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Abstract
As recreational tourism in rural areas rises in popularity, overtourism, and crowding pose growing challenges, impacting both 
society and the environment. To support sustainable smart tourism, an information system for visitor management offers a 
valuable approach. A significant challenge in this context is the identification of suitable alternatives to congested areas. This 
paper proposes a method to calculate route similarities with distance-based algorithms and machine learning models using 
descriptive data to redirect visitors to less-crowded paths. A case study in a nature park validates the approach, using real-
world hiking data from an online outdoor platform. Expert surveys on route similarity are used to train the models and evalu-
ate the results. Machine learning significantly outperforms traditional similarity algorithms, achieving up to 117% higher R2 
values (0.448 vs. 0.206), 26% lower MSE values (0.530 vs. 0.719), and 40% higher Spearman correlations (0.699 vs. 0.498). 
The random forest regression model yields the best results. This research provides a foundation for future efforts to enhance 
sustainable tourism by offering a data-driven approach to identifying alternative routes that align with visitor preferences.

Keywords  Visitor management · Route similarity · Machine learning

JEL Classification  C38 · L83 · Z32

Introduction

“Two roads diverged in a wood, and I––
I took the one less traveled by,
And that has made all the difference.”
 ~ The Road Not Taken, Robert Frost (1916)

The tourism industry has experienced rapid growth in 
past decades, from 25 million international arrivals in 1950 
to over 1.4 billion in 2019 (UN Tourism, 2022). Although 
the COVID-19 pandemic immensely disrupted the industry, 
international tourism recovered 63% of pre-pandemic levels 
in 2022 and even reached 98% in the first nine months of 
2024 (UN Tourism, 2023, 2024). With the rapid recovery of 
tourism, the benefits of economic growth and employment 
opportunities are returning, however, so is the problem of 
crowding, which poses a major concern for many popular 
tourist destinations (Palacios-Florencio et al., 2021; Tiwari 
& Chowdhary, 2021).

Generally, the arrival of too many tourists at popular desti-
nations leads to unsustainable tourism (Capocchi et al., 2019; 
Mihalic, 2020). UN Tourism defines the capacity of a tourist 
destination according to sustainable tourism as “the maxi-
mum number of people that may visit a tourist destination at 
the same time, without causing destruction of the physical, 
economic and sociocultural environment and an unacceptable 
decrease in the quality of visitors’ satisfaction” (UN Tourism, 
2018, p. 3). Thus, crowding and overtourism are widely dis-
cussed topics in urban (Koens et al., 2018; UN Tourism, 2018) 
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and rural (Drápela et al., 2021) tourist destinations, whereby a 
tourist destination can be either a single point of interest (POI) 
or a route. Crowding causes environmental degradation, loss 
of natural biodiversity, and increased pollution (Peeters et al., 
2018). Furthermore, it negatively impacts the local infrastruc-
ture, tourist infrastructure, and living conditions, as well as the 
cultural heritage of the residents (Adie et al., 2020; Drápela 
et al., 2021; Milano et al., 2021). While the latter primarily 
affects nature and local residents, crowding also deteriorates 
the tourist experience (Tokarchuk et al., 2022).

Most efforts to mitigate the effects of crowding are often 
insufficient to actually prevent crowding as a cause of these 
effects, as many approaches focus on a single tourist desti-
nation (Butler & Dodds, 2022). These approaches include 
investments in better local and tourist infrastructure, e.g., 
additional parking lots, bypasses, better trails, or the limita-
tion of the number of visitors at a specific POI (Dodds & 
Butler, 2019; Koens et al., 2018; Oklevik et al., 2019). There 
are already some approaches in the information systems (IS) 
community to reduce crowding with smart tourism (Gret-
zel et al., 2015), such as data-driven smart cities (Kühne & 
Heidel, 2021; Lamsfus et al., 2015) and decision support or 
recommender systems (Bauer et al., 2021; Piliponyte et al., 
2024). By predicting the tourism demand with machine 
learning algorithms, tourist destinations are able to better 
prepare in advance for days with peak demand (Bollenbach 
et al., 2022). However, to avoid crowding and enable sus-
tainable tourism, preparation at the destination itself is not 
sufficient. Therefore, overarching measures are required to 
distribute visitors across multiple tourist destinations and 
reduce the number of people at crowded destinations without 
overloading another region. One approach for sustainable IS 
are “data-based systems that recommend sustainable prod-
uct alternatives” (Lehnhoff et al., 2021, p. 219; Tomkins 
et al., 2018). This concept is deeply intertwined with the 
principles of Green IS, which seeks to transform economic 
systems and individual behaviors to foster environmentally 
responsible practices (Henkel et al., 2019; Kranz et al., 
2015). In this case, a visitor guidance concept represents 
a potential solution. In the event of predicted crowding at 
a local hotspot (Bollenbach et al., 2022), a recommenda-
tion system proactively nudges tourists to alternative tourist 
destinations, i.e., an alternative POI or route in advance. 
Thus, the effectiveness of these systems strongly depends 
on how alternative destinations are identified. Most current 
approaches recommend tourist destinations based on geo-
logical data and distance, e.g., the same starting point, which 
does not solve the crowding problem as most tourists still 
use the same infrastructure (Pham et al., 2017; Wang et al., 
2015; Yin et al., 2013). The alternative route may not align 
with the visitor’s preferences. Furthermore, many recom-
mendation algorithms often suggest popular POI instead of 
less overcrowded alternatives (Yao et al., 2016; Yuan et al., 

2013, 2014). This only increases the number of tourists at 
trending tourist destinations.

To address the crowding problem, the recommendation 
system should be based on the similarity of the tourist desti-
nations rather than solely based on geographical proximity. A 
study from the United States Department of Agriculture (2023) 
National Visitor Use Monitoring Program reveals that over 
half of visitors (54%) choose alternative destinations based on 
activity similarity, underscoring the importance of this factor. 
However, the same report indicates that geographical prox-
imity also plays a critical role, as visitors prefer alternatives 
close to their residences (United States Department of Agri-
culture, 2023). Therefore, with the similarity of destinations as 
the basis of the recommendation system, tourists can choose 
from more suitable alternative destinations in an acceptable 
distance from their residences, and the crowding of overloaded 
regions can be reduced. Furthermore, identifying similar routes 
should be widely automated and digitized to enable large-scale 
use. It is important to note that more drastic measures, such as 
limiting the number of tourists or offering timed-entry reserva-
tions, might be more suitable at very popular tourist hotspots 
such as Venice (Bertocchi et al., 2020), Machu Picchu (Lar-
son & Poudyal, 2012), and the US National Parks (Creany 
et al., 2024), since tourists at these iconic sites are often highly 
focused on visiting specific landmarks and are less likely to be 
persuaded by alternative recommendations.

While the similarity of POIs has been addressed in prior 
research (Qiu et al., 2021; Wang et al., 2019; Zhao et al., 2019), 
there is a notable lack of studies focusing on the similarity of 
entire routes. Unlike POIs, routes are complex entities com-
posed of multiple POIs and diverse descriptive features such as 
distance and elevation. As a result, crowding in rural tourism 
settings often extends beyond individual POIs to affect entire 
route networks. To effectively mitigate such crowding, alternative 
routes must be identified outside of these congested areas, rather 
than simply redirecting visitors from one crowded POI to another 
nearby. This issue is especially pressing in rural tourism, where 
hiking and other recreational activities have seen an increase in 
popularity in recent years (Calbimonte et al., 2021). However, 
due to the structural and functional differences between POIs 
and routes, existing POI similarity methods cannot be readily 
transferred to route analysis. Despite the growing importance 
of route-based crowding management, systematic methods for 
assessing route similarity remain scarce. Thus, to the best of our 
knowledge, we are among the first to develop a method to deter-
mine the similarity of routes based on their descriptive features 
and propose the following research questions:

RQ1: How accurately do various distance-based simi-
larity and machine learning algorithms calculate route 
similarities using labeled and unlabeled data?
RQ2: What are relevant features and how do they influence 
the prediction of similar routes?
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To answer the research questions, we propose a method 
to evaluate the similarity of routes by applying and compar-
ing two distance-based similarity and five machine learning 
algorithms. This approach is then applied and tested in a case 
study about the similarity of hiking routes in a nature park in 
the South of Germany with descriptive company data provided 
by the online outdoor platform “Outdooractive.” In the case 
study, we integrate human expert knowledge by training and 
evaluating the models using survey results on the similari-
ties of hiking routes conducted by nature park rangers. Fur-
thermore, since many machine learning algorithms act like a 
“black box” (Bauer et al., 2021; Pfeuffer et al., 2023), we use 
Shapley Additive exPlanation (SHAP) values to shed light on 
the most significant descriptive features of the hiking routes 
and how they influence the prediction model.

