by the importance of the summer flow. Winter is the season of least interest for visitors, as
confirmed by the low number of revisions.

Jan 10000
Dec 5000 Feb 9000 9084
4000 8000
Nov 3000 Mar
7000
2000
6000
1000
Oct Apr 5000
4000 3750
3000 2537
Sep May 2000
1000
302
Aug Jun 0
Jul Winter Spring Summer Autumn
(a) (b)

Figure 4. Monthly (a) and seasonal (b) distribution of reviews (average value for the period
2007-2021).

As regards the origin of PLNP visitors, Figure 5 shows that most of the visitors come
from European countries. In particular, the largest flows are recorded from Italy, the United
Kingdom, and France.

Others E—— 742
Africa |107 Romania m108
Denmark m112
Portugal m114
America -2685 Mungary 8414
Austria s 157
Croatia WM 162
Asia -1282 g

Switzerland 192
Poland mmm 223

Belgium i 399
Netherlands mm—“486
Oceania .710 Germany N 526

Spain I 567
France I 1177

NA -2104 UK — 1263
Italy I 2095
0 2000 4000 6000 8000 10000 0 500 1000 1500 2000 2500
(a) (b)

Figure 5. Provenance of the reviewers by continents (a) and from exclusively EU countries (b)
(reference period 2007-2021).

4.2. Multidimensional Scaling Method and Cluster Analysis

The diagram derived from the MDS method shows seven clusters of words differenti-
ated by color [54]. The results are in Figure 6. Cluster 1 (i.e., turquoise bubbles) concerns
the principal elements that characterized PLNP landscape (i.e., “park”, “lake”, “waterfall”)
which are commonly associated with positive judgements (“beautiful”). Cluster 2 (i.e.,

yellow bubbles) is related to the theme of accessibility, including: the possible means of
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transport to access and/or visit the park (i.e., “boat”, “bus”, “train”, “car”); the organi-
zation into “route(s)” divided by length in terms of “hour(s)”; and the real entrance to
the park, which concerns different activities, such as “parking” and the purchase of the
“ticket”. Cluster 3 (i.e., violet bubbles) is a hybrid set of aspects that characterize the park,
emphasizing the beauty of the site on the one hand, using terms such as “nice” and “good”,
and the disadvantages related to overcrowding in the summer months of the high season,
expressed by adjectives such as “many”, “long”, and “lot”. Clusters 4 (i.e., red bubbles) and
6 (i.e., orange bubbles) contain the main favorable appreciations thus synthesizable: “great”,

a7

“worth”, “wonderful”, “natural” connected to “nature”, “beauty”, and “experience” for
Cluster 4; “stunning”, “amazing”, “clear”, and “different” (in the positive sense of “differ-
ent” landscapes and sceneries) relating in general to the “Croatia(n)” “national” park of
“Plitvice” for Cluster 6. All of the positive adjectives of the Clusters 4 and 6 are also related
to the nearest central terms of the Cluster 1. Cluster 5 (i.e., blue bubbles) contains the most
negative elements, referring to the main problems related to the PLNP management: the
presence of “crowd” and “queue(s)” in many different “point(s)”, “path(s)”, and “way(s)”
of the area. Finally, Cluster 7 (green bubbles) represents a small deepening of the nearby
Cluster 2 themes, recovering the theme of the fruition through the use of words such as
“walk”, “trip”, and “tour”. In this cluster, some information about the division in the
“upper” and “lower” districts of the park are included.

more season
long
N tourist photo
other
little good
great .
crowd misit Cluster:
01 05
0.4 = o
Hueue people marny natural [ 02 [Jo0s
worth mo: Mo7
wa [ 04
¥ lot wonderful
oint -
p tirge plhce Frequency:
ath experience O 4000
-~ few H nature
s beautiful beauty
% 0.0 morning hour 8000
E ticket
e park water different
waterfall
parking route 12000
entrance [l amazing
day
croatium
boat stunning
car
0.4 Hus 16000
[ national clear
litvice
small walk o view B
upper
lower tour area
part
-0.8
-0.4 0.0 0.4

Dimension 1
Figure 6. Multidimensional scaling method and cluster analysis results for Plitvice Lakes National Park.

These results make it possible to identify the issues (i.e., the seven clusters) related to
the PLNP management that are of greatest interest to visitors. The issues thus identified
would be useful if applied to guide a participatory planning of the park in which samples
of visitors were also involved.

