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Investigating the influence of external and individual 
factors on perceived route difficulty
Arvid Krantz-Horned, Zoe Falomir, and Kai-Florian Richter

Department of Computing Science, Umeå University, Umeå, Sweden

ABSTRACT
Montello’s research on navigation sheds light on the spatial 
cognition it involves. Earlier research examines how different 
factors influence route difficulty, analyzing how efficiently navi
gators navigate a route and how they experience it. However, 
navigation also encompasses wayfinding activities before loco
motion, e.g., when looking at a route suggestion displayed on a 
map. We explore route difficulty from this perspective by show
ing route suggestions to participants and asking them to rate 
how difficult they appear to be, examining the impact of factors 
associated with the difficulty of navigating a route. Results 
indicate that the number of turns influences the perceived 
difficulty of a route, while other factors seem not to.

KEYWORDS 
Route complexity; route 
perception; user study; 
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linear mixed models

1. Introduction

Sitting on a train, or in the kitchen, navigators can look up route suggestions to 
inform themselves about how to navigate somewhere later. Today, this is 
commonly done in interaction with a navigation support system that visua
lizes the route as a line on a map, providing a birds-eye view of how the route 
travels through the environment. At this point, the route is only a suggestion 
for how one could navigate somewhere. It is left to the navigator to interpret 
and decide what to do with this information. Consequently, their impression 
of how easy or difficult it is to navigate the suggested route is likely to influence 
how they navigate. For example, getting the impression that the route is 
difficult, they may decide on a different mode of transportation, or that turn- 
by-turn instructions are necessary to avoid getting lost.

A few earlier studies have investigated how the impression of a route, which 
we term perceived route difficulty in the following, may be impacted. They have 
found that the number of turns (Horned et al., 2024) and route length 
(Schwartz-Chassidim, Meyer, & Parmet, 2014; Schwartz-Chassidim et al.,  
2014) influence perceived difficulty of a route. But these studies do not 
account for many of the factors that we argue could influence how difficult 
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a route appears to be. In this paper we provide a more in-depth analysis of this 
phenomenon.

Montello’s theoretical framework of navigation (Montello, 2005) distin
guishes between wayfinding and locomotion as components of navigation. 
Coming back to the beginning, sitting on the train, the navigator is passively 
locomoting but not wayfinding on their way to the train station. However, 
they may still be engaged in wayfinding by planning the route to come once 
they reach the station. That is, by looking at a route suggestion on a map, the 
navigator is engaged in wayfinding with respect to the task of navigating 
somewhere later, including reading the map, and making decisions and 
plans about how to eventually navigate. This kind of wayfinding is the focus 
of the present work. Then, once they step off the train and head toward their 
destination, the navigator would be engaged in both: wayfinding as they orient 
themselves in the environment in relation to the route to their destination, and 
locomotion as they coordinate their movement in interaction with their visible 
surroundings. Such actual navigation combining wayfinding and locomotion 
is the focus of most previous research.

Earlier research seeking to better understand how people navigate and how to 
provide better route suggestions has identified several factors that can make 
navigation more or less difficult. Analyzing a route as a series of decision points 
(usually intersections), the quantity of decision points, options to choose from, 
and kind of turns are associated with a higher route difficulty (Bock & Huang,  
2025; Giannopoulos et al., 2014). Looking at the route, changes in direction and 
how segments of the route are oriented in relation to each other and the environ
ment can impact how easy it is to orient oneself (Montello, 1991; Sadalla & 
Montello, 1989). Additionally, how difficult it is will vary between individuals, 
depending on their spatial abilities, such as sense of direction (Hegarty et al.,  
2002), and attitude toward wayfinding (Thoresen et al., 2016).

However, there is hardly any research on how different factors influ
ence the impression of route difficulty a navigator gets when looking at 
a route suggestion. Earlier research on route difficulty tends to take the 
perspective of a navigator en-route to their destination, not that of a map 
reader who has yet to begin navigating the route. At this stage of 
navigation, one is more likely to adopt a graph-based, rather than direc
tion-based, strategy in wayfinding (Hölscher et al., 2011), understanding 
the environment as a network of interconnected streets and places with 
the route being a specific sequence of nodes (intersections) and edges 
(street segments). We may also mentally transform the visual representa
tion of the route into a set of verbal turn-by-turn instructions (Meilinger 
& Knauff, 2008), resulting in a propositional representation of the route. 
Perceived route difficulty may be impacted by different spatial abilities 
and different degrees of wayfinding as one reads, or glances, at the map 
to get an impression of how difficult it is. Simply glancing at the route 
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suggestion, it may be better understood at the level of visual perception, 
as a path plotted on top of a map. From such a perceptual perspective, 
Brunyé et al. (2015) find that estimated route length is influenced by its 
angularity, even when the background map is removed. More generally, 
“reading” the route from a map, space is manipulated both at large and 
small scales (Montello, 1993), requiring both small-scale and large-scale 
spatial abilities (Hegarty et al., 2006). While the map itself is a smaller 
pictorial space that the navigator manipulates with their hands, it depicts 
a larger geographical space. As such, the spatial complexity of the repre
sented environment in its entirety, for example its legibility or layout 
complexity (Gärling et al., 1986; O’neill, 1991; Weisman, 1981), may 
influence the perceived route difficulty. Meanwhile, looking at a route 
on a map of an unfamiliar environment, you only have available your 
interpretation of what the environment will be like. You have to imagine 
the vista space of locations along the route and the visual cues it might 
contain. The former depends on your map reading skills and the latter on 
your spatial visualization skills (Uttal et al., 2013). Being familiar with the 
environment, you can instead remember and make use of landmarks in 
the environment to enhance your understanding of the route (Lovelace 
et al., 1999; Richter & Winter, 2014). Reading a route suggestion on 
a map is also similar to how route knowledge may be inferred from 
survey knowledge (Zhang et al., 2014), which may become more difficult 
the more complex the environment is (Richardson et al., 1999). On the 
other hand, in our case it is made much easier by a navigation support 
system that offloads the work required to produce a spatial representation 
of the environment and plan a route, as is further illustrated by Florean 
et al. (2025) and Pazzaglia et al. (2018).

The purpose of this paper is to examine how properties related to the route, 
the structure of the environment visible on the map, and individual differences 
and abilities may influence the impression of route difficulty participants get 
when looking at a route suggestion. To achieve this, we conducted an online 
experiment where participants were asked to rate the difficulty of 18 routes 
that vary evenly in terms of factors associated with route and environment 
complexity. We distinguish between factors related to the route and the map as 
external factors, and factors that vary between participants as individual 
factors. This paper attempts to answer the following three research questions:

(1) How do external factors associated with route difficulty in navigation 
influence the perceived difficulty of a route displayed on a map?

(2) How do individual factors influence perceived route difficulty?
(3) How does the influence of different factors vary depending on the 

complexity of the environment?
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The rest of the paper is organized as follows. In Section 2 we discuss related 
research on what external and individual factors have been found to influence 
route difficulty. Then in Section 3 we specify what factors we chose to focus on 
in this experiment, and the hypothesized effect of these factors on perceived 
route difficulty. In Section 4 we describe the material and procedure used in an 
online experiment asking participants to rate the perceived difficulty of dif
ferent routes. We then present the results of this experiment in Section 5, 
describing how the research questions and the hypothesized effect are tested 
using a linear mixed model approach, including an exploration of how other 
external factors are related to route difficulty, and a comparison of models 
incorporating different external factors. Finally, in Section 6 we discuss the 
results in light of how perceived route complexity may be influenced differ
ently by the tested factors compared to actual route difficulty, and how this 
may be considered in future research on perceived or actual route complexity.

2. Background: external and individual factors

This section presents earlier research relevant to identifying what factors may 
influence perceived route difficulty. We first address research on sources of 
difficulty related to routes, environments, and their depiction on a map, 
categorized as external factors that depend on the route suggestion. Then, 
we discuss research on individual factors, including abilities, experiences, and 
strategies related to difficulties in navigation and map-reading.

2.1. External factors

When considering how the route and the environment influence the perceived 
complexity of navigating somewhere, it is useful to distinguish between the 
perceived structural and functional aspects of the route in the environment. 
Structural aspects refer to the features of the environment and their spatial 
relationships, and functional aspects refer to the perceived actions that navi
gating there would involve and the functionally relevant parts of the environ
ment in supporting these actions (Klippel et al., 2005). The perceived 
complexity of structural aspects is not necessarily conceptualized in the same 
manner or directly coupled to the perceived complexity of functional aspects 
(cf. Klippel et al., 2013). In other words, the functional aspects of a route 
suggestion could be perceived as complex while the structural aspects of the 
environment are perceived as simple, or vice versa. For example, the layout of 
the environment may be easy to remember and have many visually accessible 
landmarks, but this does not mean that the landmarks are functionally rele
vant to a particular route or that the route itself is easily remembered.