By answering the research question, we advance the literature 
in four key ways. First, we shift focus from POI and itinerary 
similarity (e.g., Yu et al. (2022); Qiu et al. (2021)) to the under-
explored domain of route similarity, using hiking routes in rural 
areas as a case. While prior work has incorporated POI popu-
larity, distance, and preferences, route similarity as a structured 
item remains largely unaddressed, despite its critical relevance 
for managing visitor flows and promoting sustainable tourism 
in increasingly overburdened rural areas. Second, we propose a 
systematic methodology combining distance-based and machine 
learning approaches to quantify route similarity based on descrip-
tive attributes, independent of user histories. This extends item-
to-item similarity concepts (Stamatelatos et al., 2021) to a novel 
domain and data structure. Third, we evaluate algorithmic per-
formance against expert similarity ratings using explainable AI 
(SHAP), identifying which features shape perceived similarity. 
Finally, our research yields actionable insights into route similar-
ity that can serve as input for recommender systems in the con-
text of IS. Ultimately, our work contributes to the development 
of sustainable, data-driven visitor guidance systems, laying the 
groundwork for intelligent IS solutions that promote more sus-
tainable tourism practices.

The present paper is structured as follows: First, the relevant 
background in visitor management and similarity is explored. 
Subsequently, the applied methods, as well as the case study, 
are presented. The results are described, evaluated, and dis-
cussed. Finally, the paper is summarized, mentioning the limi-
tations as well as future work.

Background and related work

Crowding and visitor management

Overtourism is an umbrella term for issues such as crowd-
ing, environmental degradation, and social and cultural 
change (Benner, 2020). Although the research area of 
overtourism has become increasingly popular in recent 

years, scientists have already been studying the underly-
ing adverse impact on tourist destinations as early as the 
1960 s (Koens et al., 2018). Most studies on overtourism 
focus on urban areas, most prominently Venice (Bertocchi 
et al., 2020; Seraphin et al., 2018) or Barcelona (Alonso-
Almeida et  al. 2019). Nevertheless, overtourism also 
strongly affects rural areas (Drápela et al., 2021; Peeters 
et al., 2018). The demand for domestic tourism and new 
recreational activities, such as day and half-day trips to 
nature-based areas, has increased significantly (Falk et al., 
2022; Fillisch et al., 2020; Megerle, 2021). Contrary to 
closed areas such as buildings, the carrying capacity in 
an open space is difficult to define. Therefore, we use the 
wording “crowding” instead of “overcrowding.” The ris-
ing demand for outdoor activities impacts not only the 
tourist destination but also all surroundings like infra-
structure, residents, and tourist experience. Therefore, 
since rural tourist destinations often lack the infrastruc-
ture required to support the rising numbers of tourists, 
crowding leads to several problems in the local infrastruc-
ture, e.g., parked cars in inappropriate locations or street 
congestions, and the tourist infrastructure, e.g., crowded 
parking lots or damaged trails (Drápela et al., 2021; Pur-
wandani & Pakan, 2022). Furthermore, the environmen-
tal impact of overtourism is well established in current 
research. Natural sites with too many visitors experience 
garbage and waste dumping (Peeters et al., 2018), dam-
age from erosion, as well as endangerment of native spe-
cies (Drápela, 2023; Drápela et al., 2021; Megerle, 2021). 
Hiking, in particular, has become increasingly popular in 
recent years, increasing the chance of crowding on hiking 
routes and posing a substantial negative impact on tour-
ist destinations, causing environmental degradation and 
loss of biodiversity (Bichler & Peters, 2021; Calbimonte 
et al., 2021; Chhetri et al., 2004; Megerle, 2021; Nordbø 
& Prebensen, 2015; Smith et al., 2023). Moreover, house 
prices in popular tourist areas increase, leading to gentri-
fication and decreased living conditions of residents in the 
area (Drápela et al., 2021). In some areas, this results in 
tourism-phobia and anti-tourism sentiment among locals 
(Insch, 2020; Zerva et al., 2019). However, some scholars, 
such as Prof. Butler, critique the discourse on overtour-
ism as being frequently exaggerated and ideologically 
driven (Gillbanks, 2023). While acknowledging issues of 
overcrowding, he argues that mass tourism is frequently 
used as a scapegoat for broader urban and environmental 
challenges. He emphasizes the need for a more pragmatic, 
evidence-based approach to tourism management, particu-
larly in rural areas, where sudden visitor influxes strain 
infrastructure.

Introducing a visitor management system is crucial to 
mitigate the negative effects of crowding. Shackley (2000) 
defines the goal of visitor management as balancing the 
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desires of visitors with the impact of visitors. There are two 
approaches to implementing visitor management, referred to 
as “hard” and “soft” approaches (Kuo, 2002). While “hard” 
visitor management is mandatory, “soft” visitor management 
is optional and may result in the self-regulating behavior of 
the tourists (Mason, 2005). Kuo (2002) separates the “hard” 
approach in three subcategories: (1) physical (e.g., construc-
tions to protect nature sites, viewing platforms) (Butler & 
Dodds, 2022); (2) regulatory (e.g., rules and regulations to 
limit the number of visitors) (Bertocchi et al., 2020); (3) 
economic (e.g., dynamic pricing or increased entry fees to 
distribute visitors to less popular days) (Enseñat-Soberanis 
et  al., 2019; Orams, 1996). On the other hand, “soft” 
approaches appeal more to the visitor’s goodwill by inform-
ing them about alternative tourist destinations or offering 
directional information like signs or a code of conduct (Kuo, 
2002). In addition, UN Tourism proposes eleven strategies, 
including both “hard” and “soft” measures, to implement 
visitor management in cities to avoid crowding (UN Tour-
ism, 2018). The strategies can be transferred well to rural 
areas, whereby the explicit measures have to be adapted to 
the circumstances. The first strategy describes the dispersal 
of tourists to alternative locations as a soft approach and, 
thus, is the most relevant for this paper. While promoting 
locations solely based on a lower visitor density is possible, 
visitors are more likely to accept alternative locations suit-
able to their individual requirements and preferences (Boháč 
& Drápela, 2022; Calbimonte et al., 2021). Therefore, in this 
paper, we determine the similarity of routes to enable data-
driven recommendations in rural areas. We aim to achieve a 
higher acceptance among tourists for alternative routes and, 
thus, reduce crowding.

Similarity

To identify the similarity of routes, we first evaluate research 
on similarity in general. Ifenthaler (2012, p. 2148) defines 
similarity as “a corresponding feature in which two objects 
or variables are alike.” In mathematics and information sci-
ence, similarity is usually a numerical value between “0” (no 
similarity) and “1” (perfect similarity), whereby the opposite 
of similarity is the distance or dissimilarity. Hence, similar-
ity is a broad concept that is required in various kinds of 
use cases, e.g., similarity between values (e.g., between “0” 
and “1”), string similarity (“eloquently” and “ineloquent”), 
semantic similarity (“car” and “automobile”), etc. (Lin, 
1998). Building upon this concept, similarity analysis is 
an established method in various fields, such as biomedical 
science (Lord et al., 2003; Pesquita et al., 2009), chemistry 
(Maggiora et al., 2014; Maldonado et al., 2006), retail (Chen 
et al., 2005; Choi et al., 2010; Hwangbo et al., 2018), e-com-
merce (Li et al., 2013; Maleki Shoja & Tabrizi, 2019), social 
media (Anderson et al., 2012; Becker et al., 2010), etc. The 

applied method within the similarity analysis depends on the 
data and differs between use cases. Since our focus lies on 
route similarity, we briefly analyze the most relevant papers 
in the tourism domain that include similarity analysis.