4.3. Sentiment Analysis

The results of the SA are shown in Table 1. The reviews for PLNP are basically positive
(mean value of 9.16) and the dispersion is relatively symmetrical (1st Qu. = 5; 3rd Qu. = 13).
In fact, the mean value is shifted upwards, as the group of reviews designated with five
bubbles represents over 78% of the total reviews (15,673). The SA results show that mean
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and median values tend to increase with the increment in the number of bubbles (i.e.,
short judgement).

Table 1. Sentiment analysis scores for Plitvice Lakes National Park.

Bubbles No. Reviews Min. 1st Qu. Median Mean 3rd Qu. Max.
00000 210 27 -3 0 0.40 4 23
00000 228 -19 -1 3 3.04 7 36
00000 641 —14 2 6 5.96 10 27
2317 -15 4 8 8.10 11 40
12,277 —~16 6 9 9.79 13 72

Total 15,673 27 5 9 9.16 13 72

The non-normal distribution of the SA scores was visually verified through normal
quantile plots, histograms, and box plots for each group related to the five review ratings
(i.e., bubbles) (see Appendix A: Figures A1-A3). Furthermore, the Shapiro-Wilks test was
performed for the groups of Bubbles 1, 2, 3, and 4 (in R, the Shapiro-Wilks test cannot be per-
formed on sets of more than 5000 units). The p-value of all four groups (min < 2.2 x 10716;
max = 0.002) showed that the data do not follow a normal distribution. For this reason, the
non-parametric Kruskal-Wallis test was applied to verify the correspondence between the
SA scores and the bubbles assigned by the reviewers themselves.

The results confirmed the hypothesis of a statistically significant difference between
the groups of bubbles in relation to the dependent variable of SA scores (K = 848.91;
p-value < 2.2 x 10716; 4 =0.05). In addition, a pairwise comparison using the non-parametric
Mann-Whitney U test was conducted to highlight where the statistically significant dif-
ferences between groups of bubbles are [34]. Although the differences within each pair of
groups are statistically significant (Table 2), according to Barbierato et al. [39] the complete
database was divided only into two sub-databases in order to simplify the data analysis:
one definitely positive (bubbles > 3 and sentiment score > 0) and one decidedly negative
(bubbles < 3 and sentiment score < 0), which were used separately in NLP analyses.

Table 2. Mann-Whitney U test (« = 0.05) results for Plitvice Lakes National Park.

Pair of Groups of Bubbles w p-Value

@0O000 @@O00 17,998 6.934 x 1076
@O000 @@@O0 33,963 <22 x 10716
00000 86,522 <22 x 10716
®OO000 348,787 <22 x 10716
@@O000 @@@00 52,868 5.059 x 10~10
@@C00 141,873 <22 x 10716
®©@@0O00 584,911 <22 x 10716
©@@®0O0 589,860 1.306 x 10715
00000 2,551,728 <22 x 10716
11,975,881 <2.2 x 10716

4.4. Natural Language Processing: The RAKE Analysis

The RAKE analysis was applied to the two sub-databases obtained dividing posi-
tive from negative reviews considering the SA scores. The double-word keywords most
frequently encountered in TripAdvisor reviews for PLNP were identified by the RAKE
analysis (Figure 7). The most cited characteristics can be identified both in the definitely
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positive reviews, to be interpreted as the main strengths, and in the decidedly negative
reviews, to be read as the most critical weaknesses. Definitely positive RAKE analysis
results (Figure 7a)—deriving from the sub-database containing the reviews with bubbles >
3 and sentiment score > 0—show that the natural heritage and landscape elements are the
most appreciated aspects of the PLNP. In particular, the “"UNESCO” designation is consid-
ered as an extremely positive characteristic, as highlighted by three keywords: “UNESCO
heritage”, “UNESCO site”, and “UNESCO list”. The negative results—deriving from the
sub-database containing the reviews with bubbles < 3 and sentiment score < 0—show that
the main weaknesses are represented by the phenomenon of crowding (“many people”),
because the presence of a “mass tourism” during the “high season” is the cause of complex
management problems, such as “traffic jam” and “endless queue” (Figure 7b). In addition
to “long (waiting) time”, there are also complaints about the organization of “parking lot”
and the “high price” of the entrance ticket.