Research on environmental complexity has identified several different factors 
that influence the ease with which we learn and navigate different environments. In 
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researching the environmental complexity of buildings, Gärling et al. (1986) 
developed a conceptual framework of environmental complexity that includes 
the following: the degree of architectural differentiation, i.e., the visual similarity of 
different parts of the environment; Visual access, i.e., the extent to which you can 
see other parts of the environment within it; the complexity of the layout, i.e., the 
size and number of possible routes in an environment. Layout complexity is 
measured as the density of interconnections between decision points (ICD) by 
O’neill (1991) who found that buildings with a higher ICD are correlated with less 
accurate cognitive maps and poorer navigation performance. In a similar study, Li 
and Klippel (2016) used space syntax to model a library’s visibility, layout complex
ity (ICD), and connectivity, noting higher pointing task errors when participants 
were in regions with high layout complexity and low visibility and connectivity.

Environmental complexity has also been researched as a factor influencing the 
ease with which we navigate different routes in an environment, including the 
branching factor at the intersections that a route visits, and the availability of 
landmarks, signage, and other features that can allow for simpler instructions and 
wayfinding (Giannopoulos et al., 2014). Properties linked to the complexity of 
routes and environments are also related to their perceived complexity. Weisman 
(1981) found that disorientation is less frequent in buildings where the layout is 
perceived as simpler. Routes that change direction more frequently are also 
perceived as more complex (Schwartz-Chassidim, Meyer, & Parmet, 2014) and 
require more complex instructions (Klippel et al., 2013).

Another distinction given by MacEachren (1982) is between the visual and 
intellectual complexity of the map representing the environment. The visual 
complexity of the map is influenced by factors, such as feature congestion 
(Rosenholtz et al., 2007), and can impact how difficult it is to recognize and 
discriminate between features on the map. Intellectual complexity is influ
enced by the complexity of what and how an environment is represented on 
the map and can influence how difficult it is to make sense of what is seen. As 
an example, the number and proximity of different street labels and colors at 
an intersection can make features of the environment at this intersection 
difficult to see, increasing the visual complexity. While the number and classes 
of streets that intersect and how they are symbolized may influence how 
difficult it is to interpret what kind of intersection it is and what it looks like 
in reality, increasing intellectual complexity.

In a comparison of graph-, vector- and raster-based entropy measures 
applied to maps, Fairbairn (2006) found that they are highly correlated and 
each of them could serve as a measure of map complexity depending on the 
context. Looking at different studies investigating the influence of different 
aspects of map complexity seems to support this finding. A study investigating 
the perceived clutter of road maps finds that it is largely determined by the 
number of roads, intersections, and total length of visible streets (Schwartz- 
Chassidim, Meyer, & Parmet, 2014). In human-subject studies of visual map 
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complexity, label density and feature congestion have been found to best 
match what participants perceive as map complexity (Liao et al., 2019; 
Schnur et al., 2018). However, studies investigating the influence of visual 
complexity on task performance have found that it is largely dependent on the 
nature of the task and the objects relevant to it (Cybulski, 2020, 2021).

Boeing (2019) developed a measure for the entropy of street orientations in 
a street network and evaluated it as an indicator of the complexity of the street 
network. It captures visual patterns in the street layout and the complexity of 
intersections in how they deviate from the prototypical intersection with 
90‑degree turns, matching how Mohsenin and Sevtsuk (2013) conceptualize 
the complexity of street networks.

2.2. Individual factors

The perceived difficulty of a route is subjective. The same route could be 
perceived differently depending on who is perceiving it and in what context. 
This is what earlier research has found to be the case for route difficulty. 
Beginning with contextual factors, navigation may be time-sensitive. For 
example, if the route involves taking a bus or arriving in time for work, stress 
may exacerbate the influence of environmental route complexity if the navi
gator is not already familiar with the environment (Timpf & Heye, 2002). In 
addition, the difficulty of a route will depend on the mode of transportation. In 
a car, large highways can increase and decrease the difficulty of a route 
depending on traffic, while being a physical barrier and a source of nuisance 
noise for pedestrians (Teimouri & Richter, 2020).

Differences in perceptual processing and cognitive abilities will also influ
ence how difficult a route is. To begin with, navigation is more difficult for 
those with a lower navigation ability and those who are less confident in their 
ability to navigate (Wolbers & Hegarty, 2010). A lower mental rotation ability 
has been found to be associated with a greater perceived workload while 
navigating routes (Tahir & Krogstie, 2023). Individuals with a greater visua
lization working memory may find it easier to learn and memorize landmarks 
and spatial relations important to navigate a route (Nori et al., 2009). These 
abilities have also been found to interact with other individual traits, such as 
sense of direction and anxiety. For example, in a study by Thoresen et al. 
(2016), they found that the relationship between trait-anxiety and map-based 
route learning is mediated by mental rotation ability, with participants with 
higher trait-anxiety performing worse if they also score lower on mental 
rotation ability. A similar interaction has also been found between environ
mental complexity and spatial anxiety, with the effect of anxiety on navigation 
being mediated by the complexity of the environment (Nori et al., 2023).

The perceived difficulty of a route may also be influenced by individual 
differences in how people use maps in their daily life and the cognitive abilities 
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related to map reading. Routes and environments that are more complex may 
place a higher demand on the reader’s ability to interpret the route and, as 
a consequence, influence how difficult it is perceived to be. Furthermore, 
Hegarty et al. (2006) suggest that map reading and navigation may involve 
different cognitive abilities since they involve spatial information processing 
on two different scales (cf. Montello, 1993). In a series of experiments, where 
they tried to dissociate the influence of different abilities at different scales, 
these authors found that learning from a map was more strongly predicted by 
what they term small-scale abilities, such as mental rotation, in comparison to 
large-scale abilities, such as navigating environments. The strategies used to 
read maps also vary between individuals and may influence how they interpret 
it (Lobben, 2004, 2007). In an experiment where participants had to match 
maps that depicted the same environment from different perspectives, a lower 
mental rotation ability and greater environmental complexity were associated 
with the use of an analytical strategy instead of an orientation-based strategy 
(Aretz & Wickens, 1992).

Lastly, the use of and reliance on navigation support systems to aid in 
navigation can influence the perceived difficulty of a route. Individuals who 
use navigation support systems more often are likely to experience anxiety 
about navigation overall and are less likely to explore environments without 
using such support (He & Hegarty, 2020). Furthermore, how people navigate 
with technological support differs from how people navigate without it, and 
what they identify as difficult to navigate depends on whether they consider 
navigation with or without support. Navigating with technological support 
places new demands on the skills of the navigator, in being able to follow 
instructions given by these systems and in adapting to how they navigate and 
to work together with them (Brown & Laurier, 2012). When navigating with 
these systems, the attention is split between the environment and the system 
updating the user with information about where they are. This affects what 
users learn from the environment, further impacted by the system doing the 
work of localizing users in the environment instead of users needing to invest 
cognitive resources for that (Brügger et al., 2019).

3. The present study and hypotheses

As described in the previous section, there are many external and individual 
factors that could potentially influence route difficulty. Below, we describe the 
factors incorporated into the design of the present study, explaining the rationale 
for their selection and their hypothesized effect on perceived route difficulty. To 
examine how external factors that are related to the actual difficulty of navigating 
a route affect its perceived difficulty, we test the hypothesis that routes with 
a higher complexity are perceived as more difficult. Route complexity here refers 
to the complexity of decision points along a route. In the present study, a route’s 
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decision points are the intersections that it visits, and the complexity of 
a decision point is determined by the number of branches and the type of action 
required by the route at each intersection. This matches how Giannopoulos et al. 
(2014) define the environmental complexity of decision points, which they 
found increases the time spent at decision points and how often people switch 
their gaze between the map and the environment. It is also identified as the 
strongest determinant of route difficulty in artificial environments in an experi
ment by Bock and Huang (2025), and is related to the ICD and connectivity as 
factors influencing the overall complexity of the environment (Li & Klippel,  
2016; O’neill, 1991). However, as the previously cited studies also note, it does 
not capture the potential impact of visibility, landmarks, and signage that also 
influence the environmental complexity of a decision point.

The individual factors included in this study are sense of direction, naviga
tion anxiety, use of navigation support services, and mental rotation ability. 
Individuals who assess their own sense of direction as higher are hypothesized 
to perceive routes as less difficult, as earlier research has found that a higher 
sense of direction predicts better spatial abilities and perceiving navigational 
tasks as less difficult (Hegarty et al., 2006).