In tourism, similarity analysis is mostly common for 
urban regions by determining the similarity of POIs within 
a tourism destination. POIs can be compared by analyzing 
the description or online reviews of POIs (Stamatelatos 
et al., 2021), for example, using generative topic modeling 
(Adams & Raubal, 2014) or neural-network-based seman-
tic models, such as Word2Vec or recurrent neural networks 
(Qiu et al., 2021; Wang et al., 2019; Zhao et al., 2019). Other 
approaches to identify similarities between POIs include 
using a representation of the POI as points in a vector space 
by collecting detailed data (e.g., categorical labels). This 
data is used to compute the pairwise similarity using the 
standard cosine similarity (Preoţiuc-Pietro et al., 2013). Fur-
thermore, Cao and Thomas (2021) use anonymized cookie 
IDs from search logs to discover which destinations were 
searched by the same user. If various users search for two 
destinations on the web, they conclude that those destina-
tions are similar.

Turning to route similarity, multiple approaches analyze 
user-to-user similarities (Stamatelatos et al., 2021), such 
as driver GPS data (Oliveira e Silva et al., 2022) or tourist 
movement patterns using GPS data, to capture similarity pat-
terns between different persons (Chen et al., 2020; Cui et al., 
2018; Zheng et al., 2019). Tsai et al. (2024), in contrast, 
cluster tourists based on the similarity of their visited POI 
sequences. However, these approaches primarily investigate 
individual trajectories and movement behavior, rather than 
assessing the similarity of predefined routes. A related line 
of research shifts the focus to the characteristics of the routes 
themselves. For instance, Calbimonte et  al. (2020) cat-
egorize the difficulty of hiking routes based on descriptive 
attributes, e.g., the name, description, coordinates, and user 
ratings. This classification can be used to compare routes 
with similar difficulty and to identify suitable routes for 
restricted users, e.g., due to disabilities (Calbimonte et al., 
2021). While this approach provides important insights for 
specific user groups, it misses the overarching comparability 
of routes. Vías and Ocaña (2014) follow a different approach 
to determine the suitability of hiking routes: using a geo-
graphic IS, they analyze various features such as the “hike-
ability” (e.g., type of surface, slope), natural interests (e.g., 
vegetation, POIs), and land management (e.g., public spaces, 
protected natural areas). However, while Vías and Ocaña 
(2014) calculate the similarity of hiking routes, they only 
do so compared to an ideal route. Issa et al. (2016) go a step 
further and calculate the similarity between different run-
ning routes based on numerical and categorical features such 
as distance, elevation, off- or on-road segments, location, 
etc., with the Euclidean distance. Although they calculate 
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the overarching similarity of running routes, they only use 
Euclidean distance, and their primary focus is evaluating 
a recommendation system instead of identifying the best 
similarity analysis method for routes. Thus, the accuracy of 
the route-to-route similarity is not evaluated by including 
further methods such as Gower distance or machine learn-
ing approaches.

Furthermore, to facilitate a comprehensive exploration, 
comparing the similarity of routes has been done in practi-
cal analytics without influence in research. Candocia (2020) 
uses GPS data of running routes to compare their similarity. 
Thus, if sections of the routes are the same, the similarity 
is higher. Needham (2018) follows a similar approach to 
calculate the similarity of two runs using coordinates and 
dynamic time warping. However, they do not provide a 
detailed evaluation of the results. In addition, outdoor com-
panies such as Komoot, Outdooractive, AllTrails, or Bergfex 
offer applications including navigation and route planning 
for tours, often recommending similar or alternative hik-
ing routes (Bergfex, 2023; Komoot, 2021; Outdooractive, 
2023). Based on an expert interview, those similarity and 
recommendation algorithms are still relatively simple and 
determine similar routes based on the route’s location, cat-
egory, and popularity. These simple recommendation algo-
rithms are very restricted because they mostly recommend 
routes based on the distance of the selected route with the 
same starting point. However, the mere fact that two routes 
originate from the same point does not guarantee a high 
degree of similarity. Additionally, if the same starting point 
is used, the same infrastructure (e.g., parking) is employed 
for both routes and thus will still be affected by crowding or 
local restrictions.

To give a brief overview of the related work, we organ-
ize the literature into four thematic clusters: POI similarity, 
route assessment, route recommendation, and route simi-
larity. Studies in the first category predominantly focus on 
identifying similarities between individual points of inter-
est (POIs) using text-based descriptions, user behavior, or 
semantic embeddings (e.g., Adams and Raubal (2014); Sta-
matelatos et al. (2021)). These approaches typically com-
pare discrete attractions rather than entire travel paths. The 
second category, route assessment, emphasizes evaluating 
hiking or travel routes based on objective characteristics 
such as terrain, accessibility, signage, or perceived difficulty 
(e.g., Calbimonte et al. (2020); Vías and Ocaña (2014)). This 
strand does not focus on similarity per se but rather on clas-
sifying or improving individual routes. Route recommenda-
tion models, in contrast, leverage historical movement data 
or collaborative filtering to suggest personalized itineraries, 
often based on shared patterns among tourists (e.g., Cui et al. 
(2018); Mou et al. (2022)). While these studies consider user 
preferences, they rarely examine route-to-route similarity 
explicitly. Finally, route similarity research engages most 

directly with the notion of comparing entire travel paths, 
typically using GPS traces or spatiotemporal sequences (e.g., 
Chen et al. (2020); Zheng et al. (2019)). However, these 
studies often analyze user trajectories rather than predefined 
routes, or they rely on limited similarity metrics such as 
Euclidean distance (Issa et al., 2016), without systematically 
comparing methodological alternatives. A more detailed 
overview is depicted in the appendix (Table A.2).

Our study departs from previous work by offering a sys-
tematic evaluation of different methods to quantify the simi-
larity between predefined hiking routes in rural areas. Unlike 
approaches focused on route recommendation or trajectory 
clustering, our emphasis lies not on user personalization, 
but on the inherent comparability of the routes themselves, 
irrespective of who traverses them. In doing so, this paper 
contributes to the IS literature in three distinct ways. First, 
it provides an extensive analysis of route similarity based 
on descriptive route attributes, employing both conven-
tional similarity metrics and advanced machine learning 
techniques. Second, an expert rating for a human similarity 
assessment is conducted, which allows an accurate evalua-
tion of the calculated results. Third, it applies explainable AI 
to identify the most influential features for perceived simi-
larity, thereby offering deeper insights into the structure of 
route comparability. We thus provide a comprehensive meth-
odology for assessing the similarity of routes and create the 
basis for data-driven recommendation algorithms to avoid 
crowding that can be transferred to other use cases besides 
hiking. Accordingly, we make a valuable contribution to the 
IS community by providing tools that enhance understand-
ing of similarity concepts, which serve as algorithmic input 
for future IS and recommendation engines.

Methods and case study

The methodology of this paper is based on the Data Science 
Trajectory (DST) map by Martinez-Plumed et al. (2021). 
The DST map allows a more flexible approach to the cross-
industry standard process for data mining (CRISP-DM) 
method, which includes six goal-oriented phases from busi-
ness understanding to deployment in a fixed order (Wirth & 
Hipp, 2000). Figure 1 depicts the applied methodological 
approach for this paper.

An overview of the underlying business case is provided 
(1), focusing on a nature park located in southern Germany, 
near the border with Austria. The hiking routes from this 
region available on the Outdooractive database are identi-
fied during the data understanding phase (2) and prepared 
for the further process (3). Following, fifty sample routes are 
randomly selected from the prepared dataset for the rang-
ers from the nature park to rate the similarity with a rating 
tool (4). To calculate the similarities of these routes, we use 
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distance-based similarity algorithms (5a) as well as machine 
learning models to improve the results (5b). Both results are 
evaluated on their conformity, correlation, and performance 
in comparison to the expert ratings (6).

