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A B S T R A C T   

Outdoor recreation provides vital interactions between humans and ecological systems with a range of mental 
and physical benefits for people. Despite the increased number of studies using crowdsourced online data to 
assess how people interact with the landscape during recreational activities, the focus remains largely on 
mapping the spatial distribution of visitors or analyzing the content of shared images and little work has been 
done to quantify the perceptions and emotions people assign to the landscape. In this study, we used crowd-
sourced textual data from an outdoor activity-sharing platform (Wikiloc), and applied Natural Language Pro-
cessing (NLP) methods and correlation analysis to capture hikers' perceptions associated with landscape features 
and physical outdoor activities. Our results indicate eight clusters based on the semantic similarity between 
words ranging from four clusters describing landscape features (“ecosystems, animals & plants”, “geodiversity”, 
“climate & weather”, and “built cultural heritage”), to one cluster describing the range of physical outdoor 
activities and three clusters indicating hikers' perceptions and emotions (“aesthetics”, “joy & restoration” and 
“physical effort sensation”). The association analysis revealed that the cluster “ecosystems, animals & plants” is 
likely to stimulate all three identified perceptions, suggesting that these natural features are important for hikers 
during their outdoor experience. Moreover, hikers strongly associate the cluster “outdoor physical activities” 
with both “joy & restoration” and “physical effort sensation” perceptions, highlighting the health and well-being 
benefits of physical activities in natural landscapes. Our study shows the potential of Wikiloc as a valuable data 
source to assess human-nature interactions and how textual data can provide significant advances in under-
standing peoples' preferences and perceptions while recreating. These findings can help inform outdoor recre-
ation planners in the study region by focusing on the elements of the landscape that peoples perceive to be 
important (i.e. “ecosystems, animals & plants”).   

1. Introduction 

Research on the benefits people obtain from nature has increased 
over the last decades (Ghermandi et al., 2023). The foremost reason is 
the increasing evidence that interactions with nature are indispensable 
for human health and well-being (Bratman et al., 2012; Soga and Gas-
ton, 2020). Rural areas, particularly mountain landscapes, represent a 
vital destination for people to get close to nature, providing space for 
various physical and social interactions (Richins and Hull, 2016; 

Schirpke et al., 2018). These interactions have been conceptualized as 
cultural ecosystem services (CES), one of the three main ecosystem 
services classifications, and is defined as the non-material benefits 
delivered by ecosystems to humans (Haines-Young and Potschin, 2018). 

Among all CESs, recreation is most noteworthy (Hermes et al., 2018), 
and occurs when a person is physically present in nature and interacts 
directly with it while engaging in physical activity (Havinga et al., 
2020), whether to improve physical health through exercise or the 
relaxation of hiking to enjoy the landscape and its tranquility. Havinga 
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et al. (2020) define this interaction as a flow of information to the person 
as the sensory organs decipher the immediate ecosystem configuration 
while carrying out physical activity. Given the importance of positive 
and regular interactions of people with nature to boost physical and 
mental well-being (Soga and Gaston, 2020), understanding the role of 
landscape characteristics in shaping positive perceptions and experi-
ences for people is crucial for informed landscape management. 

Traditionally, to understand people's preferences for, and percep-
tions of, landscape features, outdoor recreation planners and researchers 
often use interviews or questionnaire surveys as common methods (e.g., 
Howley, 2011; Plieninger et al., 2013; Wartmann and Purves, 2018). 
However, these methods are resource and time-intensive, often 
contextualized and irreproducible (Cheng et al., 2019). As a result, 
landscape preferences and perceptions during recreational activities 
remain under-explored at large spatial scales due to the lack of available 
information (Havinga et al., 2020). 

However, recent technological advances have helped to provide ac-
cess to a large amount of user-created data from social media and mobile 
phone applications (i.e., passively crowdsourced) that is generally 
inexpensive and scalable to large areas (e.g., Ghermandi et al., 2023; 
Ghermandi and Sinclair, 2019; Havinga et al., 2020). The wealth of 
information provided by these platforms through images, texts, and 
videos can be used to assess multiple facets of human-nature interactions 
(Ghermandi et al., 2023) including enjoying landscape aesthetics and 
tranquility (Van Berkel et al., 2018; Wartmann et al., 2021), observing 
wildlife (Edwards et al., 2022; Hartmann et al., 2022), and visiting parks 
and protected areas (e.g., Heikinheimo et al., 2017; Norman and Pick-
ering, 2019). 

Among the range of existing crowdsourcing platforms, outdoor 
activity-sharing platforms (e.g., GPSies, Wikiloc, and Strava) show the 
most promising for assessing outdoor recreational activities (Chai-allah 
et al., 2023; Norman and Pickering, 2019). Previous studies of recrea-
tion using outdoor activity-sharing platforms primarily focused on 
mapping the spatial distribution of GPS trails or analyzing the content of 
geolocated photographs (Callau et al., 2019; Chai-allah et al., 2023; 
Norman and Pickering, 2019). For example, Norman and Pickering 
(2019) investigated the geographical distribution of use and visitation 
rates in parks in relationship to park characteristics (e.g., park size, 
distance to urban areas and topography variables). Chai-allah et al. 
(2023) used GPS trails to quantify the landscape preferences of recrea-
tionists by comparing the use and potential supply patterns, while Callau 
et al. (2019) assessed landscape users' preferences using an automated 
classification of Wikiloc photographs. However, such approaches over-
look the fact that landscape preferences are linked to people's emotions 
and perceptions (Kaltenborn and Bjerke, 2002; Wan et al., 2021). 