It is further hypothesized that higher self-reported navigation anxiety increases 
the perceived difficulty of routes. This is supported by research showing that 
individuals with greater navigation anxiety tend to experience navigation as more 
difficult, particularly under conditions of increased navigational demands (Hund 
& Minarik, 2006). Furthermore, individuals with a lower sense of direction and 
higher navigation anxiety have been found to use navigation support more often. 
Dependence on these systems is associated with worse navigational abilities (He & 
Hegarty, 2020). This leads us to hypothesize that individuals who use navigation 
support more often also perceive routes as more difficult.

As discussed earlier, the perceived difficulty of a route may be influenced by 
cognitive abilities involved in both map reading and active navigation. One 
such cognitive ability may be mental rotation, which has been found to 
influence how people learn routes from maps in preparation for navigating 
them (Kozhevnikov et al., 2006; Thoresen et al., 2016). Mental rotation may 
also play a role in inferring the configuration of an environment from experi
ence navigating in it (Hegarty et al., 2006). Therefore, we hypothesize that 
individuals who perform better on a mental rotation test perceive routes as less 
difficult, as they find it easier to understand the route.

Lastly, to see how the complexity of the environment influences the perceived 
difficulty of routes, we include routes with varying route complexity across 
environments that differ in how grid-like they are. This allows us to test the 
hypothesis that routes in more grid-like environments are perceived as less 
difficult, independently of how complex the route is. In comparison to other 
measures of environmental complexity, such as ICD, how grid-like the environ
ment is indicative of whether the environment is configured to follow a pattern in 
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terms of how streets are oriented in relation to each other. Such patterns may make 
the structure of the environment easier to remember, as suggested by Mohsenin 
and Sevtsuk (2013), and be perceived as less complex (cf. also Montello, 1991). Still, 
routes in such an environment are not necessarily less complex than in non‑grid- 
like environments (Krantz-Horned et al., 2026). Thus, the inclusion of this last 
hypothesis with the accompanying experimental setting.

To summarize, this study aims to test the hypotheses listed below, also 
shown in Table 1, with references to the instruments used as a measure of each 
factor and their hypothesized effect on perceived difficulty ratings.

[H1] Routes with a higher route complexity are perceived as more difficult to 
navigate.

[H2] Routes in environments with a higher grid-likeness are perceived as less 
difficult to navigate.

[H3] Individuals with a higher self-reported sense of direction perceive routes 
as less difficult to navigate.

[H4] Individuals with a higher self-reported navigation anxiety perceive routes 
as more difficult to navigate.

[H5] Individuals with a higher score in a test of mental rotation ability 
perceive routes as less difficult to navigate.

[H6] Individuals with a higher self-reported use of navigation support systems 
perceive routes as more difficult to navigate.

4. Materials and methods

Below, we describe the procedure and materials used in this study. Section 1 
presents how participants were recruited and their overall demographic 

Table 1. Factors investigated in the present paper and their hypothesized relationship with 
perceived route difficulty. “Positive” and “negative” indicate whether we hypothesize that difficulty 
ratings increase or decrease as an effect of a factor increasing.

Factor Category Hypothesized Effect Instrument

Route Complexity External (Route) Positive Duckham and Kulik (2003)
Grid-likeness External (Environment) Negative Boeing (2019)
Sense of Direction Individual Negative Hegarty et al. (2002)
Navigation Anxiety Individual Positive He and Hegarty (2020)
Mental Rotation Individual Negative Peters et al. (1995)
Navigation Support Use Individual Positive Topete et al. (2024)
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information. Section 2 describes the routes that the participants were asked to 
judge in the experiment, including how the routes were selected and visua
lized. The subsequent sections describe the series of tasks that participants 
were asked to complete, in order of appearance: (1) Judging the perceived 
difficulty of navigating a route; (2) Comparing the difficulty of routes; (3) 
Mental Rotation test; (4–6) Questionnaires for self-assessments of sense of 
direction, navigation anxiety, and use of navigation support systems.

4.1. Participants

Participants were recruited for the study using the Prolific online recruitment 
platform.1 They received a compensation of 7 GBP for completing the online 
experiment, which was the average amount paid to participants on Prolific at 
the time, estimating that the experiment would take roughly an hour to 
complete. Before the experiment started, information about the purpose and 
general procedure of the experiment was given to the participants. The 
participants were then asked to give explicit consent to participate and use 
of their data after being informed about their rights to withdraw their consent 
and data at any time. The experiment was set up such that 40 slots were 
allocated to participants identifying as female, and 40 slots were allocated to 
those identifying as male. In addition, participants were required to use either 
a laptop or desktop computer to participate in the experiment and were 
screened based on three criteria: fluency in English; owning a smartphone; 
and no learning disabilities.

Of all the participants completing the experiment, 42 out of 80 participants 
have South African nationality, with the second most common nationality 
being Portuguese with seven participants. The median age of the participants 
is 28 (SD ¼ 4), with the youngest participant being 18 and the oldest being 73 
years old. Nationality was not considered when screening participants, and the 
nationality of the participants in the experiment can be explained by factors 
such as the time of day when it was launched and the pool of people seeking 
experiments to join at that particular time.

4.2. Route material

In creating the route material, the first aim was to identify routes that were 
feasible given the scenario that the participants were asked to consider, that is, 
navigating from a train station to a hotel in an unfamiliar city. The second aim 
was to identify routes that vary in terms of route complexity and how grid-like 
the visible street network surrounding the route is, ensuring that these factors 
are evenly distributed in the selected sample.

1https://www.prolific.com/
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The routes were selected from a larger sample of routes, each beginning at 
a train or subway station and ending at an intersection. As a basis, the same 
100 cities as in Boeing (2019) were used to find these routes. Then, using the 
OSMNx package for Python (Boeing, 2025) to process road network data 
provided by the OpenStreetMap contributors (2017), for each city the node 
closest to the city center with the tag [railway==station] was selected as the 
origin. The larger sample of routes was then created by identifying the shortest 
and simplest route (Duckham & Kulik, 2003) from each origin to all intersec
tions within a 3; 000 m radius. The sample was filtered to only include routes 
with a length between 1; 800 to 2; 200 m, which we consider to be a non-trivial 
but feasible distance to navigate on foot from a train station to a hotel.

All routes were visualized as a blue dotted line, mimicking how routes are 
visualized by popular navigation support services, on top of a road-map without 
any textual labels created by Carto2 and provided by OpenStreetMap 
(OpenStreetMap contributors, 2017). These tiles are selected to not contain 
any textual information and to not show street labels that could inform parti
cipants about the primary language and the location of the route. Moreover, 
these tiles are similar to the “web” maps used by popular navigation services, 
highlighting the street network with limited information on buildings and 
terrain. The routes were then visualized at the same zoom-level and cropped 
to produce a 1600 × 1200 pixel screenshot (see Figure 2 for a sample map).

In order to select a sample of routes where the relevant external factors were 
evenly distributed, we assessed how grid-like the street network surrounding 
each route was. To do this, the street network orientation order (referred to in 
this paper as grid-likeness) of the street network was computed using the 
implementation in OSMnx (Boeing, 2025). The entropy of the street orienta
tion distribution across 36 bins was used to compute a value indicating how 
grid-like the street orientation distribution was on a scale from 0 (uniform) to 
1 (perfect grid) as described in Boeing (2019). The routes were then divided 
into three groups depending on how grid-like the environment visible on the 
map was: a high grid-like group of routes within the interval [0.7,1]; a medium 
group with somewhat grid-like streets [0.4,0.5]; and a low grid-like group 
where the street network is not grid-like [0,0.3].

The complexity of following the routes was estimated using Duckham and 
Kulik’s simplest path algorithm 2003, which attributes route complexity to the 
number of intersections and the type of decision at each intersection. A cost in 
terms of added complexity is assigned to the outgoing edge of every edge-pair 
based on the type of turn made at the intersection between them. The com
plexity of following a route was estimated as the cumulative cost of traveling 
across all edge-pairs from the origin to the destination. As an example, a turn 
at an intersection with more than two outgoing streets adds a complexity of 

2https://github.com/CartoDB/basemap-styles
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5þ degðvÞ to the route, but a turn when entering a T-intersection (where left 
and right are the only two options) has a fixed cost of 6.

As the final step, the routes used as stimuli in the experiment were selected. 
These routes were intended to be evenly distributed between the three grid-likeness 
groups high, medium, and low. For each group, six routes with evenly spaced route 
complexity were chosen by calculating the overall standard deviation of route 
complexity and selecting routes that fall within ±1 standard deviation. In total, 18 
routes were selected as material for the experiment (categorized in Figure 1).