Business understanding and case study

Nowadays, many outdoor trips are planned individually by 
using platforms (e.g., Komoot, AllTrails) or AI-powered 
itineraries (e.g., ChatGPT, BookedAI, mindtrip.ai) on the 
internet, which often do not consider local regulations and 
protected areas. Outdooractive is an example of these online 
outdoor platforms. As of June 2023, their database consists 
of over 960,000 routes and about 760,000 POIs (Corporate 
Outdooractive, 2023). It includes routes for hiking, cycling, 
mountain biking, mountain hiking, climbing, snowshoeing, 
cross-country skiing, etc., around the globe. These can be 
accessed on the Outdooractive website or the Android and 
iOS apps. Community members can upload and rate routes 
without having in-depth knowledge of the region, result-
ing in routes that may include restricted or protected areas. 
Unsustainable routes that were an insider tip can easily gain 
popularity on the internet, leading to conflicts between peo-
ple and nature. Although the undesirable routes can be man-
ually deleted, their creation cannot be controlled, resulting 
in an enormous additional effort. To overcome this problem, 
Outdooractive enables representatives of protected areas 
to promote more sustainable routes as verified partners to 
raise awareness. Furthermore, the protected areas can also 
be added to the Outdooractive database to reduce unwanted 
visitor flows into ecologically sensitive zones (Wimmer & 
Rödig, 2019). To prevent the utilization of unofficial paths, 
the rangers of the nature park, who also answered our expert 
survey, started an initiative called “Digital Ranger” to ana-
lyze the most successful measures to guide tourists to sus-
tainable routes (Schwietering et al., 2023). One way to miti-
gate the effects of crowding on unsustainable routes would 
be to recommend similar routes on sustainable routes on 
outdoor platforms such as Outdooractive.

Data understanding

All relevant hiking route data was identified based on the 
geographical location within the nature park and down-
loaded using the Outdooractive API. The complete data 

consists of 73,976 routes and 143 features. The column 
information can be grouped into the following two classes: 
Descriptive data describes the route, e.g., the length, title, 
GPS data, short text description. Metadata is necessary for 
depicting the route on the Outdooractive platform, e.g., the 
route’s creator, publishing date, images, the color in which 
the route is depicted on the map. Many features include a 
large amount of missing data, requiring further data prepa-
ration. Potential reasons include incomplete entries on the 
database by the route creators, category-specific columns 
(e.g., rope length for climbing routes), and data only suitable 
for specific routes (e.g., labels.top is only applicable to the 
most popular routes which earned the label “top”).

Data preparation

The removal of large amounts of missing values is com-
mon, but also widely discussed in research (Liu et al., 2020; 
Penone et al., 2014). The main reasoning against the removal 
is the decrease in statistical power due to a smaller sample 
size. This rationale does not apply to this use case since 
the goal of this process is to create two sample datasets of 
50 routes with excellent data quality. One sample dataset 
includes only a minimum number of features, while the 
extended dataset also includes tags of the routes. The fol-
lowing steps are undertaken for the data selection and clean-
ing process.

Outdooractive has an internal measurement to review 
the quality of the route data called ranking, ranging from 0 
(low data quality) to 100 (high data quality). The ranking 
considers the level of route detail, e.g., whether all infor-
mation is complete, route descriptions are filled out, and 
user interactions like comments and ratings exist. After 
evaluating the potential cut-off point, all routes with a 
ranking lower than 50 are removed. A higher cut-off point 
would have resulted in better data quality, but also a lower 
number of remaining routes. Furthermore, since a high 
amount of missing data can have negative effects on the 
similarity algorithm as well as the machine learning model 
(Zhang et al., 2003), all features with over 40% missing 
values are removed. Low percentages of missing data can 
be imputed, but the accuracy of the imputation methods 
decreases with over 30–60% missing values (Penone et al., 
2014; Xue et al., 2022).

Fig. 1   Overview of the research 
methodology, portraying the six 
phases from business under-
standing to evaluation



Electronic Markets           (2025) 35:72 	 Page 7 of 21     72 

For this research, only one-day routes are considered. 
There is no universal definition of how many hours a one-
day hike takes. For an experienced athlete, a one-day hike 
can last over twelve hours, while inexperienced hikers might 
consider a 6-h hike a one-day one. Anagnostopoulos et al. 
(2017) suggest that while a ten-hour walk is possible for a 
group of young adults, more senior visitors are often only 
able to walk for half the time. Vías et al. (2018) set the maxi-
mum limit for hiking routes at nine hours. Everything over 
that limit is considered “extreme” by them. For this paper, 
a limit of ten hours is set to allow a broader range of hiking 
routes, including more challenging routes for experienced 
athletes. All routes that take more than ten hours (approxi-
mately 3.69% of all routes) are removed from the dataset. 
Other data preparation steps include the removal of non-
numeric features (e.g., route descriptions), subjective ratings 
that were inconsistently rated between different authors (e.g., 
rating of the landscape/experience), and hiking-irrelevant 
data (e.g., rope length). These features were excluded to 
ensure consistency in the dataset. Furthermore, routes which 
are either impossible to be finished, e.g., with the specified 
duration and length, or just unlikely are removed based on an 
outlier analysis. Univariate outliers are identified using Tuk-
ey’s fences (Tukey, 1977). For the multivariate outliers, the 
Mahalanobis distance (Maesschalck et al., 2000), Isolation 
Forest (Liu et al., 2008), and DBSCAN (Ester et al., 1996) 
were tested on non-transformed and log-transformed data 
due to skewness of the dataset. The application of DBSCAN 
on the log-transformed data detects all outliers while retain-
ing a high variance in the data and thus is used for the outlier 
detection. Table 1 provides the descriptive statistics of the 
continuous features remaining in the dataset.

During feature engineering, we create new features 
because raw data is often unsuitable for similarity and 
machine learning algorithms (Heaton, 2016). This includes 
the creation of a roundtrip feature, which is true if the first 
and last location in the GPS data are within a close range, as 
well as the identification of the most relevant tags (e.g., sce-
nic, dining, suitability for families, culture, etc.) in the data-
set. Tags are binary features that represent certain properties 

of the route, for example, the tag dining means that there are 
restaurants or other places to buy food along the route. Due 
to a high percentage of missing values, only 20 of 34 tags 
are used in the dataset. Furthermore, the months in which 
the routes are suitable, originally included as separate fea-
tures in the dataset, exert a strong influence on the similarity 
algorithms. Therefore, they are removed, and the relevant 
temporal information is consolidated into a single feature 
(Lesot et al., 2009). Over 95% of the routes are suitable for 
summer, while less than 50% are suitable for winter. Since 
primarily the winter months differ in suitability, a new fea-
ture winter tour is introduced, which is true if the route is 
suitable in summer and winter.

After cleaning, 50 routes are picked randomly from the 
remaining 441 routes using random sampling to get two 
sample datasets for further evaluation (Singh, 2003). Both 
contain the same routes, but in addition to the base dataset, 
the extended dataset also contains the tag features (e.g., din-
ing, suitable for families). While the selected tag features 
provide useful additional information, certain potentially rel-
evant details, such as quantifiable aspects of tags (e.g., exact 
number or quality ratings of dining places) or additional POI 
data (e.g., waterfalls and caves), were not available within 
our existing dataset and thus could not be included.

Both datasets are standardized before calculating the sim-
ilarities to ensure that all features are on the same scale and, 
therefore, no feature with a larger scale (e.g., length) could 
have a greater impact (Lesot et al., 2009). After evaluating 
multiple methods, we decided to use the Standard Score to 
normalize the values (Kumar & Nancy, 2014). While apply-
ing Standard Score normalization to binary data is less com-
mon, it ensures a consistent scale across all features, pre-
venting unintended dominance of certain variables in the 
similarity calculations.