Perceptions here can be understood as opinions, emotions or sym-
bolic meanings that people explicitly assign to landscape characteristics 
to be important (Romolini et al., 2019; Huai and Van de Voorde, 2022). 
Such information cannot be captured using the spatial distribution of 
GPS trails or the content of photographs. However, it can be inferred by 
incorporating the textual data that can convey how people value and 
perceive the landscape characteristics (Fox et al., 2021a). As shown in 
cognitive research, statistical analyses of natural language data provide 
information on which entities people consider to be relevant, which is 
reflected in metrics such as the respective word frequencies (Günther 
and Rinaldi, 2022) and highlight people's representations and valuations 
of these entities (Günther et al., 2019). 

Research has begun to explore the richness of the crowdsourced text 
data available on social media to study landscape preferences and per-
ceptions, especially on urban parks (Huai and Van de Voorde, 2022; 
Wan et al., 2021). Several landscape features, such as water bodies, 
lawns, flowers and artificial elements are found to be associated with 
multiple park users' positive perceptions including happiness, restora-
tion and aesthetics (Huai and Van de Voorde, 2022; Wan et al., 2021). 
However, how people value and perceive landscape features in rural 
landscapes has not been comprehensively examined. Moreover, most 

assessments focus on generic groups of recreationists (e.g., naturalists, 
photographers, and sports) (e.g., Chai-allah et al., 2023), but little has 
been done by specifying a user group (e.g., hikers, bikers, and runners). 
Furthermore, while automatic image classification through pre-trained 
image recognition tools (e.g., Google Cloud Vision and Clarifai) is 
largely increasing in the literature (e.g., Lee et al., 2019; Fox et al., 
2021a; Egarter Vigl et al., 2021), text-based studies have commonly 
been relying on manual methods (Calcagni et al., 2022; Schirpke et al., 
2021; Wan et al., 2021). Overall, these studies have shown that manual 
coding can be effective especially if the person coding is familiar with 
the area, but on the other hand, it keeps the processes laborious spe-
cifically in data filtering given the unstructured nature and the immense 
volume of crowdsourced text data available on social media. 

Computational methods such as natural language processing (NLP) 
techniques are alternative approaches to ‘mine’ recreationists' emotions 
toward nature from crowdsourced text (Schirpke et al., 2023). These 
methods can offer effective tools for the transformation of enormous 
amounts of unstructured crowdsourced text into structured and sys-
tematic information (Hirschberg and Manning, 2015; Huai and Van de 
Voorde, 2022; Purves et al., 2022). Specifically, word embedding 
methods including Latent Semantic Analysis (LSA), word2vec and GloVe 
(Mikolov et al., 2013; Naili et al., 2017), can build a low-dimensional 
vector representation of words from a collection of text to grasp the 
semantics of the respective words. Words with similar meanings will 
tend to be located near each other in the vector space, allowing the 
computation of similarity between the words and therefore creating a set 
of topics that englobe words with similar meanings (Edwards et al., 
2022; Huai and Van de Voorde, 2022; Mikolov et al., 2013). A scarce 
body of research has started to combine crowdsourced text from social 
media with NLP methods to capture the landscape characteristics 
mentioned by recreationists during their outdoor activity and how they 
value and perceive these landscape features (Fox et al., 2021a; Gugulica 
and Burghardt, 2023; Huai and Van de Voorde, 2022). For example, 
Huai and Van de Voorde (2022) used Word2vec and online reviews to 
gain insights into how people perceive environmental features in 
Shanghai and Brussels urban parks, demonstrating the suitability of NLP 
techniques to understand people's perceptions of the landscape. Never-
theless, studies show that relying only on automatic classifications 
without manual checking may lead to an inaccurate understating of how 
nature benefits people considering the polysemy of words and the 
diverse modes of expressing perceptions (Ghermandi and Sinclair, 
2019). 

Therefore, in this work, we adopted a fully featured crowdsourced 
data-driven methodology and semi-automatic approach to answer the 
following questions: 1) What are the landscape features and outdoor 
physical activities preferred and mentioned by hikers? 2) What are the 
perceptions mentioned by hikers? 3) What perceptions do hikers asso-
ciate with landscape features and outdoor physical activities? 