4.3. Route difficulty judgment

In the first part of the experiment, participants were asked to judge the 
difficulty of navigating the 18 routes. Before the task began, participants 
were asked to read a scenario and a description of the type of difficulty they 
were asked to judge, as seen in Table 2. Providing such information to each 
participant is meant to create a shared basis for interpreting route difficulty 
while still leaving the question and definition open enough for the participants 
to have their own interpretations. This text was then shown again after they 
had completed a practice trial in which they rated the difficulty of a route in 
Stockholm, which is excluded from further analysis (Figure 2).

Each route is shown until the participant responds with a difficulty rating, 
giving them unlimited time to make their judgment. The participants rated the 
difficulty of the route by selecting a point on a scale from low difficulty (1) to 
high difficulty (11). The scale has 11 visible steps, but it is possible to click 
between two steps and, thus, to rate the difficulty at 21 different intervals.

Figure 1. City name of the 18 selected routes, with their route complexity on the y-axis and how 
grid-like the surrounding street network is on the x-axis. The routes that are crossed over were 
later excluded as outliers in terms of difficulty ratings.
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In the second part of the experiment, participants were tasked with compar
ing the previously shown routes to one another. Two routes were displayed 
next to each other, and participants were asked to click on the image with the 
route that they considered the easiest to navigate. All participants were shown 
the same pairs of routes, but in random order.

4.4. Individual factors

After the judgment tasks, participants completed a mental rotation test adapted 
from Peters et al. (1995) for online use. After completing the mental rotation 
test, participants completed three other questionnaires: the Santa Barbara Sense 

Figure 2. Screenshot of the practice trial route in Stockholm and the scale used to rate the 
difficulty of the route. Instructions to click somewhere along the scale were only shown in the 
practice trial.

Table 2. Scenario and description of route difficulty given to the participants.
Scenario Description: Difficulty Description:

You have just arrived in an unfamiliar city and look up 
a pedestrian route to your hotel. The route is roughly 
2,000 meters long and your task is to judge how 
difficult it looks to navigate.

Consider the difficulty of navigating the route. For 
example, the amount of decisions, remembering, 
looking or searching, that you think navigating the 
route will require to avoid getting disoriented, and to 
find your way to your destination.
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of Direction (SBSOD) (Hegarty et al., 2002), a spatial anxiety test (He & Hegarty,  
2020), and a GPS Usage Questionnaire (Topete et al., 2024).

The mental rotation test adapted from Peters et al. (1995) assesses how 
quickly and accurately participants can select the two items (our of four 
options) that may be rotated to match a target item shown above the others. 
It starts with task instructions and two practice phases: first, one trial with 
unlimited time and feedback on correctness, followed by three timed trials 
with continued feedback. The actual test consists of 24 trials, each with a 20- 
second time limit, and 1 point is awarded only if both correct items are 
selected. Performance is then scored based on the number of trials in which 
both correct items were selected before the time ran out.

The Santa Barbara Sense of Direction (SBSOD) questionnaire by Hegarty 
et al. (2002) asks participants to respond to 15 statements on a Likert scale 
from 1 to 7, whereas the spatial anxiety questionnaire by He and Hegarty 
(2020) asks participants to assess the degree of anxiety they typically experi
ence in 13 different navigation scenarios on a scale from 1 (not at all) to 5 (a 
great deal); for example, how anxious they feel when they are required to 
memorize landmarks before a trip or to navigate in an unfamiliar city.

The GPS Usage Questionnaire (GPS refers to a navigation support system in 
this case) by Topete et al. (2024) asks participants to assess how much they rely 
on navigation support for different purposes in various situations. The described 
situations range from navigating shorter distances, such as between home and 
work, to navigating from your home to a hotel in an unfamiliar city that is 
further away. Then, for every described situation, participants indicate how 
often they use navigation support on a scale from 0 (not at all) to 2 (often/ 
always) for the following functions: turn-by-turn instructions and following the 
GPS’ instructions for the entire route (for example, every turn given); minimal 
navigation, relying on GPS for a small portion of the route (for example, in the 
last few steps of a route while looking for your destination in a neighborhood); 
route planning, which involves using GPS to plan your route at home before 
starting your journey; time/traffic estimates, that is, using GPS to determine how 
long it will take to reach your destination and whether traffic will affect your 
route; and finding a specific service, which is using GPS to locate it, for example, 
finding the closest gas station on your way to a destination.

4.5. Data preparation and analysis

To analyze the influence of different factors on the perceived difficulty of routes, 
we fit a linear mixed-effects model (LMM), allowing us to control for variance at 
the level of participants and routes before estimating linear effects. The model is 
implemented in R using the LME4 package developed by Bates et al. (2015), and 
visualized using ggplot2 (Wickham, 2016). Furthermore, post-hoc analyses were 
carried out using the emmeans package (Lenth et al., 2025).
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To select the structure for the model, we follow the suggestions from Barr 
et al. (2013), beginning by fitting the maximal random effects structure that the 
experimental design and theory allow. In our case, we try to fit random slopes 
and intercepts at the subject-level in response to all item-level factors, allowing 
for variance in the effect or reaction to external factors between participants, 
such as route complexity. Similarly, including random slopes at the item-level 
for individual factors allows for variance in the effect that different routes have 
across levels of individual factors, such as sense of direction. In order to choose 
between models with different random effect structures, we compare the models 
using the Akaike Information Criterion (AIC), and proceed with the model that 
has the smaller AIC.

The data are processed before fitting the model by first excluding participants 
and routes that are outliers in terms of difficulty ratings, as explained in their 
respective sections in the results. As a second step, some of the data are 
transformed. The difficulty ratings are centered such that the mean difficulty 
rating across all observations is 0, to make the effect on difficulty ratings easier to 
interpret. All other continuous variables are standardized, scaling them by their 
squared standard deviation and then centering them using the mean.

5. Results

This section reports the results of our study. Section 1 presents the results 
regarding the route difficulty rating task and the differences in difficulty 
ratings between routes. Section 2 provides the results of the questionnaires 
and mental rotation test together and an overview of how the individual 
differences are correlated with each other. The next section then describes 
how these factors are incorporated in a linear mixed model specified to test 
their effect on how the participants rate the difficulty of different routes. 
Section 4 details the results of the route comparison task where we check if 
the simpler of two routes was selected more often by participants. In the final 
Section 5, we present an analysis of how other factors related to the complexity 
of the environment and the route are associated with higher difficulty ratings, 
and to each other. We then use this analysis to specify a set of alternative 
models that are compared with the primary model to test whether these other 
external factors provide a better explanation of the results.

5.1. Route difficulty ratings

The difficulty rating of different routes is presented in Figure 3 where some of 
the routes may appear visually as outliers. In order to identify whether any of 
these routes are actual outliers, we use the interquartile range method (IQR) to 
check whether their mean difficulty rating is below 2:357 (that is, 
Q1 � 1:5� IQR) or above 5:659 (that is, Q3þ 1:5� IQR). After excluding 
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outlier routes, we find that the mean difficulty rating across the remaining 
routes is 3:905 (SD=2:563), which is below the center (that is 6) of the 
difficulty rating scale from 1 to 11.

Routes identified as outliers are excluded from later statistical analyses. 
Here, we examine these outliers separately to explore why participants judged 
their difficulty differently. The routes in Lima (M=1:618), Detroit (M=1:941), 
and Las Vegas (M=1:836) have an exceptionally low difficulty rating, while the 
route in Sarajevo (M=8:132) is rated as much more difficult than any of the 
other routes.

Let us examine the excluded routes with the lowest and highest mean 
difficulty rating, and a route with a more averaged difficulty rating in order 
to look for any differences (seen in Figure 4). One can observe that the route 
with the highest difficulty rating in Sarajevo appears to be more “jagged” and 
has one particularly sharp turn. In contrast, the route in Lima, which has the 
lowest difficulty rating, is essentially all straight with a single turn, while the 
more averaged route in Ulaanbaatar has at least four turns.

5.2. Individual differences

To begin, we first identify participants that are outliers in terms of difficulty 
rating using the IQR method, excluding two participants with a mean diffi
culty rating higher than 7:768 (that is, Q3þ 1:5� IQR). The lower threshold 
(0:339) is below the minimum possible difficulty rating. We also plot the 
difficulty ratings of participants to identify outliers visually (see Figure C1 in 
the Appendix) and exclude one additional participant with a mean rating 
of 1.14.

Figure 3. Boxplot of route difficulty ratings, in ascending order of their mean difficulty rating 
where brighter colors representing a higher route complexity.
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The mean score of participants in the mental rotation test was 6.2 (SD: 
3.57), which is about a quarter of the maximum score 24. Counting the 
number of times that the participants selected any correct items, we find 
that they selected more than half of the correct items in total (mean: 26:35, 
SD: 5:10). This possibly indicates that the time limit is too short for this 
adaptation of the mental rotation test, as participants seem capable of identi
fying one correct item, but not both, throughout the test.