1 1 | Il Il Il 1

unesco heritage ] traffic jam
natural heritage ] high season
world heritage [ ] national park
crystalclear [ ] mass tourism
natural phenomenon [ ] high price
ricksteve [ ] parking space
unescosite [ ] many tourist
unescolist [ ] upper lakes
national parks [ ] lower lakes
vantage point ] endless queue
fairy tale [ ticket office
natural site ] many people
national treasure [:I narrow path
wooden slat [:] bad weather
crystal water [__] long time
travel agency [:l shuttle bus
natural habitat ] plitvice lakes
natural setting [ ] huge queue
natural attraction [:l bad organization
wear sturdy [ ] parking lot
T T T T T T T T T
25 3.0 3.5 4.0 1.2 14 16 1.8 2.0
(a) (b)

Figure 7. RAKE analysis for positive (a) and negative (b) reviews for Plitvice Lakes National Park.

5. Discussion
5.1. Answers to Research Questions

The importance of the PLNP at national and international levels is now recognized
(Figures 3 and 5). The descriptive statistics highlighted the recurring seasonal trend of
visits (Figure 4). This trend has made it essential to implement strategies to redistribute
tourist pressure acting on the protected area in a more balanced way.

Regarding the first research question (RQ1), the research has shown that efficient tools
exist as an alternative to manual coding (e.g., the software WebHarvy) to collect extensive
data relating to lengthy textual reviews (e.g., TripAdvisor online platform). Moreover, the
combination of CA with MDS method and cluster analysis turned out to be exhaustive to
analyze visitors’ preferences and perception for areas of naturalistic interest. First of all,
these techniques make it possible to identify the most important symbols and attributes
that characterize national parks in accordance with the visitors” opinions. The SA results
(Table 1) confirm that national parks and, in general, nature-based experiences arouse
positive sentiments in visitors, as already found in other studies [6,8].

MDS methods and cluster analysis are valid instruments to investigate the principal
management issues from visitors” point of view (RQ2). The seven clusters identified by
this study can help guide a participatory discussion on the issues that visitors consider
most important for the reality of PLNP. As stated by Hausmann et al., visitors to national
parks tend to idealize some particular places in their destinations, assigning them meanings
that make those places worth visiting [8]. In fact, some of the naturalistic and landscape
aspects of the PLNP (Cluster 1, 4, and 6, Figure 6) assume a symbolic meaning that almost
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exclusively attracts the interest of visitors. The most recurring element is the complex
aquatic ecosystem of lakes and waterfalls. Also Mirzaalian and Halpenny have identified
this type of water elements as one of the main categories of destinations preferred by
visitors and a recurring element in the reviews of naturalistic sites [6]. On the one hand, the
water system represents the most important naturalistic attraction of the PLNP, but it is also
the place where visitors flock the most, representing the fulcrum of tourist organizational
problems. In this way, interest in high landscape and environmental or historical values
of other areas of the park is excluded a priori. The most evident example is that of the
large forest area which is not mentioned at all in any clusters. Other relevant aspects
identified are those of accessibility and management of paths and visitors (Clusters 2,
5, and 7, Figure 6). The results obtained show that visitors are aware of and interested
in discussing and expressing opinions on organizational issues related to the fruition of
places, as already found by Stoleriu et al. [3]. In particular, words like “route” (Cluster 2),
“experience” (Cluster 4), “path” (Cluster 5), and “walk” (Cluster 7) emphasize the attention
of visitors towards active experiences (e.g., hiking or nature photography). Other studies
have also identified these activities as being of great interest in the outdoor visits [25]. In
addition, the organizational capacity and the entertainment activities promoted by a tourist
destination is an indispensable experiential factor for all those who do not have naturalness
as their primary interest [25]. In any case, the most relevant management aspect identified
is the management of visitor flows and the problem of overcrowding (Cluster 3 and 5,
Figure 6), which was also found by the RAKE analysis.

About the third research question (RQ3), NLP techniques proved to be fundamental to
highlight strengths and weaknesses that characterize the image of PLNP. These techniques
are of greater interest to identify the negative aspects to be solved and improved rather
than the positive aspects to maintain and enhance. The problem of overcrowding is already
widely recognized by the Plitvice Lakes National Park Management Plan 2019-2028 [50],
which talks about the dissatisfaction of visitors (e.g., due to numerous encounters on the
trails or impossibility of taking good photos of pristine landscapes) and the countless orga-
nizational problems (e.g., the overcoming of the physical capability of means of transport
such as buses and boats or the inability to find parking) detected in the high season [53].
Visitor congestion caused by the crowds of visitors and the consequent recreational conflicts
are recurring themes also in other studies focused on the use of protected areas of inter-
national interest [21,25,63]. Only a small part of the PLNP’s surface represents the main
focal point [37], with the “upper lake(s)” and “lower lake(s)” zones (see Figures 6 and 7),
where the majority of visits are concentrated [51]. This means that an organizational and
promotional effort could be conducted to make the other parts of the park more attractive
with activities and guided tours. In fact, the organization of specific events, preferably
connected to naturalistic aspects, are of particular interest and attract a large number of
visitors as found by Mangachena and Pickering [27].