2. Materials and methods 

Our study aims to understand hikers' preferences and perceptions 
during an outdoor experience using crowdsourced textual data from 
Wikiloc. To achieve our goal, we used the Auvergne region in France as a 
case study. Auvergne is a mountainous region with volcanic massifs 
ranging from 159 to 1874 m above sea level. The 26,000 km2 region is 
covered by a mix of cropland, forests and grassland livestock farming 
systems. Auvergne is mostly rural, with urban areas only representing 
3% of its area (Corine Land Cover, 2018: https://land.copernicus.eu 
/pan-european/corine-land-cover/clc2018). It also contains four 
regional nature parks, a UNESCO heritage site and diverse archaeolog-
ical and historical sites (Supplementary Materials, Fig. S1). These 
various biophysical and cultural characteristics make Auvergne an 
attractive region for hiking. 

We adopted a methodology based on a data-driven approach (Sebei 
et al., 2018) consisting of three main steps: data collection, data 
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processing and data analysis (Fig. 1). The collection of Wikiloc data in 
Auvergne was done in a Python environment (script available at this 
link: https://github.com/achaiallah-hub/Wiki4CES). Data processing, 
analysis and charts were done in R, version 4.1.0 (R Core Team, 2021). 

2.1. Data collection 

Wikiloc offers over 14 million hiking trails and has increasing 
popularity with the number of users increasing from 3.5 million in 2019 
to over 11.3 million in 2023 (https://www.wikiloc.com). The Wikiloc 
platform allows users to record and share outdoor trails, providing 
associated textual descriptions, photographs, and their spatial location 
(latitude and longitude) on the trail. The type of outdoor activity is also 
recorded (hiking, cycling, or running), as well as the date the trail was 
made. Wikiloc has a broad user base and potential as a data source for 
diverse CES (Callau et al., 2019; Chai-allah et al., 2023; Norman and 
Pickering, 2019). While the trails and photographs from this platform 
have been used in CES studies (Callau et al., 2019; Chai-allah et al., 
2023; Norman and Pickering, 2019), the textual data remained 
unexplored. 

Wikiloc trails available in Auvergne were selected for the years 
2017–2020 resulting in 1128 trails uploaded by 446 users. We pre- 
filtered the data by 1) keeping only the trails that were assigned by 
users as hiking trails, 2) removing those without associated text data, 
and 3) applying the “Trail-User-Days” (TUD) measure (i.e., a single trail 
per user per day), introduced by Chai-allah et al. (2023) to filter the 
social media data to represent a day trip. After pre-filtering 978 hiking 
trails from 388 users remained for further use (see three examples pre-
sented in Table S1 in the Supplementary Materials). Finally, the data sets 
were anonymized and any unnecessary metadata was removed. 

2.2. Data processing 

To identify the landscape features, physical outdoor activities, and 

the perceptions mentioned by hikers during their outdoor experience, 
we extracted the most frequent single words (unigrams) from Wikiloc 
posts. The extraction of unigrams consisted of three steps: text trans-
lation, data pre-processing, and word frequency counting. First, since 
the text description included five different languages (French, English, 
Dutch, Italian, and Spanish), we translated all text descriptions into 
English using DeepL (https://www.deepl.com). Second, data pre- 
processing consists of using natural language processing (NLP) 
methods to perform automated text mining in R, primarily using the 
packages tidytext (Silge and Robinson, 2017) and tm (Feinerer and 
Hornik, 2018) for tokenization, lemmatization and English stop words 
removal based on a predefined list of common English words (e.g., and, 
the). An additional set of words such as the name of the country, towns, 
places, and those related to transportation (e.g., car, parking, and train) 
were also removed for the lack of relevance to the purpose of the study. 
Third, we measured the frequency of the extracted words, and only those 
occurring at least three times in total were selected for further analysis 
(Huai and Van de Voorde, 2022; Schirpke et al., 2021). Finally, to un-
derstand which words were more typical in our corpus compared to a 
general corpus, we compared the frequency distribution we observed in 
the Wikiloc corpus with the frequency distribution in the general web- 
crawled ukWac corpus (Baroni et al., 2009) using a chi-square test by 
focusing on the individual contribution of words to the total effect size 
(Oakes and Farrow, 2006). 

In addition, to ensure that the extracted single words were used in a 
positive context indicating a CES (Fox et al., 2021a) and to count them 
only when they appear in a positive context such as “good hike” and not 
in case of a negative context like complaining about a “boring hike”, the 
following steps were followed. First, we extracted the bi-grams i.e. pairs 
of consecutive words in a given sample of text that helped to identify 
how words are used in combination (e.g., Hausmann et al., 2020). 
Second, we considered only the bi-grams that include at least one of the 
extracted high-frequency words (Supplementary Materials, Fig. S4). 
Third, we manually classified bi-grams into positive or negative 

Fig. 1. Workflow chart depicting methodological steps of this study.  
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associations following Lampinen et al. (2021), for example, bi-grams 
such as “good hike” were classified as positive associations and bi- 
grams such as “boring hike” as negative associations. Finally, we 
recalculated the frequency of words by considering only when they 
appear in a positive context. However, as all selected words only 
appeared in a positive context their frequencies did not change. 