The data is tested for multicollinearity using the Vari-
ance Inflation Factor (VIF) (Alin, 2010). The length and 
duration have a high VIF (8.487 and 12.491, respectively). 
This is due to the nature of the data being dependent on each 
other. Nevertheless, both features are relevant and cannot 
be easily combined into a single feature. Therefore, both 

Table 1   Descriptive statistics 
of the continuous route features 
in the base dataset (N = 50). 
Values include mean, standard 
deviation, minimum, 25th 
percentile, median, 75th 
percentile, and maximum for 
route length, duration, ascent, 
descent, and altitude measures

Length
(in meters)

Duration
(in meters)

Ascent
(in meters)

Descent
(in meters)

Min 
Altitude
(in meters)

Max 
Altitude
(in meters)

Mean 12,301.8 257.64 609.8 650.18 864.32 1399.82
Std 5508.9 128.94 393.32 399.65 215.12 353.46
Min 2491.9 45 33 31 548 597
25% 7730.8 157.75 357.25 401.75 730 1095
50% 11,255.9 229.5 524.5 622 777.5 1485.5
75% 16,310.3 360 827 868 945 1727
Max 26,417.2 514 1516 1649 1422 1834



	 Electronic Markets           (2025) 35:72    72   Page 8 of 21

features are kept separate with the knowledge of them being 
collinear. This does not necessarily influence the results 
of the models directly but could reduce the significance of 
the feature importance for these two features. In addition 
to the VIF analysis, we further investigated potential mul-
ticollinearity among the binary features using the Phi coef-
ficient (Ekström, 2011). The Phi coefficient, which measures 
the strength of association between two binary variables, 
revealed that the majority of pairs of binary variables show 
no significant correlations. However, the fauna and flora 
features, with a correlation of 0.677, and the exposed and 
ridge features (correlation of 0.66), indicate some degree 
of collinearity. While moderate correlations may reduce the 
feature importance, these features do not compromise the 
model results and remain relevant to the analysis and are 
therefore kept in the dataset.

Expert survey

An expert survey is conducted in collaboration with Out-
dooractive and the nature park on a sample dataset of 50 
routes to produce a labeled dataset of route similarity in 
order to train the machine learning models and evaluate the 
results. This process leverages the deep field knowledge and 
practical experience of nature park rangers, who are tasked 
with rating the similarity of two routes via a specifically 
designed online tool, as depicted in Fig. 2 (left). The tool 
depicts both routes on a map with additional information 
such as the route name, a short description, information 
about the length, duration, altitude, tags, and a link to the 
route on the Outdooractive website for more information. 
We intentionally refrained from providing explicit criteria 
to the experts for evaluating route similarity. This deliberate 
decision was made to avoid nudging and to allow the experts 
to rely on their implicit, experience-based knowledge. By 
not imposing strict guidelines, we aimed to capture their 

natural and subjective perceptions of route similarity derived 
from their extensive regional expertise.

The rating is on a scale from 1 (dissimilar) to 5 (very 
alike), whereby 

(

n

2

)

= 1225 unique route combinations are 
rated. After each rating, the next route pair is randomly 
picked from all the routes with the least number of ratings. 
Thus, it can be assured that the number of ratings for the 
route combinations is equally distributed. For routes that are 
rated more than once, the mean value of all ratings repre-
sents the final rating.

The survey was conducted over five weeks in the summer 
of 2022. Altogether, there are 1551 ratings, meaning the 
rangers rated each route pair at least once, with 326 route 
pairs rated twice. The results are displayed in Fig. 2 (right), 
illustrating that most route pairs are rated as dissimilar (1). 
For the double-rated routes, most of the routes received the 
same value or only differed by one level, supporting the 
robustness of the evaluation.

Similarity and machine learning algorithms

To automate the digitization of expert knowledge on route 
similarity, we follow Shmueli and Koppius (2011) and apply 
two distance-based similarity algorithms and enhance the 
results by integrating predictive analytics using five machine 
learning algorithms. As an initial approach without prior 
assumptions regarding feature importance, we use the two 
unweighted algorithms: Euclidean distance and Gower 
distance (Gower, 1971). Thus, each feature has the same 
influence on the result. To improve the route similarity 
results and match reality more closely, we add weights to 
the features and train them on the expert survey ratings 
using machine learning algorithms. By adding weights to 
the distance function, the effect of certain features increases 

Fig. 2   Left: Screenshot of the interface of the expert survey tool for pairwise route similarity assessment; Right: Distribution of similarity rat-
ings (1 = very dissimilar, 5 = very similar)
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or decreases and better reflects human interpretation of simi-
larity (Lesot et al., 2009; Shirkhorshidi et al., 2015).

The Euclidean distance, as the most commonly used dis-
tance-based algorithm (Lesot et al., 2009), provides baseline 
results. The algorithm is sensitive to outliers (Shirkhorshidi 
et al., 2015), but since outliers are already removed from 
the dataset, they do not influence the algorithm’s results. 
Furthermore, the algorithm is unweighted and treats each 
feature as continuous data. In addition, we evaluate the 
performance of the Gower similarity, proposed by Gower 
(1971), as this similarity measure can handle datasets with 
mixed data types (numerical and categorical) (dos Santos 
& Zárate, 2015; Kuhn & Johnson, 2019). Since the sam-
ple dataset contains both continuous and binary features, 
we expect different results in comparison to the Euclidean 
distance. The predictions of the similarity algorithms are 
scaled to match the rating scale used by the experts by apply-
ing a Linear regression to the data with the expert rating as 
the dependent variable. The data is then multiplied with the 
model coefficient and added to the intercept.

To prepare the data for the training of the machine learn-
ing algorithms, we follow the transformation approach of 
Zerzucha and Walczak (2012) and Ahdid et al. (2016): The 
distance of a feature (e.g., length) across two routes is treated 
as the new feature. Each row in the transformed dataset rep-
resents a route pair combination. We apply the Euclidean 
distance; therefore, this feature describes the difference 
between both routes, since for one-dimensional data 
√

(x
2
− x

1
)
2
= x

2
− x

1
 . This means that instead of indicating, 

for example, the length of a route, the feature is now the dif-
ference of the lengths between two routes. These distance 
features are then employed as inputs for commonly used 
machine learning regression algorithms (Ahdid et al., 2016). 
This transformation process is depicted in Fig. 3. The vari-
ables x and y represent two features (e.g., length, duration), 
and i and j two routes for which the pairwise similarity is 
calculated. All comparisons between the same routes (e.g., 
i, i or j, j) are removed from the dataset since they are exactly 
the same and the distance is always zero.

The dataset is split into training and test data for an accu-
rate evaluation. To avoid overfitting, most research suggests 

that 70–80% should be used for training and the remaining 
30–20% for testing; thus, we use a 70/30 split in this study 
(Gholamy et al., 2018). The hyperparameters of the machine 
learning algorithms are tuned using grid search (Bergstra & 
Bengio, 2012; Liashchynskyi & Liashchynskyi 2019).

To evaluate the performance of simple and more complex 
machine learning algorithms, we selected a range of models. 
Given our dataset’s unique structure, consisting exclusively 
of distance-based features, the algorithm selection must 
account for linearity, interpretability, handling of mixed fea-
ture types, and robustness to dataset size and dimensionality.

Linear regression is an established base method and 
describes the linear relationship between the independent 
and dependent variables (Weisberg, 2005). The method is 
transparent, computationally efficient, and robust for smaller 
datasets with straightforward linear relationships, making 
it suitable as a foundational benchmark. However, linear 
regression is limited because it assumes a linear relation-
ship, which may not adequately capture complex, nonlinear 
patterns in how route similarity is judged by experts.

Support vector machines are one of the most popular 
supervised machine learning algorithms. Although primar-
ily used for classification, they can also be used for regres-
sion tasks, which is then called support vector regression 
(SVR) (Martin, 2002). SVR addresses the limitations of 
linear regression by using kernel functions to map data into 
higher-dimensional feature spaces, enabling it to capture 
more complex, nonlinear relationships. We employ a radial 
basis function kernel for SVR due to its established gener-
alization capabilities (Javed et al., 2009). Both SVR and the 
linear regression need standardized data so that they can 
appropriately weigh binary features in comparison to metric 
features (Shen et al., 2016; Tran et al., 2022).