In response to the Sense of Direction questionnaire, participants have a mean 
SBSOD score of 4:104 (SD=1:402), which is slightly higher than the center of the 
scale. The mean navigation anxiety reported by the participants is 2:897 
(SD=0:967), indicating that it is common for participants to experience 
a moderate degree of anxiety when, for example, they are tasked with navigating 
in an unfamiliar city.

The reported usage of navigation support services, averaged across unfami
liar and familiar situations, indicates that the most common use is to obtain 
time and traffic estimates (Mean=0:521, SD=0:332) as can be seen in Table 3. 
Only counting how frequently they use it for turn-by-turn instructions and 
route planning in an unfamiliar location, we find that 61 participants report 
that they sometimes use it for turn-by-turn instructions, and 58 participants 
sometimes use it for route planning. Furthermore, no participant reported that 
they always use it in any of the situations.

5.2.1. Correlation of individual factors
Here we check how the individual factors are correlated to inform how these 
factors can be included in a linear mixed model. The Pearson correlation 
between individual factors is displayed in Table 4, where we find that 

Figure 4. The routes with the lowest, median, and highest difficulty ratings from left to right.

Table 3. Reported use of navigation support services averaged across all situations (0 = never, 1 =  
sometimes, 2 = always).

Turn-by-Turn Route Planning Finding Services Minimal navigation Time Traffic

M 0.332 0.407 0.356 0.287 0.521
SD 0.196 0.268 0.305 0.220 0.332
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navigation anxiety has a weak negative interaction with the MRT score 
(ρ ¼ � 0:357), and a higher sense of direction has a negative correlation with 
navigation anxiety (ρ ¼ � 0:586). For the reported uses of navigation support 
systems we find that navigation anxiety has a positive correlation with turn-by 
-turn instructions (ρ ¼ 0:332) and route planning (ρ ¼ 0:355), which are also 
correlated with each other (ρ ¼ 0:542). Moreover, minimal navigation is 
correlated with route planning (ρ ¼ 0:276), and time & traffic estimates is 
correlated with route planning and turn-by-turn instructions.

As a last step, we also test each of the individual factors as predictors of 
a higher mean difficulty rating per participant. Doing so, we find that the use 
of turn-by-turn instructions has the highest explained variance of the indivi
dual factors (β ¼ 0:260, R2 ¼ 0:012, p < 0:001), followed by navigation anxiety 
(β ¼ 0:185, R2 ¼ 0:006, p ¼ 0:011).

5.3. Effects on route difficulty rating

This section reports how we tested the hypothesized effect of individual and 
external factors on difficulty ratings, as predictors in a linear mixed effects 
model. First, we describe how we specified the random and fixed effects of the 
model, then we report the variance in effects between routes and participants, 
and finally, we describe the estimated fixed effects and test their significance.

5.3.1. Model specification
The specification of the linear mixed model (LMM) used to analyze the 
influence of different factors can be found below.3 The first two lines specify 
the fixed effects and test the hypotheses described in Table 1. To test if route 
complexity has an effect that is independent of how grid-like the surrounding 
street network is, route complexity and grid-likeness are included and allowed 
to interact as fixed effects (line 1).

Then, to test how individual factors may influence difficulty ratings, we 
include as fixed effects the MRT score, Santa Barbara Sense of Direction score 
(SBSOD), navigation anxiety, and the use of navigation support systems for 

Table 4. Pearson correlation between individual factors.
1 2 3 4 5 6 7 8

1. Age – – – – – – – –
2. MRT Score −0.132 – – – – – – –
3. Navigation Anxiety −0.059 −0.340** – – – – – –
4. SBSOD 0.077 0.090 −0.586*** – – – – –
5. turn-by-turn 0.061 −0.213 0.332** −0.059 – – – –
6. Route planning 0.003 −0.159 0.355** −0.152 0.542*** – – –
7. Minimal navigation 0.061 0.167 0.048 −0.183 0.126 0.276** – –
8. Time & Traffic estimates −0.010 −0.058 0.119 −0.128 0.456*** 0.465*** 0.164 –

3The specification here is written using the syntax of the LMe4 package for R, see Bates et al. (2015).
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turn-by-turn instructions (line 2). Note that the model is specified to include 
only interactions between external factors and a single individual factor, 
excluding interactions between individual factors. The purpose of this is to 
reduce model complexity and avoid multi-collinearity between individual 
factors correlated with each other. Furthermore, we chose to only include 
turn-by-turn instructions as a reported use of navigation support systems 
because we find most of the different factors in the GPS usage questionnaire 
to be significantly correlated with each other. Turn-by-turn instructions is the 
strongest predictor of these factors and, therefore, chosen for the model.

The random effect structure of the model is the maximal structure that we 
found reached convergence. It includes random intercepts and estimated 
effects of route complexity on difficulty ratings for each participant (line 3), 
and random intercepts and estimated effects of the mental rotation score on 
difficulty ratings for each route (line 4). 

5.3.2. Random effects
We analyze the random effects of the LMM listed in Table 5 in order to examine 
how the variance in difficulty ratings within and between routes and participants is 
related to each other. The estimated variance between participant intercepts is 
1:505 (SD=1:227), indicating that the difficulty ratings of participants tend to 
deviate by one to two points from the baseline. Figure 5 shows the deviation of 
each participant’s difficulty ratings from the grand mean. The variance in the slope 
of route complexity is 0:200 (SD=0:447), meaning that as route complexity 
increases, participants tend to give more varied difficulty ratings. Furthermore, 
a higher intercept has a positive correlation with higher slopes for route complex
ity (ρ ¼ 0:650). In other words, participants who give higher difficulty ratings 
than the baseline tend to react more strongly to changes in route complexity.

Table 5. Random-effects variance components from the LMM fitted to difficulty 
ratings.

Groups Name Variance Std. Dev. Corr.

participant (Intercept) 1.505 1.227
route_complexity 0.200 0.447 0.65

route (Intercept) 0.143 0.379
mrt_score 0.035 0.187 −0.63

Residual 2.987 1.728
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The difficulty rating tends to vary less for routes in comparison to how it varies 
for different participants (σ2 ¼ 0:143, SD ¼ 0:379). The slope of the MRT score 
for each route varies very little (σ2 ¼ 0:035, SD ¼ 0:187). A higher than baseline 
average difficulty rating for a route has a strong negative correlation with higher 
difficulty ratings (ρ ¼ 0:630), indicating that participants with higher MRT scores 
give lower difficulty ratings in general. The residual variance (2:987, SD ¼ 1:728) 
represents the variance not explained by the random effects of the model and is 
greater than the combined variance explained by the random effects.

5.3.3. Fixed effects
Table 6 displays the estimated effect of external and individual factors on 
difficulty ratings. The t value and significance shown in the table are derived 
from the results of an ANOVA applied to each fixed effect using the imple
mentation provided by the lmerTEST package for R, which uses 
Satterthwaite’s method to approximate the degrees of freedom for each vari
able (Kuznetsova et al., 2017).

Our results support the hypothesis that more complex routes are rated as 
more difficult, with route complexity having an estimated effect of β ¼ 0:566 
(Std Error=0:146, t=3:881, p=0:001). This means that as route complexity 
increases by one standard deviation, the estimated difficulty rating increases 
by about half a step on the 11-point difficulty rating scale. The results also 
indicate that the effect of route complexity has a non-significant (p=0:101) 

Figure 5. The random effects of the model, with groups (routes and participants) on the y-axis and 
the centered difficulty ratings as the x-axis. Left side: the intercept and the estimated effect of 
mental rotation score on the difficulty rating of different routes. Right side: the intercept and the 
estimated effect of route complexity (standardized) on difficulty ratings for different participants.
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negative interaction (β ¼ � 0:244) with how grid-like the surrounding street 
network is. A post-hoc test confirms that the effect of route complexity does not 
differ significantly at different levels of grid-likeness (p=0:219), with the inter
action having a positive effect between low grid-like environments and mean 
grid-like environments (β ¼ 0:469).

Next, none of the individual factors are estimated to have a significant effect 
on difficulty ratings in this model (navigation_anxiety: p=0:415; turn_by_turn: 
p=0:080; sbsod: p=0:509; mrt_score: p=0:893). However, use of turn-by-turn 
instructions has a significant interaction with route complexity (p=0:026), as can 
be seen in Figure 6, with the estimated effect of route complexity on difficulty 
ratings increasing (β ¼ 0:197) across participants with a higher self-reported 
use of turn-by-turn instructions.