2.3. Data analysis 

2.3.1. Semantic clustering 
To identify the main topics mentioned by hikers during their outdoor 

experience, we classified the selected unigrams into structured clusters 
based on semantic similarities between words. To do this, we used word 
embeddings, an NLP method where machine learning algorithms 
represent words as distributional vectors (e.g., Levy et al., 2015; Miko-
lov et al., 2013), based on the concept that semantically similar words 
are used in similar linguistic contexts (i.e., they have a similar distri-
bution over these contexts; Sahlgren, 2008). The similarity between two 
vectors can be computed using algebraic metrics such as the cosine 
between these vectors. For example, words like “waterfall” and “lake” 
have similar word vectors to the word “river” but distinct ones from the 
word “church”. 

Word2vec is a widely known word embedding technique (e.g., 
Mikolov et al., 2013; Naili et al., 2017), and has been a successful tool for 
investigating CES from social media data (e.g., Gugulica and Burghardt, 
2023). Word2vec can be carried out in two ways: by creating and 
training your own word2vec space based on two different architectures, 
namely, Skip-gram, which predicts the target word based on a nearby 
word, and Continuous Bag-of-Words (CBOW), which learns to predict a 
target word according to its context (Mikolov et al., 2013), or by using 
pre-trained models (e.g., Baroni et al., 2014). Training a new custom 
word2vec model requires a very large dataset, increases the computa-
tional effort, and could be biased by the geographic origin of the data. 
Therefore, we performed the semantic analysis using the pre-trained 
baroni word2vec model provided at http://www.lingexp.uni-tuebin 
gen.de/z2/LSAspaces (Günther et al., 2015). This model has been 
demonstrated to generate high-quality performance with dense word 
vectors and to produce the best results regarding semantic similarity 
tasks (Baroni et al., 2014). This space was created using the CBOW al-
gorithm and contains vectors for 300,000 different words, covering a 
broad variety of different topics. It was trained from a 2.8-billion-word 
corpus, a concatenation of the ukWaC corpus (web pages material from . 
uk domain; Baroni et al., 2009), Wikipedia, and the British National 
Corpus (BNC Consortium, 2007). 

The cosine similarities of the extracted high-frequency words from 
our corpus were then carried out using the baroni word2vec space and 
the LSAfun package in R (Günther et al., 2015). The package was orig-
inally written for LSA, but can be used with all vector space models and 
its combination with pre-trained spaces was reported to produce 
adequate results (Günther et al., 2015). Cosine similarity is measured as 
the cosine of the angle between vectors, with values that range from 0 to 
1, with 1 indicating total similarity and 0 representing total dissimi-
larity. Finally, the similarity matrix was transformed into a distance 
matrix by calculating the cosine dissimilarity (1 - cosine similarity) in 
order to be used in hierarchical clustering. The hierarchical clustering 
was made using Ward's distance method and the fastcluster R package 
(Müllner, 2013). The optimal number of clusters was determined by the 
Gab statistic method (Tibshirani et al., 2001), indicating k = 8 as an 
optimal number of clusters (Supplementary Materials, Fig. S2). 

The results of word clustering were manually verified to ensure the 
accuracy of the clusters and the list of words per cluster was used as a 
basis for labeling the clusters following the existing literature on CES 
and human-nature interaction (Kaiser et al., 2021; Egarter Vigl et al., 
2021; Wan et al., 2021; Huai and Van de Voorde, 2022; Gugulica and 
Burghardt, 2023). Finally, we counted the frequency of each cluster 
using the count function in R. Following Wan et al. (2021), we 

considered each cluster's frequencies as hikers' revealed preferences. 

2.3.2. Clusters association 
To examine the perceptions that hikers associate with landscape 

features and physical outdoor activities, the Phi coefficient was carried 
out through the widyr package in R (Silge and Robinson, 2017). The Phi 
coefficient is a measure of binary correlation between two categorical 
variables, which indicates how often they appear together relative to 
how often they appear separately. Here, it was used to indicate the 
number of documents (the number of trails) where, for example, clusters 
A and B appear, or neither do, compared to the number of documents 
where one appears without the other, considering eq. 1: 

ϕ =
n11*n00 − n10*n01
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(n1.*n0.*n.0*n.1)

√ (1) 

Where n11 is the number of documents with both clusters A and B, 
n00 is the number of documents with neither clusters A and B, n10 is the 
number of documents with cluster A but without cluster B, n01 is the 
number of documents with cluster B but without cluster A, n1. is the 
number of documents with cluster A, n0. is the number of documents 
without cluster A, n.1 is the number of documents with cluster B, and n.0 
is the number of documents without cluster B. 

All correlations are presented following the Quinnipiac University 
scale (Akoglu, 2018), therefore, correlations below 0.05 were consid-
ered weak, and those above 0.25 as very strong. 