Decision trees partition the data and fit a simple pre-
diction model for each partition. Therefore, the model is 
highly interpretable, clearly indicating which features are 
most important and how these features interact with each 
other, while also effectively modeling nonlinear relation-
ships (Tso & Yau, 2007; Xu et al., 2005). A higher depth of 
the tree might allow a better fitting of the model, which, on 
the other hand, might result in overfitting (Hawkins, 2004). 
We address this by systematically controlling tree depth.

Fig. 3   Transformation of the 
original dataset into a pairwise 
format for machine learning. 
Feature distances are computed 
for each pair of instances and 
used as input features in a new 
dataset
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Random forest regression is an ensemble method employ-
ing the bagging (bootstrap aggregating) method. This means 
that the model is created using the average results of various 
decision trees to improve the prediction. This approach sig-
nificantly reduces overfitting risks, proving particularly ben-
eficial given our limited dataset size and the discrete nature 
of our binary distance-based features (Biau & Scornet, 2016). 
Random forests often outperform neural networks, especially 
on less complex datasets (Fernández-Delgado et al., 2014).

The XGBoost (extreme gradient boosting) algorithm is 
also an ensemble method constructed from decision trees. 
It is a boosting algorithm, sequentially constructing decision 
trees, each addressing residual errors from preceding mod-
els. This sequential training strategy captures complex non-
linear relationships while ensuring high predictive perfor-
mance (Chen & Guestrin, 2016). This makes this algorithm 
particularly suitable for our dataset’s structure and size.

In addition to the models, we also evaluated the potential of 
neural networks and Gaussian process regression, which have 
shown great usefulness in modeling complicated nonlinear 
patterns across various research fields (Jin & Xu, 2024a; Jin 
et al., 2025). Neural networks are known for their capacity to 
model highly nonlinear relationships through deep layered 
architectures. Their ability to automatically learn feature 
representations makes them particularly powerful in cap-
turing subtle patterns within complex datasets (Jin and Xu 
2024c; LeCun et al., 2015). However, neural networks typi-
cally require large datasets to avoid overfitting and to achieve 
reliable generalization, which poses a challenge in our case 
given the limited sample size (D’souza et al., 2020). Moreo-
ver, their limited interpretability (Benitez et al., 1997; Liang 
et al., 2021) undermines our analytical focus on understanding 
the specific contributions of each distance-based feature to the 
model’s predictions. Gaussian process regression represents 
another advanced approach we considered. As a nonparamet-
ric, probabilistic model, it is well-suited for regression tasks 
involving small datasets and offers informative uncertainty 
estimates for each prediction (Jin & Xu, 2024b; Rasmussen & 
Williams, 2006). However, standard Gaussian processes are 
mainly designed for continuous input variables, which makes 
it challenging to handle our mix of binary and metric features 
without custom kernel design (Kuok et al., 2025). While neu-
ral networks and Gaussian Process Regression offer valuable 
perspectives, the selected methods provide a more appropri-
ate balance of interpretability, performance, and robustness 
for the dataset at hand. We consider the integration of more 
complex models an interesting avenue for future work when 
larger and more diverse datasets become available.

Evaluation

To compare the results of the similarity algorithms and 
machine learning models with the expert ratings, we use 

three primary metrics: Spearman correlation, mean squared 
error (MSE), and the coefficient of determination (R2). Fur-
thermore, the best-performing model is analyzed in detail 
using SHAP (SHapley Additive exPlanations) values.

The Spearman correlation is a statistical metric for meas-
uring association and is especially suitable for ordinal data. 
Spearman’s rank correlation coefficient (ρ) is a measure of 
rank correlation, which measures the monotonic relation-
ship between two variables. This is done by replacing the 
observed values with rank scores (rx, ry) and then calculating 
the Pearson correlation using the rank scores (Raadt et al., 
2021).

The mean squared error is a well-established and widely 
accepted measure for evaluating the results of a regression 
model that penalizes large errors more heavily than smaller 
errors. MSE calculates how close the regression line fits the 
actual point, whereby a value of 0 is the best possible result 
and the worst value approaches + ∞. This measure should 
only be used to compare different machine learning models 
based on the same dataset (Chicco et al., 2021).

R2 is a measure that allows the comparison of models 
across different datasets. Similar to MSE, it also describes 
how well a regression model fits the data. The possible range 
for R2 is from − ∞ to 1, with 1 being the best possible value. 
The closer a value is to 1, the better the regression model 
(Chicco et al., 2021). Chin (1998) categorizes R2 at 0.19 as 
weak, 0.33 as moderate, and 0.67 as substantial.

SHAP is an approach introduced by Lundberg and Lee 
(2017) to interpret the predictions of a model. It assigns 
an importance value for each prediction to the features, 
e.g., how they influence the prediction. This paper uses this 
approach to accurately identify the importance of certain 
features and how they influence the model.

Results

Similarity algorithms

To determine the similarities between the hiking routes, we 
first calculate the Euclidean and Gower similarity for each 
route pair in the base dataset and in the extended dataset on 
unlabeled data. Figure 4 displays the calculated similarity 
compared with the rating from the expert survey. The fig-
ure illustrates a notable distinction between Euclidean and 
Gower similarity. The range of the Euclidean similarity is 
wider than the range of the Gower similarity. For instance, 
the Euclidean similarity in the base dataset has values rang-
ing from 1.29 to 5.31. In contrast, the Gower similarity 
for the same dataset only varies from 0.74 to 3.11. We can 
observe similar results for the extended dataset, with the 
values of the Euclidean similarity ranging from 1.52 to 4.95 
and the Gower similarity ranging from 0.95 to 2.95.
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Examining the correlation between prediction and rat-
ing reveals a positive correlation. This is supported by the 
Spearman rank correlation, presented in Table 2. All com-
binations exhibit a positive Spearman value ranging from 
0.321 for the extended dataset with Euclidean similarity to 
0.498 for the base dataset with Euclidean similarity. When 
comparing the base dataset with the extended dataset, both 

similarity algorithms outperform across all metrics on the 
base dataset. Although the Gower similarity algorithm 
achieves a slightly higher R2 and lower MSE score than 
the Euclidean algorithm, the Spearman rank correlation is 
higher for the Euclidean similarity.

Thus, the distance-based similarity algorithms enable a 
general prediction of similarity. Nevertheless, the algorithms 

Fig. 4   Violin plots showing the prediction distributions of the Euclidean and Gower similarity algorithms across the expert-rated similarity lev-
els (1–5). Results are presented for both the base and extended datasets

Table 2   Performance metrics of the similarity algorithms across the base and extended datasets. Reported are mean squared error (MSE), R2, 
and Spearman’s rank correlation between predicted and expert-rated similarity. Best results per metric are highlighted

Euclidean base Euc. extended Gower base Gower extended

MSE 0.724 0.820 0.719 0.797
R2 0.20 0.095 0.206 0.120
Spearman 0.498 0.321 0.455 0.351
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can only predict tendencies rather than exact ratings, as indi-
cated by the relatively low R2 results.

Machine learning models

We split the dataset into training data (857 route pairs) and 
test data (368 route pairs). To ensure comparability, the same 
route pairs were consistently assigned to either the training 
or test dataset for both the base and extended data. Subse-
quently, we describe only the best-performing models for 
each algorithm.

The evaluations of the different machine learning models, 
illustrated in Table 3, indicate that random forest regres-
sion on the extended dataset achieves the lowest MSE 
(0.53) and highest R2 (0.448) results. The highest Spear-
man value is reached with SVR (0.699). The linear regres-
sion, a more basic algorithm, performs slightly worse than 
SVR, XGBoost, and random forest regression; however, it 
outperforms the decision tree regression. Furthermore, while 
XGBoost performs slightly worse than random forest regres-
sion and SVR on the extended dataset, its model trained on 
the base dataset surpasses the other algorithms trained on 
the base dataset.

Comparing the models’ performance between the base 
and extended dataset, the models trained on the extended 
dataset either perform better than or equal to the models 
trained solely on the base dataset. The mean value of the R2 
results for the base dataset is 0.398 (MSE 0.577), while for 
the extended dataset, it is 0.414 (MSE 0.561). Regarding the 
Spearman correlation, the algorithms trained on the base 
dataset achieve a mean value of 0.652, compared to 0.669 
for the extended dataset.