The automated text analysis processes on social media can provide park managers
useful information relating to environment and organizational perception of visitors [27]
with a view to collaborative and participatory planning.

5.2. Theoretical Implications

This study makes significant theoretical contributions in the management of areas
of naturalistic interest. Firstly, the research demonstrates the flexibility and effectiveness
in using an automated approach to obtain information from a large amount of content
generated by visitors. From a methodological point of view, the web scraper software
applied, WebHarvy, proved to be a valid alternative to manual coding tools. One of the
most important innovations of this study is the use of reviews in different languages. In fact,
the automatic translation procedure made it possible to use a large number of reviews com-
pared to previous studies that only used reviews written in English [6,8,11,16,25,27,33,39].
Secondly, this study answers a series of research questions regarding the users’ judgement
on the management of areas of naturalistic interest. In fact, it was possible to identify
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the topics most cited in visitor reviews, give an order of importance to their discussion,
and summarize those that are considered the most important strengths and weaknesses.
The study made it possible to extend the use of text mining and NLP techniques already
widely applied in other research topics related to tourism in general [9,19,39,44,45] but less
explored [8] in nature-based tourism [6,25,27].

Finally, the use of this innovative technique for a well-known study area of interna-
tional interest (i.e., Plitvice Lakes National Park) allowed to validate the effectiveness of
the tool, finding results in accordance with previous knowledge. This step will permit
extending the use of the method to other less investigated areas of naturalistic interest,
being able to contribute substantially to the identification of key management factors.

5.3. Practical Implications

The results show that social media analysis can be very validly applied to the nature-
based tourism field [8]. In particular, these techniques can help decision makers and
managers to interpret the online image of national parks constructed by visitors [3,8].
CA—with special regard to SA—effectively identifies negative trends in online reviews,
making the tourism operators of national parks capable of being proactive and develop-
ing targeted strategies [9]. On the one hand, the method adopted makes it possible to
monitor the perception of visitors’ recreational experiences in order to plan attractive and
well-organized tourist activities. On the other hand, the need to create protected areas and
implement conservation and enhancement strategies within them would be supported by
similar results [8,53]. In fact, the results of this study demonstrate the high interest and in-
volvement that visitors have towards these very popular tourist destinations. Furthermore,
starting from the results obtained, social media could be used by tourism actors (e.g., park
managers, tour operators, etc.) to communicate their strategies and marketing proposals
to consumers [6]. In particular, for the PLNP both the topics of greatest interest treated
by visitors in their reviews and the less contemplated elements are identified, thanks to
the use of the methodology adopted. Particularly, the forest ecosystem is not taken into
consideration by the visitor reviews, while it would represent the largest percentage of
the park area. In line with what has been identified in the current Management Plan [52],
it becomes essential to enrich the program of visits with activities that encourage the ex-
ploration of all areas of the park. For example, experiences of great interest [25], such
as group excursions or guided naturalistic visits, could generate greater appreciation for
the complexity of the park’s natural systems other than the aquatic ones already widely
known. Given the importance attached by visitors to events and special occasions, a fur-
ther solution to improve the management of the PLNP could be to organize theme-days,
highly appreciated by visitors to national parks [27], in order to attract tourists even in
less crowded periods, for example, during the winter season, and, therefore, reduce the
pressure of the summer season. The PLNP managers could monitor the effectiveness in the
proposal of the new visiting programs and events by repeating in the future an analysis of
the TripAdvisor reviews with the method adopted in this study in order to search for the
presence or absence of the “forests” theme among the interests of visitors.

Thus, in general, from a managerial point of view, these findings can help PLNP
managers to better understand visitors’ preferences. Furthermore, in this way, managers
can more consciously decide which aspects to devote more attention to and how to best
redistribute investments to ensure visitor satisfaction.