3. Results 

3.1. Data collection and preprocessing 

A total of 978 hiking trails were associated with textual data, cor-
responding to 86.7% of the collected data, with an average text 
description length of 14 words (SD = 28.6). Half of the trails were 
recorded in the summer months from June to August (481 trails), and 
34% of the trails fell on weekends (Supplementary Materials, Fig. S3). 
The maximum number of trails uploaded by a single user was 30, while 
207 users uploaded only one trail over the four-year study period. 
Moreover, 183 unique words occurred at least three times in total and in 
a positive context, with a cumulative frequency of 3553. The words 
“view”, “trail” and “walk” were the most frequent unigrams and no 
negative words such as “sad” or “boring” were found in the final dataset 
(Supplementary Materials, Fig. S4). There was a significant difference in 
the contents between the two corpora Wikiloc and ukWaC (x2 =

1,520,366, df = 17,317, p < 0.001), with words such as “hike” and 
“trail” appearing more frequently in the Wikiloc corpus compared to 
ukWaC corpora, reflecting the recreation-oriented use of Wikiloc (Sup-
plementary Materials, Fig. S5). 

3.2. Clustering and labeling 

We identified eight different clusters based on 183 unique words, 
with a cumulative frequency ranging from 91 to 805 (Fig. 3). Four out of 
the eight clusters were related to landscape features (41%; cumulative 
frequency of the four clusters divided by the total frequency of the eight 
clusters), one described physical recreation (23%) and three were 
related to user perceptions (36%). Regarding the clusters describing the 
landscape features, which we named “geodiversity”, “ecosystems, ani-
mals & plants”, “built cultural heritage” and “climate & weather”, hikers 
mentioned natural elements (78%) more than non-natural elements 
(22%) with the predominance of the geodiversity cluster on natural el-
ements (63%). Words related to terrestrial outdoor activities such as 
“trail”, “hike”, and “walk” were more frequent than words describing 
aquatic activities in the cluster “outdoor physical activities”. Moreover, 
the most frequent words in the cluster “ecosystems, animals & plants” 
were related to ecosystems (e.g., forest and grasslands) rather than 
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specific animals and plants (both of which appear with low occurrences; 
Supplementary Materials, Table S2). The cluster “geodiversity” showed 
a variety of elements ranging from geomorphological features (e.g., 
valley, volcano, and mountain) to hydrological features (e.g., lake, 
waterfall, and river), while the cluster “climate & weather” was 
reflecting the day-time recreational use of the area with words such as 
“sunshine” and “shadow”. The non-natural features related to attrac-
tions (e.g., castle and church) were the most popular in the cluster “built 
cultural heritage” (Fig. 2). 

Of user perception clusters, the “aesthetics” cluster is the most 
frequent (51%), followed by “joy & restoration” (33%) and “physical 
effort sensation” (16%) (Fig. 3). The cluster “aesthetics” is defined by the 
frequent use of words related to visual beauty such as “view”, “beauti-
ful” and “panoramic”. The cluster “joy & restoration” showed a variety 
of words, ranging from words about the quality of the experience such as 
“nice” and “good” to words about the restorative experience (e.g., break, 
rest, and relax). Finally, the cluster “physical effort sensation” comprises 

words such as “easy” and “hard” (Fig. 2). 

3.3. Association between landscape features, physical recreation and 
hikers' perceptions 

The association analysis revealed hikers' perceptions of landscape 
features and physical recreation (Fig. 4). The clusters “ecosystems, an-
imals & plants” and “climate & weather” were associated with the three 
hikers' perceptions (“aesthetics”, “joy & restoration” and “physical effort 
sensation”), with the “aesthetics” perception being more associated with 
the cluster “ecosystems, animals & plants”. The “geodiversity” cluster 
was only associated significantly with “physical effort sensation” 
perception, while the results show weak associations between “built 
cultural heritage” and hikers' perceptions. Finally, hikers strongly 
associate the cluster “outdoor physical activities” with two perceptions 
(“joy & restoration” and “physical effort sensation”). 

Fig. 2. Top ten words of each identified cluster and their frequencies of occurrence. Complete details on the clustering results can be found in Table S2 in the 
Supplementary Materials. 
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4. Discussion 

4.1. Preferences and perceptions of hikers in a rural landscape 

Overall, for the preferences, we found four clusters describing the 
landscape's biophysical features and one cluster describing the range of 
physical outdoor activities. Among the biophysical features, people 
mentioned geodiversity features more than ecosystems, animals and 
plants features. This can be explained by the fact that Auvergne is 
characterized by its iconic geodiversity landscapes related to its 
geological history, which leads to 80 volcanoes and multiple mountains 
and hills, ensuring the development of geotourism in the area (Cayla, 
2014). Moreover, geodiversity features such as volcanoes could gain 
greater attention from visitors to be visited and shared on social media 
as impressive and unusual structures that symbolize the experience in 
Auvergne. Other studies have identified similar patterns where moun-
tains, lakes and rivers are popular landscape features to be visited during 
recreational activities and then posted on social media (e.g., Pickering 
et al., 2020; Schirpke et al., 2021). The height of mountains is particu-
larly associated with hiking (Aiba et al., 2019). It can thus explain why 
the word “summit” received a high number of mentions in this study as 
hikers may relate to demonstrating they were at the highest point of the 
mountain when it is harder to get there. 