Additionally, we observe that certain algorithms, such 
as random forest regression and linear regression, utilize 
all 10 features in the base dataset and all 30 features in the 
extended dataset for prediction. In contrast, other algorithms 
only use a fraction of the available features, e.g., the deci-
sion tree regression uses six out of ten and six out of thirty 
features for the base and extended dataset, respectively. 
The optimal performance of the decision tree algorithm is 
achieved with a maximum tree depth of four. Increasing the 
depth of the decision tree does not enhance these results; in 
fact, it may lead to overfitting as the algorithm incorporates 

more features. Conversely, a shallower tree may not capture 
the necessary information.

The utilization of SHAP values allows a closer exami-
nation of the various features. The SHAP summary plot 
provides feature importance via top-down ranking. Fur-
thermore, each dot on the graph represents one distance 
value for a route combination. The horizontal position of 
the dot indicates whether the feature value has a negative 
(left side) or a positive (right side) impact on the model 
output. An accumulation of dots represents many similar 
rows with a similar impact on the model output. The color 
of each dot indicates if the feature value is low or high. Spe-
cifically, blue dots denote a low feature distance; ergo, a 
similar route combination for this feature. Conversely, red 
dots indicate a large feature distance, such as comparing the 
length feature between a short and a long route. Further-
more, the correlation is represented by the combination of 
color and horizontal position. A high value (red color) with 
a negative impact (left side) signifies a negative correlation 
between the feature and the target value, and vice versa. In 
Fig. 5, we present the SHAP summary plot for the random 
forest regression, the best-performing model, trained and 
evaluated on the extended dataset. All features with “tag” in 
their names exclusively belong to the extended dataset, while 
all other features are part of both datasets. We focus on the 
analysis of the twenty most important features.

Similar to the feature importance derived from the mod-
els, SHAP values also identify length as the most important 
feature, followed by the duration, maximum elevation, and 
total ascent. Due to the multicollinearity between length and 
duration, the actual importance of these features might vary. 
The most important additional feature from the extended 
dataset is scenic, followed by the suitability of a route for 
families. Interestingly, despite the 15 least important fea-
tures being tags (five depicted, ten not depicted), models 
trained on the extended dataset outperform those on the base 
dataset.

Examining the distribution of features impact, we observe 
that the length values are mostly evenly distributed, although 
slightly skewed to the right. The time feature exhibits a high 
concentration of values with a negative impact of approxi-
mately −0.3. In contrast, values with a positive impact do 
not display a similar accumulation. The maximum altitude 

Table 3   Performance comparison of the five machine learning models on the base and extended datasets. Metrics include mean squared error 
(MSE), R2, and Spearman’s rank correlation with expert ratings. Best results per metric and dataset are highlighted

Linear regression SVR Decision tree Random forest XGBoost

Dataset Base Ext Base Ext Base Ext Base Ext Base Ext

MSE 0.589 0.582 0.567 0.533 0.623 0.624 0.561 0.530 0.546 0.539
R2 0.385 0.393 0.409 0.444 0.350 0.348 0.415 0.448 0.430 0.437
Spearman 0.655 0.670 0.662 0.699 0.617 0.617 0.657 0.679 0.668 0.678
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contains numerous values with minimal impact and several 
extreme outliers that notably influence the model output. For 
the remaining features, most of their values are distributed 
around the center and, therefore, do not greatly impact the 
model, except for some outliers.

In terms of correlation, we generally expect a negative 
correlation between the features and the target data, given 
that the features represent the distance between two routes. 
This holds true for most features, although with some excep-
tions: the values of the elevation descent feature lack clear 
separation, aligning with the linear regression coefficient 
results where elevation descent has a positive coefficient. 
The feature category name and the tags flora, geology, multi-
stage tour, and insider tip all display a distinct separation 
between low and high values. However, contrary to our 
expectation, the predicted similarity increases with the ris-
ing distance between the routes for these features. The tag 
ridge follows a similar pattern, though the distinction is not 
as straightforward as in the features mentioned above, as 
some high values have a low negative impact.

Concluding, the analysis of SHAP values allows for an 
interpretation of how various features influence prediction 
performance. However, it is important to note that SHAP 
values describe the model’s interpretation of features and 

may not capture general relations, given that the random 
forest regression model does not achieve perfect results. This 
becomes evident as some features influence the model in the 
expected way, while others do the opposite.

Comparison between distance‑based similarity 
and machine learning algorithms

For the comparison, Table 4 displays the results of the best-
performing models – those with the lowest MSE, highest 
R2, and highest Spearman—separated for the base and the 
extended dataset.

The machine learning algorithms demonstrate superior 
performance compared to the similarity algorithms, particu-
larly when trained on the extended dataset. There is a 4.2% 
increase in the R2 score from the base to the extended data-
set. Among the machine learning algorithms, random forest 
regression performs the best, with SVR achieving lower R2 
and MSE scores but better results for the Spearman correla-
tion. Despite the differences in performance among machine 
learning algorithms, the results are closely clustered. For 
the base dataset, linear regression achieves an R2 score of 
0.385, and XGBoost 0.43, reflecting an 11.7% increase. 
Conversely, for the distance-based similarity algorithms, 

Fig. 5   SHAP summary plot for the random forest regression model, showing the impact of each feature on the model output. Each point repre-
sents a SHAP value for an individual prediction, with color indicating the feature value (red = high; blue = low)
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the base dataset outperforms the extended dataset, with a 
72% higher R2 score for the smaller dataset. Nevertheless, 
even with this improvement, the similarity algorithm results 
are less than half as effective as the machine learning results 
when comparing the R2 score.

Discussion

Regarding the research questions, our analysis demonstrates 
the feasibility of calculating the similarity of hiking routes 
using both similarity algorithms and machine learning mod-
els. Evaluating and discussing the models’ performance 
involves considering expert ratings, route dataset, and the 
models themselves, including their features.

The experts likely incorporate descriptive features such 
as length, duration, and altitude in their rating process, as 
revealed by the correlation with basic distance-based simi-
larity algorithms. However, there are discrepancies between 
the algorithm’s results and those of the experts (Fig. 4), 
likely due to the subjective nature of the ratings. The experts 
were asked to rate the routes based on their personal experi-
ences, which may have influenced their evaluations. There-
fore, even with local experts conducting the ratings, factors 
such as duration or points of interest along the route may 
vary individually. Additionally, a majority of routes receive 
dissimilar ratings, with only a small percentage being rated 
as very alike (Fig. 2). Obtaining more data on similar routes 
could likely enhance the overall performance of machine 
learning models. Notably, in this research, predictions for 
higher-rated similarities tend to be underestimated.

Besides the expert ratings, the raw tour data represents 
the second important data source. To ensure data quality, 
this research implements a rigorous data cleaning process. 
However, it is essential to note that the routes are primarily 
uploaded by individuals to the Outdooractive platform and 
are not formally reviewed by the platform. Consequently, 
the accuracy of the provided route information cannot be 
entirely guaranteed. To address this concern, we mitigate 
the issue by selecting a subset of 50 different routes, which 
are then carefully evaluated for plausibility. When extending 

our approach to other regions and contexts, we would recom-
mend utilizing a valid and reviewed source of data to reduce 
the effort required for data cleaning.

Turning to the features, we identified the most impor-
tant features and their impact on predictions. However, the 
SHAP value analysis (Fig. 5) only refers to features present 
in the model, leaving room for potential unaccounted fea-
tures. To assess the potential impact of additional features, 
we compared model and algorithm performance with both 
base and extended dataset. On the one hand, the results of 
the distance-based similarity algorithms on unweighted fea-
tures indicate that more features do not necessarily improve 
results (Table 2). The lack of weights leads to a decreased 
influence of crucial features in relation to all features. 
Although the extended dataset offers more information, this 
information is not successfully used to convey knowledge. 
On the other hand, machine learning algorithms, capable of 
assigning weights or determining feature influence, effec-
tively use additional information from the extended data-
set without diminishing the importance of crucial features 
(Table 3). Overall, machine learning models outperform 
distance-based similarity algorithms, with the random for-
est regression and SVR achieving the best results. Despite 
slight differences, even basic models like linear regression 
produce satisfactory results (R2 scores ranging from 0.348 
for the base to 0.448 for the extended dataset). Given the 
similarity in outcomes, deploying a fast and computationally 
efficient model like the linear regression, including all avail-
able features, may be practical in real-world applications at 
a slight expense of accuracy.