5.4. Route difficulty comparison task

Table 7 presents the results of the comparison task in which participants 
selected the route they perceived as simpler to navigate. The route with 
a lower route complexity was selected in 68:9% of all comparisons. 
A Wilcox signed rank test indicates that the route chosen in all comparisons 
has a significantly lower route complexity (p < 0:005), with the median route 
complexity of the chosen route being lower by 16 points. Still, looking at 
Table 7, one can see that in the comparison between the routes in Kyoto and 
London (row 7) 60% of participants picked the more complex route. This is 
also the case for the comparison between the routes in Las Vegas and New 
Orleans (row 14), as well as between Orlando and Melbourne (row 15), where 
the difference in route complexity is more or less equal.

Table 6. Fixed effect estimates from the LMM fitted to difficulty ratings.
Estimate β Std. Error df t value Prð> jtjÞ

(Intercept) 0.105 0.190 48.552 0.553 0.583
route_complexity 0.566 0.146 17.358 3.881 0.001***
grid-like 0.073 0.135 13.626 0.540 0.598
navigation_anxiety 0.172 0.210 82.191 0.819 0.415
sbsod 0.127 0.192 82.191 0.663 0.509
turn_by_turn 0.289 0.163 82.191 1.770 0.080
mrt_score −0.024 0.175 74.128 −0.135 0.893
route_complexity*grid-like −0.244 0.138 13.626 −1.761 0.101
route_complexity*navigation_anxiety −0.010 0.112 105.636 −0.086 0.931
route_complexity*sbsod 0.026 0.103 105.636 0.257 0.798
route_complexity*turn_by_turn 0.197 0.087 105.636 2.262 0.026*
route_complexity*mrt_score 0.073 0.107 26.236 0.684 0.500
grid-like*navigation_anxiety −0.025 0.086 897.899 −0.292 0.770
grid-like*sbsod 0.054 0.079 897.899 0.683 0.495
grid-like*turn_by_turn 0.020 0.067 897.899 0.303 0.762
grid-like*mrt_score −0.045 0.090 15.950 −0.505 0.621
route_complexity*grid-like*navigation_anxiety 0.021 0.088 897.899 0.233 0.816
route_complexity*grid-like*sbsod −0.007 0.081 897.899 −0.087 0.931
route_complexity*grid-like*turn_by_turn −0.082 0.068 897.899 −1.204 0.229
route_complexity*grid-like*mrt_score 0.091 0.092 15.950 0.990 0.337
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5.5. Alternative external factors

As described in Section 2, there are several more factors that earlier research 
has found to be associated with the complexity of the route, environment, or 
perceived complexity on a map. Here we test five of these factors as predictors 
of route difficulty ratings and compare them to route complexity and how 
grid-like the surrounding street network is.

Figure 6. Estimated effect of interactions between route complexity and individual factors at 
þ1SD (red) and � 1SD (blue). The shaded area represents the 95% confidence interval of the 
regression.

Table 7. Percent of participants that selected one route or the other as the simpler route in 
a comparison between two routes.

Route Comp. Percent Diff Percent Comp. Route

1 Casablanca 28 91.25 −48 8.75 76 Kyoto 2
2 Mexico City 34 68.75 −42 31.25 76 Kyoto 2
3 Ulaanbaatar 19 57.50 −33 42.50 52 Cape Town
4 Detroit 50 95.00 −31 5.00 81 Osaka
5 New Orleans 23 97.50 −29 2.50 52 Sarajevo
6 Las Vegas 26 100.00 −26 0.00 52 Sarajevo
7 Kyoto 75 60.00 19 40.00 56 London
8 Orlando 42 3.75 19 96.25 23 Lima
9 Jakarta 23 88.75 −17 11.25 40 Melbourne
10 Lima 23 97.50 −16 2.50 39 Manila
11 Cape Town 52 25.00 13 75.00 39 Manila
12 Phnom Penh 37 11.25 −13 88.75 50 Detroit
13 Lima 23 72.50 −5 27.50 28 Casablanca
14 Las Vegas 26 93.75 3 6.25 23 New Orleans
15 Orlando 42 63.75 2 36.25 40 Melbourne
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5.5.1. Alternative route factors
We tested five additional factors associated with the complexity of the route: 
the average node degree of intersections along the route, which closely relates 
to the ICD according to O’neill (1991); the route intersection count, identified 
by Bock and Huang (2025) as a determinant of route difficulty; the average 
instruction equivalent streets at each intersection, defined as streets within 45 
degrees of each other, since this configuration was considered instruction 
equivalent by Haque et al. (2007); the average deviation from prototypical 
turn angles, following the method by Teimouri and Richter (2020); and the 
turn count of the route, which Schwartz-Chassidim, Meyer, and Parmet (2014) 
and Horned et al. (2024) found to predict perceived route complexity. Each 
factor was tested as a predictor of difficulty ratings using linear regression, also 
showing its correlation with route complexity. Table 8 shows all factors 
significantly predict higher difficulty ratings, except for the average deviation 
from prototypical intersection angles (p ¼ 0:115). The number of turns 
explains 5:7% of the variance, which is also the highest of all factors, and is 
strongly correlated with the complexity of the route (ρ ¼ 0:948).

5.5.2. Alternative environment factors
We also tested five factors associated with the complexity of an environment, 
or the visual complexity of the map, as predictors of route difficulty ratings. In 
addition, we computed the correlation between each factor and environmental 
grid-likeness and route complexity. These factors include intersection density, 
the number of intersections per square kilometer used by Boeing (2019) as an 
indicator of street network complexity. The total street length, street count, and 
intersection count that Schwartz-Chassidim, Meyer, and Parmet (2014) found 
to predict the perceived density of roadmaps, and the ICD tested as an 
indicator of environmental complexity by O’neill (1991).

The results in Table 9 show that Grid-likeness, Intersection Density, 
Intersection Count, and Street Count are significant predictors of difficulty 
ratings. Intersection density explains 2:3% of the variance and has the strongest 
estimated effect on difficulty ratings (β ¼ 0:365, Std Error ¼ 0:72). In com
parison, how grid-like the surrounding street network is explains 1:4% of the 
variance and has a slightly weaker estimated effect (β ¼ 0:282).

Table 8. Linear regression analysis of route-based complexity factors. All variables have been 
standardized.

β Std Error R2 CI Pr( > jtj) Grid Corr RC Corr

Route Complexity 0.537 0.071 0.051 (0.398 0.676) 0.000 0.465* 1*
avg. Node Degree 0.418 0.072 0.031 (0.278 0.559) 0.000 0.301* 0.43*
Route Intersection Count 0.319 0.072 0.018 (0.178 0.461) 0.000 0.218* 0.843*
avg. inst. equivalent 0.359 0.072 0.023 (0.218 0.500) 0.000 0.288* 0.305*
avg. dev. from prototypical −0.115 0.073 0.002 (−0.258 0.028) 0.115 0.109* −0.2*
turn count 0.572 0.071 0.057 (0.433 0.710) 0.000 0.51* 0.948*
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5.5.3. Alternative linear mixed model
In order to find out if the alternative external factors lead to a different 
outcome in comparison to the model used to test the hypotheses reported in 
Section .3, we fit a model with the alternative factors that explain more of the 
variance. The model specification is the same as the earlier model specification 
1, except that route complexity and grid-likeness are replaced with the turn 
count of the route and the intersection density of the environment.

This alternative model has a lower AIC and explains 1% more of the variance 
in comparison to the previous model. As for the fixed effects, the number of 
turns has a significant (p ¼ 0:004; t ¼ 3:296) estimated effect (β ¼ 0:443), 
which is slightly weaker in comparison to the effect of route complexity in the 
previous model (β ¼ 0:569). The number of turns also has a positive interaction 
with the self-reported use of turn-by-turn instructions (β ¼ 0:185), but the 
significance of this interaction (p ¼ 0:055; t ¼ 1:941) is slightly above the 
threshold of 5%. Furthermore, the number of turns is estimated to have 
a positive interaction with intersection density (β ¼ 0:244), also slightly above 
the significance threshold (p ¼ 0:055; t ¼ 2:103). The full specification and 
results of the alternative model is in the Appendix, Section B, Table B1.

6. Discussion

This study investigates how different factors influence perceived route diffi
culty. In other words, it investigates the impression of how difficult it appears 
to be to navigate a route as it is visualized on a map prior to navigating it, and 
how this impression may vary depending on properties of the route (external 
factors) and individual differences (individual factors). Our investigation is 
motivated by the fact that it may provide valuable insight into how different 
route suggestions may influence wayfinding at an early stage when one plans 
and makes decisions about how to navigate somewhere. Furthermore, it may 
inform the design of navigation support systems and how the route sugges
tions they display to support wayfinders may influence their wayfinding. At 
this stage, the difficulty of the route is judged from the perspective of a map 
reader, involving different spatial abilities and spatial information in compar
ison to that involved in navigating a route. As such, those factors that may 

Table 9. Linear regression analysis of environment-based complexity factors. Each factor is 
standardized and tested as a predictor of the centered difficulty rating.