The cluster “ecosystems, animals & plants” is largely composed of 
words describing ecosystems (e.g., forest and grassland) and livestock 
breeds such as “cows” rather than those describing specific wild animals, 
plants and flowers. This may refer to hikers wanting to show their fa-
miliarity with local breeds as part of the rural identity of the region 
(Barry, 2014), together with the breeds' animals being easily noticeable 
by the large public compared with wild animals, plants, and flowers. 
However, the use of words such as “flower” and “wildlife”, even though 
they are less frequent, emphasizes a desire for wild nature. 

Hikers mentioned elements of the “built cultural heritage” cluster 
almost as much as “ecosystems, animals & plants” cluster elements. 
These results echo the viewpoint that human-made landscape features 
mainly those that relate people to the past and history of the area (e.g., 
church or castle), can draw visitors' attention and enhance landscape 
experiences (e.g., Calcagni et al., 2022; Van Berkel et al., 2018). More-
over, the cluster “outdoor physical activities” was not solely focused on 
the physical interactions with nature (e.g., hiking, walking, and climb-
ing) but also included elements that describe social relations (e.g., 
picnic, camping, and family), which implies that people give meaning to 
both aspects when interacting with nature. These results corroborate the 
findings of a survey study in Germany that indicated that rural land-
scapes are multifaceted landscapes that offer space for various types of 
human-nature interactions (Plieninger et al., 2013). 

Fig. 3. Frequency of occurrence of landscape features and physical recreation clusters (left) and perceptions clusters (right).  
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Overall, the aesthetic expressions lead to the most frequent percep-
tions that hikers allocated to the landscape, and were mostly expressing 
visual beauty such as “view”, “beautiful” and “panoramic”. This result is 
in line with interview-based studies where aesthetic perception is a 
frequent response to landscape environments (Gobster and Westphal, 
2004; Kaiser et al., 2021), especially in mountainous areas where long 
and open views supply higher aesthetic values mainly on sunny days 
(Pickering et al., 2020; Schirpke et al., 2018). Our findings indicate that 
hikers express broad emotions, mainly joy, and restoration, as well as 
the physical effort perceived during their outdoor experiences in nature. 
Where the landscape was perceived as “nice” and “great” as well as 
having space for “rest” and “break”, seeing and being in nature can 
promote positive emotions and stress reduction for visitors as an escape 
from stressful urban lifestyles (Hansmann et al., 2007; Hussain et al., 
2019). Alternatively, visitors have considered the physical effort 
engaged during recreation, which may indicate visitor motivations for 
hiking. For instance, some hikers may choose close and challenging 
tracks as part of the daily use of the surrounding nature for exercise 
purposes, whereas hikers with children may prefer small tracks for easy 
walks with families that are less physically challenging (Wilcer et al., 
2019). 

These insights reveal 1) what hikers prefer and consider worth 

sharing on social media and how they describe their perceptions during 
an outdoor experience and 2) the richness of Wikiloc textual data, which 
allows for spotting a richer range of hikers' preferences for natural and 
non-natural physical elements of the landscape, as well as their per-
ceptions that have been scarcely studied in the current literature. 

4.2. Hikers' perceptions associated with outdoor physical activities and 
landscape features 

The association analysis revealed many positive and significant 
correlations between hikers' perceptions of outdoor physical activities 
and landscape features. This result provides evidence of the “bundled” 
nature of how people perceive the landscape while engaging in recrea-
tional activities. People generally do not assign specific perceptions to 
specific landscape components, which aligns with a previous study 
based on interviews (Plieninger et al., 2013). This suggests that people 
do not perspicuously distinguish one cultural service gained from nature 
from the other, but enjoy them in a bundle. Here, our results add more 
details by focusing on hikers as a target user group, which is an 
important contribution of this study since it provides more specific in-
formation by the type of recreational activity, as suggested by several 
studies that use social media to understand human-nature interactions 

Fig. 4. Associations correlogram. The black rectangle shows the studied correlations between landscape features, physical recreation (“built cultural heritage”, 
“climate & weather”, “ecosystems, animals & plants”, “geodiversity” and “outdoor physical activities”) and hikers' perceptions (“aesthetics”, “joy & restoration” and 
“physical effort sensation”). For significant correlations, * indicates p-value <0.05, ** indicates p-value <0.01, *** indicates p-value <0.001. 

A. Chai-allah et al.                                                                                                                                                                                                                             



Ecological Informatics 78 (2023) 102332

8

(e.g., Lee et al., 2019). However, to the best of our knowledge, this has 
never been done before. 