5.4. Limitations and Future Research

Through the use of social media, it is possible to involve visitors in a first level of
participation for protected natural resource management, that of information gathering.
In fact, it is extremely complex to include visitors in the subsequent steps of the process,
first of all, because it would be necessary to involve very large samples to be representative
for the entire population and, secondly, because it is difficult to find simple and adequate
channels to contact and interview so many people. Conversely, one of the most relevant
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advantages is due to the opportunity to carry out investigations on very large samples at
extremely low costs. It is also true that other social media (e.g., Instagram and Twitter)
allow analysis on a larger scale [8,27], even if they reported some difficulties in processing
much shorter texts with a definitely lower amount of information [27].

In the present study, in order to obtain a consistent sample (15,673 online reviews) it
was decided to use TripAdvisor reviews on the PLNP issued over a long period (2007-2021).
Future research could investigate shorter periods of time to analyze the evolutionary
dynamics of the park as well as the effectiveness of the different management strategies
used over the years. Furthermore, it must be said that the analysis was restricted to a
single Croatian National Park, even if it is the best known (i.e., PLNP). A further study
could be, for example, that of a broader analysis of the overall network of national parks
that would make it possible to systematize the monitoring and management of protected
areas based on a shared investigation effort. It should also be noted that the study presents
some biases related to the habits of people in the use of social media. In fact, it has been
demonstrated that social media are mostly used among younger people [8,32], which
highlights the fact that the analyzed sample is not representative of some categories of
people (i.e., children and elderly). The absence of socio-demographic information from
TripAdvisor users does not allow for more extensive surveys on the characteristics of the
sample [3], while it would be advisable to analyze the preferences of visitors based on
their personal characteristics through subsequent in-depth surveys. In fact, it has not been
forgotten that the combination of current and traditional survey methods certainly allows
the carrying out of very extensive investigations but also allows one to deepen some aspects
of the issue in detail [3]. Likewise, it is assumed that all reviews analyzed come from honest
opinions of visitors. However, this assumption may not be true, as fake reviews are not
uncommon, and it is likely that some of them were included in the sample used in this as
well as other sector studies [19]. Since that of natural areas, and in particular of national
parks, is a topic not yet particularly deepened in the CA field [3], it could be useful to
develop a recreational dictionary specific for national parks that can improve the accuracy
of the analysis of the text thanks to the reference to specific terms for the description
of the perception of natural environments [8]. Finally, future research could exploit the
information available relating to the country of provenance in order to investigate the
different preferences expressed by visitors from diverse geographic clusters [27], which
have not been investigated in this study.

Despite the above-mentioned limitations, it is believed that the research conducted
can be a reliable and useful starting point in the context of tourism analyses to deepen the
opinions of the users of the areas of naturalistic interest and extrapolate from their reviews
important information for better planning of management activities.

6. Conclusions

The present study investigated the strengths and weaknesses of the PLNP through a
large sample of visitor reviews. The results demonstrated the flexibility and effectiveness of
applying the developed method to unstructured textual data of online reviews. The present
study contributes to fill a research gap in visitor perception analysis for natural areas. The
management of the forest area of the PLNP is complex, as it must combine the conservation
of natural ecosystems and the tourist destination promotion. In other words, the man-
agement must consider the trade-off between the tourism-recreation function and other
ecosystem services. The combined use of different and complementary techniques allowed
us to develop two research branches in parallel. In the first, the sentiment analysis scores
were used to implement a natural language processing technique (i.e., RAKE analysis) from
which the strengths and weaknesses of the PLNP have been extrapolated from the visitors’
point of view. In the second, the multidimensional scaling method and cluster analysis
were used to identify the key topics covered in visitors’ reviews. In accordance with the
latter result, it might be appropriate to involve visitors in a more in-depth investigation
so as to collect visitors” opinions on the priorities defined by the park managers. Despite
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the limitations encountered, the social media data analysis turns out to be an exhaustive
investigation method capable of providing useful information. On the one hand, theoret-
ical advantages can be achieved, contributing in the field of research to the definition of
increasingly in-depth and efficient survey tools, and, on the other hand, it is possible to
obtain practical information to be provided to the figures who deal with the management
and planning related to protected natural areas.
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Appendix A

The non-normal distribution of the sentiment analysis scores was visually verified in
the following graphs.
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Figure A1. Quantile-quantile plots of the variable “score” for the five groups of bubbles.
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