β Std Error R2 CI Pr( > jtj) Grid Corr RC Corr

Grid-likeness 0.282 0.072 0.014 (0.140 0.424) 0.000 1* 0.465*
Intersection Density 0.365 0.072 0.023 (0.224 0.506) 0.000 −0.031 0.66*
ICD −0.026 0.073 0.000 (−0.169 0.117) 0.723 0.181* −0.034
Intersection Count 0.222 0.073 0.009 (0.080 0.364) 0.002 −0.046 0.493*
Total Street Length 0.019 0.073 0.000 (−0.124 0.161) 0.799 0.019 0.172*
Street Count 0.214 0.073 0.008 (0.072 0.357) 0.003 −0.019 0.471*

24 A. KRANTZ–HORNED ET AL.



influence how difficult to navigate a route actually is do not necessarily 
influence how difficult navigation seems to be at the outset.

To investigate this, we conducted an online experiment in which 80 parti
cipants were asked to rate the difficulty of 18 route suggestions, and complete 
a mental rotation test and a series of questionnaires. The routes used in the 
experiment were selected to vary in terms of route complexity, determined by 
the number of streets and the type of action at each intersection along a route, 
and how grid-like the visible environment is, determined by the distribution of 
street orientations. Then we applied a linear mixed model to examine how 
individual factors (e.g., sense of direction) and external factors (e.g., route 
complexity) may influence difficulty ratings.

The results show that participants vary widely in their rating of how difficult 
to navigate they perceive different routes to be; in how high or low they rate 
perceived difficulty overall, or particular routes, and in how they respond to 
different external factors. Analyzing this variance, we find that higher route 
complexity does predict slightly higher difficulty ratings, but that it is no better 
predictor than a higher number of turns. These findings suggest that the 
perceived difficulty of navigating a route is influenced by factors that may 
also increase the difficulty of actively navigating it (Bock & Huang, 2025; 
Giannopoulos et al., 2014). But the number of turns, or changes in direction, 
is the aspect of route complexity that participants may pay most attention to 
when looking at the route on a map prior to navigating it.

As for the individual factors, we find that route complexity has a positive 
interaction with a higher reported use of turn-by-turn instructions, while we 
find no significant effect associated with either mental rotation ability, naviga
tion anxiety, or sense of direction. This may suggest that how different 
individuals perceive the difficulty of navigating a route is primarily influenced 
by experience with navigating route suggestions shown by navigation support 
systems, and how they are navigated. Furthermore, the results do not show any 
clear signs indicating that the route difficulty is perceived differently depend
ing on how grid-like the surrounding street network is.

Next, we discuss the results of our experiment regarding the research 
questions stated in the Introduction. Then, we highlight some of the limita
tions of the current experiment in Section 4, before discussing directions for 
future work in Section 5.

6.1. How do external factors associated with route difficulty in navigation 
influence the perceived difficulty of a route?

The main external factor that we test in this paper is route complexity, which we 
measure using the algorithm by Duckham and Kulik (2003). This measure is 
composed of multiple factors that have been found to increase the difficulty of 
navigating a route. The complexity of a route increases with the number of 
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intersections that a route visits and the number of choices at each intersection, two 
properties that Bock and Huang (2025) found contribute equally to the difficulty 
of a route. Perhaps more importantly, turning at an intersection contributes more 
to route complexity than going straight, increasing with the number of choices. As 
such, a higher route complexity can also indicate that a route involves turning at 
more intersections and may require more complex instructions.

Our results support the hypothesis that routes that are more complex 
according to the algorithm by Duckham and Kulik (2003) perceived as more 
difficult. Our analysis shows that route complexity is a significant predictor of 
higher difficulty ratings. Across all participants, difficulty ratings are estimated 
to increase by 0:569 points as route complexity increases by one standard 
deviation (approximately 20 units of route complexity). This is quite small, 
considering that the difficulty was rated on a scale from 0 to 11. However, the 
estimated effect of route complexity varies significantly between participants, 
with the standard deviation of this effect being 0:464 between participants. 
This means that route complexity has nearly no effect on difficulty ratings for 
several participants. Furthermore, route complexity is found to have a stronger 
effect for participants that rated routes as more difficult overall. A possible 
interpretation of these results is that more complex routes are not perceived as 
more difficult by participants that do not perceive the routes as very difficult to 
begin with. In other words, the increase in route complexity across the routes 
selected for this experiment does not warrant much higher difficulty ratings 
for some. But for individuals who perceive the routes as more difficult to begin 
with, the increase in route complexity does matter.

Investigating how the average branching factor, number of intersections, 
and number of turns – factors contributing to route complexity – predict how 
participants rate the difficulty of routes, we found that the number of turns is 
the best predictor of difficulty ratings. Moreover, the number of intersections 
and the average branching factor do not have a significant estimated effect on 
difficulty ratings when controlling for other factors using a linear mixed model.

To summarize, the results indicate that more complex routes are also 
perceived as more complex. However, analyzing how the components of 
route complexity influence the perceived difficulty differently, only the num
ber of turns at intersections is found to influence the perceived difficulty. 
Unlike what previous studies have found to influence actual route difficulty, 
the number of intersections and the average branching factor do not affect 
how difficult a route is perceived to be.

6.2. How do individual factors influence perceived route difficulty?

Research on individual differences has identified several factors that help 
predict or explain why some find navigating routes more difficult. The indi
vidual factors that we investigate in this paper include sense of direction, 
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which is positively related to better performance in navigation tasks (Wolbers 
& Hegarty, 2010), and navigation anxiety, which is related to worse perfor
mance, particularly depending on the complexity of the environment (Hund & 
Minarik, 2006); as well as mental rotation ability, which has a positive relation 
to the ability to navigate with maps, and to solve spatial problems in general. 
Prior work indicates that reliance on navigation systems influences navigation 
behavior and is negatively related to sense of direction and navigational skill 
(He & Hegarty, 2020). To see if this also influences perceived route difficulty, 
we surveyed participants on how often they use various features of navigation 
support systems in different use cases (Topete et al., 2024).

Our analysis indicates that these factors alone do not affect how different 
individuals judge the difficulty of routes when controlling for other factors. 
This contradicts our hypothesis that individual factors influencing the difficulty 
of navigation would also affect the perceived difficulty of routes. However, 
individuals who reported using navigation support systems to receive turn- 
by-turn instructions react more strongly to route complexity and/or the 
number of turns a route has. This use has a positive interaction with route 
complexity and partly explains the variance in the estimated effect of route 
complexity between participants. Whether these participants rely more often 
on turn-by-turn instructions because they find navigation generally difficult or 
are less confident in their abilities, or whether the use of these instructions 
negatively impacts their navigation ability and they, thus, react more strongly 
to differences in route complexity cannot be answered from our data.

6.3. How does the influence of different factors vary depending on the 
environment?

When investigating the difficulty of a route, it is common – both in analytical 
and empirical approaches – to not consider how properties of the environment 
surrounding a route influence the difficulty of that route. However, these 
properties may influence how individuals judge the difficulty of a route sug
gestion within the context of what is visible on a map. Such factors include the 
ICD of the environment, which indicates how densely interconnected it is and 
may influence the difficulty of navigating in this environment (O’neill, 1991). 
Further factors include the properties of the environment that may influence 
visual complexity, such as intersection density (Schwartz-Chassidim, Meyer, & 
Parmet, 2014), and properties influencing how easy it is to learn and remem
ber, such as the presence of global patterns (Mohsenin & Sevtsuk, 2013).

We investigated this by selecting routes for the experiment that vary in 
terms of how grid-like the environment is, and then tested whether this has an 
effect on the difficulty ratings of different routes. The hypothesis is that routes 
in more grid-like environments are judged to be less difficult in comparison to 
routes in less grid-like environments.
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However, the results reveal that how grid-like the environment is does not 
have a significant estimated effect on the difficulty rating of routes. Nor does the 
effect of any other factor interact with how grid-like the environment is. The 
closest to a significant interaction is with route complexity, with more complex 
routes in more grid-like environments being rated as less difficult. However, 
this interaction is not significant and a post-hoc test reveals that this interac
tion is not linear across levels of grid-likeness.

Investigating alternative environmental factors as predictors of higher diffi
culty ratings, we found that intersection density explains most of the variance. 
Furthermore, replacing how grid-like the environment is with the intersection 
density in the full LMM indicates that there is a significant positive interaction 
between route complexity and intersection density, where more complex routes 
are rated as more difficult, when they are in environments with a higher 
intersection density.

To summarize, the results are inconclusive whether the difficulty of routes 
is judged differently in more or less grid-like environments. Instead, we found 
an interaction between intersection density in the environment and route 
complexity. It appears that participants in their difficulty assessment rather 
account for how “busy” an environment appears to be (Rosenholtz et al., 2007) 
than for its global structure (Mohsenin & Sevtsuk, 2013).