In addition, by exploring these associations, we can begin to better 
understand the relative importance of some landscape features. Here, 
the cluster “ecosystems, animals & plants” was mentioned less 
frequently than the cluster “geodiversity”. The hikers do however 
associate it with more perceptions than the cluster “geodiversity”, 
mainly “joy & restoration” and “aesthetics”. This may be related to the 
fact that Auvergne is a mountainous region and mountains are common 
while encountering unexpected wildflowers in grasslands, flowering 
trees, or refreshing forests may lead to more visitors' appreciation. These 
findings are consistent with a recent study conducted on urban parks in 
Hong Kong, which showed that park visitors associate flowers with 
aesthetic value, and trees and lawns with restorative value (Wan et al., 
2021). Moreover, being surrounded by a calm landscape like grasslands 
has been found to evoke tranquility and relaxation in people (Wartmann 
and Purves, 2018). Although lakes and waterfalls were highly 
mentioned, the prohibition of water-based activities in many of them in 
Auvergne may have led visitors to less associate them with particular 
perceptions. The search for a challenging landscape with high geomor-
phological variation in terms of slope and elevation may explain the 
association of the cluster “geodiversity” with physical effort sensation as 
Wikiloc users are more likely to prefer sites with rugged terrain (Chai- 
allah et al., 2023; Norman and Pickering, 2019). 

Physical activities in nature contribute considerably to health and 
well-being benefits for individuals (Hansmann et al., 2007; Wolf and 
Wohlfart, 2014), this may explain why hikers strongly associate the 
cluster “outdoor physical activities” with the perceptions of “joy & 
restoration” and “physical effort sensation”. Moreover, hiking expecta-
tions and motivations vary among individuals; for instance, experienced 
hikers may be more satisfied by difficult hikes and less aware of the 
intensity of their physical activity (Chhetri, 2015; Wolf and Wohlfart, 
2014), whereas less experienced hikers or those with young children can 
find easy hikes more suitable and enjoyable. This suggests that how 
hikers perceive the site or the landscape may depend on their motives for 
the activity of interest, and thus human-nature relationships are com-
plex and context-dependent (Fox et al., 2021a). 

The analysis of associations is one of the advancements of our study 
compared to previous studies using text data social media to capture 
human-nature interactions (e.g., Pickering et al., 2020; Schirpke et al., 
2021). These studies usually consider what is mentioned as the most 
important landscape features for people. However, our results highlight 
an important discrepancy, as what is mentioned the most. Here “Geo-
diversity” is mentioned the most in posts, but does not have the highest 
correlation with visitor perceptions, with “Ecosystems, animals and 
plants” having the highest. Thus, simply relying on frequency counts - 
how often something is mentioned - is not by itself sufficient to fully 
understand to what extent people appreciate and value certain features. 
By enriching the analysis with the perceived perceptions of visitors 
presented here or by sentiment analysis (Fox et al., 2021a), we can begin 
to better capture the importance of specific physical features in ways 
that go beyond purely measuring their number of occurrences. This 
approach helped us to 1) disentangle the components aimed during a 
recreational experience through the perception clusters and 2) assess the 
element of landscapes that provide them through the natural features' 
clusters. 

4.3. Wikiloc as text-based social media 

The current study suggests Wikiloc as a rich source of textual data to 
study human-nature interactions. The platform has the potential to solve 
the issue of data availability rising with the decreasing popularity of 
Flickr, the principal data source for social media-based studies, restric-
tive access to data for research purposes (like in Instagram and Twitter), 
or even ceased operating (e.g., Panoramio) (Ghermandi et al., 2023). 
Moreover, Wikiloc textual data presents multiple advantages over most 

text-based social media sites by being geolocated and without a char-
acter limit (e.g. Reddit posts are not geolocated and Twitter has a 280- 
character limit) (Fox et al., 2021b). This has allowed us to assess a 
large spectrum of hikers' preferences and perceptions. 

The presented approach of mining crowdsourced text has in addition 
major advantages compared to examining the visual content of shared 
images as it allows access to feelings and perceptions that hikers asso-
ciate with landscape features and outdoor experiences, which are 
impossible to obtain from images. Calcagni et al. (2022) found that 
textual data allow for spotting a wider variety of CES than could be 
achieved solely through visual data analysis. Moreover, by using NLP 
methods to filter the words and to analyze how the identified single 
words are used in combination (bi-grams), we ensured that they provide 
a positive benefit indicating a CES, which was one of the drawbacks of 
the studies using single-word classification. Besides, the approach of 
clustering is based on pre-trained word2vec models, which allowed us to 
rapidly classify words with similar meanings into topics that reflect a 
wider range of hikers' preferences and perceptions. By exploring Wikiloc 
we reveal the unique opportunity it offers by bringing uniquely rich data 
to assess multiple aspects of human-nature interactions, which can help 
overcome the existing gap in data available for researchers working on 
CES assessment using social media. 

4.4. Implications for rural landscape management 

With the increased use of rural landscapes for multiple recreation 
activities, exploring the perceptions people assign to landscape features 
can help outdoor recreation planners adjust policies based on what 
people find to be important. We reported that the cluster describing 
ecosystems, animals and plants had the highest association with visual 
aesthetic perception. This suggests that hikers seek out open and natural 
landscapes while hiking. Land managers in Auvergne should focus on 
maintaining this openness as it seems to be a key factor for hikers' well- 
being. Additionally, we found less association between geodiversity 
features such as lakes and rivers with hikers' perceptions, underlying a 
need for future improvements and restoration regarding these blue 
areas, for example increasing their accessibility or water quality. Pre-
vious research has shown that restoration management has a sound 
potential to improve people's benefits from blue areas (Kaiser et al., 
2021). Our findings on the bundled nature of hikers' perceptions of the 
landscapes can also serve as a baseline for creating new trails that pro-
vide access to diverse and appealing landscapes but are also challenging 
in terms of physical effort as an opportunity to promote physical well- 
being. 