This study extends beyond mere application towards a 
theoretical contribution, offering significant value to the 
smart tourism community. By analyzing and comparing 
various algorithms for distance-based similarity alongside 
machine learning approaches, we not only aim to pave the 
way for more sustainable practices in recreational tour-
ism but also enrich the toolkit available to researchers 
and practitioners for recommendation systems in diverse 
domains. Considering the first research question, we eval-
uated how accurately the multiple approaches calculate 
the similarity and which model performance surpasses 
the others. In relation to the second research question, we 
offer insights into the role of dataset size and conduct a 
comprehensive analysis of feature relevance using SHAP 
values. Additionally, our approach, which is evaluated on 
a real-life data basis by using not publicly available com-
pany data, can enhance existing work analyzing routes: 
for example, while Calbimonte et al. (2020) focuses on 
the suitability of a route for a hiker, a combined approach 
with our work allows the personalized recommenda-
tion of suitable alternative routes which are less over-
crowded. Moreover, most papers analyze the similarities 
in POI (Adams & Raubal, 2014; Cao & Thomas, 2021; 

Table 4   Comparison of the best-performing distance-based similar-
ity algorithm and machine learning model on the base and extended 
datasets. Metrics include mean squared error (MSE), R2, and Spear-
man’s rank correlation with expert similarity ratings

Similarity algorithm Machine learning

Base Extended Base Extended

MSE 0.719 0.797 0.546 0.53
R2 0.206 0.12 0.43 0.448
Spearman 0.498 0.351 0.668 0.699
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Preoţiuc-Pietro et al., 2013; Qiu et al., 2021; Zhao et al., 
2019), whereas our approach allows better recommenda-
tions for cases where the journey itself is the destination.

Contributing to practice, these insights enable the 
implementation of a recommendation system fit for the 
interest of users and to prevent crowding. Contrary to 
many other recommendation systems, this approach can 
suggest routes outside of a crowded region based on 
inherent route similarity, supporting a more even distri-
bution of visitors. Building upon existing initial efforts, 
nature parks can directly cooperate with outdoor plat-
forms to redirect visitor flows. As our approach is devel-
oped and tested using real-world company data, it dem-
onstrates not only theoretical relevance but also practical 
applicability in a specific case. Moreover, combining 
route similarity with individual user preferences could 
further enhance the relevance and value of recommended 
alternatives for tourists.

While our case study focuses on one region, the meth-
odology can be easily extended to other regions with 
similar characteristics, i.e., for activities such as hiking 
in mountainous terrains. In general, the findings of this 
work focus on tourist regions in the westernized world 
and on the characteristics of middle European landscapes 
but can be adapted to other countries as well. Given that 
the features and their importance remain the same for 
hiking activities, the trained machine learning model can 
directly be applied to new route data. For regions with 
distinct characteristics, such as flatter terrain, adjust-
ments to the models and a new training dataset may be 
necessary, emphasizing factors like length or duration 
over elevation. Additionally, the same concept can be 
applied to other outdoor recreational activities on foot, 
such as jogging and Nordic walking. Furthermore, the 
same approach could be applied to other sports following 
a route, such as biking, cross-country skiing, canoeing, 
or climbing. To conclude, our approach not only provides 
the necessary information to propose recommendations 
aimed at protecting the environment, increasing the 
acceptance of tourism, and promoting sustainable tourism 
but also offers a theoretical contribution to the IS com-
munity by enhancing the understanding and application 
of complex similarity concepts in diverse settings.

Conclusion, limitations, and future research

In this paper, we present a novel method for determining 
route similarity based on descriptive features and ana-
lyzed the performance of various similarity algorithms and 
machine learning models. Our primary goal is to establish 
a foundation for developing a recommendation system to 
facilitate visitor management and prevent crowding. Such 

a recommendation system requires route suggestions based 
on similar descriptive features, rather than relying solely 
on geographical proximity. To validate our approach, we 
conducted a case study involving the analysis and prepara-
tion of hiking route data from the Outdooractive database. 
We curated a sample dataset comprising fifty hiking routes 
within a nature park, whose similarities of route combina-
tions have been evaluated by experts. This rating served 
as a benchmark to assess the performance of the distance-
based similarity algorithms and to train and evaluate the 
machine learning models. Furthermore, for the best-per-
forming machine learning model, we identified the most 
important features and how they influence the similarity 
prediction with a SHAP-value analysis.

The results of this research reveal that the calculated 
similarities of the distance-based algorithms exhibit a 
moderate correlation with the expert ratings. Interestingly, 
an increase in the number of features does not necessarily 
lead to improved results. The unweighted nature of the 
algorithms implies equal importance for all features, caus-
ing more influential features to diminish in significance 
with the addition of others. When utilizing labeled data, 
the training of machine learning algorithms proves to be 
advantageous over basic algorithms. Unlike distance-based 
similarity algorithms, incorporating additional features 
enhances the model’s informational depth by allowing it to 
assign weights to the feature importance. Among the mod-
els assessed, the random forest regression demonstrates 
superior performance, closely followed by the support 
vector regression, XGBoost, and linear regression. Fur-
thermore, the length of the route is identified as the most 
crucial feature for the similarity of hiking routes.

This paper introduces a methodologically innovative 
approach to assessing route similarity that advances the 
IS discipline by leveraging descriptive features over geo-
graphical proximity, offering a new perspective on data 
analysis and application. The insights gained from com-
paring machine learning models with traditional algo-
rithms enhance our understanding of decision-making pro-
cesses in IS, highlighting the benefits of machine learning 
models trained on labeled data.

However, this paper is also subject to some limitations 
that should be addressed in future research. While route 
similarity was rated by experts, there may still be individual 
influencing factors that vary across different groups. Future 
studies could therefore investigate how similarity ratings 
differ depending on user background, preferences, or demo-
graphic characteristics, allowing for a more nuanced under-
standing of perceived similarity. Another limitation lies 
in the granularity of our dataset, particularly with regard 
to tag features and POI-related information. For instance, 
while the binary tag for dining indicates the presence of 
food outlets, it does not reflect quantifiable aspects such as 
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the number or quality of these facilities. Moreover, while 
detailed POI data is not available, this omission may be of 
limited consequence given that all routes are located within 
the same nature park and share similar, appealing natural 
features. Nevertheless, incorporating more detailed data, 
such as the number of dining options, the mean or median 
altitude, the maximum incline, additional POI data, and 
other amenities along the trail, could enhance similarity 
predictions, as these aspects may be more relevant to some 
visitors than purely quantitative metrics like route length or 
duration. These features may be especially relevant for visi-
tors with specific needs or preferences, and thus contrib-
ute to more personalized recommendations. Furthermore, 
while we implemented various data quality checks, the data 
is created by individuals and might contain incomplete or 
inconsistently tagged information. Another limitation is the 
focus of the study on a single region and a specific type of 
outdoor activity. Exploring the applicability of the pro-
posed methodology in diverse regions, different route types 
(e.g., urban walks, bike trails), or various sports activities 
could provide valuable insights.

Looking ahead, future research should explore how 
expanding the dataset can further improve the robustness 
of similarity predictions. Incorporating user preferences, 
including those of specific demographic segments, will 
be essential for enhancing the relevance and acceptance of 
recommendations. In addition, investigating the role of AI-
based travel assistants may offer new avenues for dynamic 
and context-aware route suggestions. Moreover, considering 
the spatial distance between users’ residences and suggested 
routes would increase the applicability of recommendations 
in real-world planning. Finally, the deployment and evalua-
tion of additional machine learning models may yield per-
formance gains and support further methodological advance-
ment. Beyond improving the models for route similarity, the 
findings of this work should be used to develop a recom-
mendation system for outdoor websites to enable sustainable 
growth in tourism in the long term.
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