4.5. Limitations and future research 

Although this study demonstrates that hikers' preferences and per-
ceptions can be achieved by combining textual data from Wikiloc and 
NLP methods, several caveats need to be considered. First, demographic 
and sample biases with the socio-demographic information of social 
media users are never entirely clear, difficult to obtain and can change 
following the popularity of the platforms, which keeps the question of 
data representativeness challenging. In a recent study, Venter et al. 
(2023) found that despite the increased proportion of total recreationists 
that Strava–an outdoor activity-sharing platform similar to Wiki-
loc–represents over time, it is biased toward higher-income populations, 
males, and middle-aged people between 35 and 54 years. Such an 
analysis must be extended to Wikiloc and considered in future studies. 
Our results should therefore not be generalized as such to a wider 
population. 

Second, we have limited our analysis of anthropogenic features to 
cultural-historical elements, considering that are key factors for visita-
tion hotspots and for their cultural and religious values (Calcagni et al., 
2022; Van Berkel et al., 2018). However future research could expand 
our understanding of recreationists' perceptions to other anthropogenic 
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properties such as features of accessibility and touristic facilities that 
were not investigated in this study, considering that people can only 
enjoy specific landscapes when they have access to it (Costanza, 2008). 

Third, we performed word clustering using a word2vec space trained 
on a large web corpus. Although this model gives satisfactory results and 
is expected to effectively scale to larger areas, we were unable to use it 
without translating non-English texts into English as it was trained on an 
English corpus. While this automatic translation might have enabled us 
to unify the dataset and have more compact clusters considering the 
multiple languages found in the original dataset, it may have masked 
subtle linguistic delicacies and metaphorical expressions in different 
languages. Future studies would do well to include the linguistic dis-
tinctions between social media users so that we can explore how 
different language communities perceive landscape features during 
recreational activities. Yet we need to emphasize that word-sense am-
biguity issues caused certain misclassification but have occurred very 
sporadically and were easily noticeable in the manual checking. How-
ever, these NLP algorithms are expected to improve in the future, pri-
marily by including textual data from social media (Gugulica and 
Burghardt, 2023) or applying the emerging transformer-based models, 
for example, the Bidirectional Encoder Representations from Trans-
formers (BERT) that have been shown as a promising tool for text 
classification (Devlin et al., 2018; Hunter et al., 2023). 

Fourth, while social media data has the advantage of being sponta-
neously produced, people are more likely to share what they like and 
think is worth sharing, resulting in more sharing of positive experiences 
over negative ones (Hausmann et al., 2020; Wan et al., 2021), and hence 
creating an overall positivity bias and incomplete image of human- 
nature interactions. Future research should combine crowdsourced 
data analysis and online surveys with users of the studied platforms to 
get a more exhaustive and complete understanding of human-nature 
interactions. 

Finally, we used only one outdoor activity-sharing platform, Wikiloc, 
and focused on one recreational activity, hiking. This potential bias can 
be minimized by including other platforms and exploring how other user 
groups such as runners or bikers interact and perceive landscape fea-
tures. In addition, it is also known from other studies that CES are 
context-dependent and therefore our findings need to be understood 
considering the context studied here (i.e. rural landscapes). 

5. Conclusion 

Our work complements previous research with three major contri-
butions. First, we analyzed hiking data from Wikiloc, a crowdsourced 
sports platform, which provides access to a more homogenous segment 
of the population because users share similar interests in outdoor ac-
tivities. It offers the opportunity to assess how one or multiple user 
groups of recreationists interact with nature which is hardly possible in 
other common platforms used in CES assessment such as Flickr. Second, 
we explored textual data that allows access to users' feelings and per-
ceptions, which were scarcely studied in the literature as the focus was 
on image content. This process has the potential to enhance the current 
understanding of what landscape features mean for people by identi-
fying those that people find to be important and therefore to be 
considered in landscape management. Third, we provided a semi- 
automated, flexible and transferable data-driven approach using NLP 
techniques that can overcome some of the limitations of manual 
methods. 

Our results suggest that natural features of the landscape are more 
likely to stimulate different perceptions of hikers from aesthetics, joy, 
and restoration to the physical effort sensation during hiking. These 
perceptions could be independently obtained in urban areas, for 
example in museums, sports rooms, or by meeting friends in coffee. 
Through our results, we found that natural features - mainly the cluster 
‘Ecosystems, animals & plants’ - stimulate the three perceptions 
together. This suggests that hikers go to rural landscapes to experience 

“Aesthetics”, “Physical effort and sensation”, and “Joy & restoration”, 
because they offer them these perceptions in a bundle, i.e. at the same 
time. This result can help to understand the implications of accessible 
hiking trails from urban centers in terms of human well-being and 
health. 
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