6.4. Limitations

There are a number of limitations that ought to be considered when inter
preting the results of this experiment. To begin, the maps with routes used as 
stimuli in this experiment are created using data from OpenStreetMap, and 
represent real environments. These routes have been selected in a controlled 
manner based on criteria specified before route selection, with the aim of 
ensuring they are evenly spread in terms of route complexity and how grid-like 
the visible environment is. However, there are many potential properties that 
may influence their perceived difficulty that we did not control for. 
Consequently, there are many potentially confounding factors stemming 
from the material that the participants may have considered in judging the 
difficulty of the routes. For example, we do not control for differences in 
elevation along the route, or the presence of green spaces, rivers, or other 
features of the environment that the participants may have considered when 
rating how difficult it is. Moreover, the number of routes and how they vary in 
terms of route complexity and grid-likeness may influence the reliability of the 
results. The statistical analysis includes 14 routes after removing outliers, 
which may be insufficient to reliably detect how external factors might interact 
(Westfall et al., 2014).

Another set of limitations has to do with the uncontrolled nature of online 
experiments. For instance, we do not know how seriously the participants took 
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the task of judging route difficulties, how the route appeared on their screen, 
and in what kind of environment they participated. Furthermore, we find that 
the participants varied greatly in how much time they spent judging each route 
(see Section C in the appendix). These differences could potentially obscure 
the influence of the individual differences we aimed to investigate, such as 
spatial ability or navigation experience, which might otherwise explain more 
of the observed variance in difficulty ratings.

6.5. Future work

The results and limitations of the present study raise new questions for future 
research. In the same direction as the first research question of the present study, 
one can ask whether the factors found to influence the perceived difficulty of routes 
also influence the subjective difficulty and efficiency with which participants 
navigate them. An experiment in which participants are asked to evaluate 
a route from both of these perspectives would provide more fine-grained insights 
into this question and could reveal how participants may overlook or overestimate 
different factors when judging the difficulty of a route based on its appearance. 
Furthermore, familiarity with an environment may influence how people evaluate 
routes (Lovelace et al., 1999), and the difficulty of a route assessed through prior 
experience and spatial knowledge can be contrasted with its perceived difficulty 
when viewed on a map.

In the present study, routes have a similar length, assume a pedestrian 
perspective, and are displayed at the same scale on a road map without labels, 
such as street names. Future work examining how features of the visible 
environment surrounding a route influence its perceived difficulty involves 
investigating how it may depend on the style of map used, the scale, and 
different modes of transport. At larger geographic scales, other factors may 
influence the perceived difficulty of a route. As an example, when viewing 
a route suggestion for driving to a destination in a different city, one might 
judge the difficulty of navigating to this city differently from the difficulty of 
navigating to the destination within this city.

Future work could also compare the perceived difficulty of a route to the 
perceived difficulty of navigating from an origin to a destination without 
providing a route suggestion. In this case, the strategy an individual uses for 
route planning and how the environment and map style facilitate it is likely to 
influence the perceived difficulty as well.

Such future work would provide deeper insight into perceived route difficulty 
and its relation to the difficulty of actually navigating a route. It would also more 
explicitly link the different spatial scales at play (Montello, 1993) and what we 
understand and learn about an environment from map and environment 
(Montello, 1998). In that, it will further our understanding of the process of 
navigation (Montello, 2005), especially the wayfinding aspects of it.
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Appendices

Appendix A. Route material

In this Appendix, we describe in greater detail how we selected and created the routes that the 
participants were asked to judge in the present study. To see the full material we refer to the online 
appendix of this paper. Table A1 displays the filter passed to the Overpass API (https://overpass- 
api.de/) to download street network data from OpenStreetMap contributors (2017). Note that this 
filter excludes highways that are not accessible by car, meaning that the data used to select the 
routes is not based on what is accessible to pedestrians. We opted to use this approach after first 
using pedestrian street network data and finding that many relevant properties of the pedestrian 
route (e.g., intersections and number of branches) are not visible on the map.

To create the image of the route on top of a map the linestring of the route is first simplified 
using the Douglas-Pecker algorithm and then plotted on top of a map using the GeoPandas 
library for python (Jordahl et al., 2020). The route and the map is rendered in an html file 
which is automatically opened in a browser window to produce a 1600 × 1200 pixel screenshot.

Table A2. External factors, i.e., route and environmental properties of each route used in the 
material.

Route route complexity grid-like intersection count Avg. Node degree Turn Count Circuity

1 Cape Town 52.000 0.418 28 2.036 6 1.542

2 Casablanca 28.000 0.023 24 1.833 2 1.067
3 Detroit 50.000 0.731 34 2.088 3 1.123

4 Jakarta 23.000 0.228 13 1.385 4 1.697
5 Kyoto 75.000 0.951 35 2.686 8 1.154

6 Kyoto 2 76.000 0.878 38 2.079 8 1.212
7 Las Vegas 26.000 0.805 15 2.467 3 1.112
8 Lima 23.000 0.438 22 2.091 1 1.310

9 London 56.000 0.132 27 2.222 7 1.610
10 Manila 39.000 0.158 25 2.520 4 1.528

11 Melbourne 40.000 0.497 27 1.778 5 1.410
12 Mexico City 34.000 0.742 16 2.000 4 1.414

13 New Orleans 23.000 0.187 17 2.471 2 1.305
14 Orlando 42.000 0.919 15 2.800 5 1.261

15 Osaka 81.000 0.442 29 3.138 8 1.480
16 Phnom Penh 37.000 0.483 16 2.438 4 1.134
17 Sarajevo 52.000 0.059 19 2.421 6 1.678

18 Ulaanbaatar 19.000 0.474 8 2.500 3 1.187

Table A1. Overpass query tags for street network.
Included Highway elements for streets

Excluded area = yes 
access = private 
highway = motorway, trunk, motorway_link, trunk_link, abandoned, bridleway, 

bus_guideway, construction, corridor, cycleway, elevator, escalator, 
footway, no, path, pedestrian, planned, platform, proposed, raceway, 
razed, service, steps, track 

motor_vehicle = no 
motorcar = no 
service = alley, driveway, emergency_access, parking, parking_aisle, private
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Appendix B. Alternative external factors model

This Appendix reports the results and specification of the LMM (line B1 to B4 below) used to 
test whether the number of turns and the intersection density are better predictors of difficulty 
ratings than route complexity and grid-likeness. display the full results The results are 
described further in Section .5. 

c difficulty rating, turn count� intersection density (B1) 

� ðnavigation anxiety þ turn by turnþ sbsodþmrt scoreÞ (B2) 

þ ð1þ turn countjparticipantÞ (B3) 

þ ð1þmrt scorejrouteÞ (B4) 

Table B1. Table of estimated fixed effects and significance testing for the alternative external 
factors model.

Estimate Std. Error t value Pr( > jtj)
(Intercept) −0.115 0.186 −0.621 0.537
turn_count 0.443 0.135 3.296 0.004**
intersection_density 0.018 0.124 0.141 0.890
mrt_score 0.055 0.187 0.293 0.771
navigation_anxiety 0.296 0.228 1.296 0.199
sbsod 0.272 0.206 1.324 0.189
turn_by_turn 0.159 0.175 0.908 0.367
turn_count*intersection_density 0.244 0.116 2.103 0.055
turn_count*mrt_score 0.002 0.118 0.019 0.985
turn_count*navigation_anxiety −0.062 0.124 −0.501 0.618
turn_count*sbsod 0.044 0.112 0.396 0.693
intersection_density*mrt_score 0.104 0.101 1.028 0.319
intersection_density*navigation_anxiety 0.106 0.096 1.098 0.273
intersection_density*sbsod 0.014 0.087 0.158 0.874
intersection_density*turn_by_turn −0.054 0.074 −0.724 0.469
turn_count*turn_by_turn 0.185 0.096 1.941 0.055
turn_count*intersection_density*mrt_score −0.053 0.095 −0.553 0.588
turn_count*intersection_density*navigation_anxiety −0.031 0.090 −0.340 0.734
turn_count*intersection_density*sbsod −0.042 0.081 −0.512 0.609
turn_count*intersection_density*turn_by_turn 0.061 0.069 0.878 0.380

Table B2. Model comparisons, the AIC (akaike information criterion) is a measure of model fit that 
penalize model complexity.

External factors npar AIC BIC logLik −2*log(L)

1 Route Complexity + Grid-likeness 27.000 4478.889 4613.073 −2212.444 4424.889
2 Turn Count + Intersection density 27.000 4469.065 4603.249 −2207.532 4415.065
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Appendix C. Difficulty ratings & response times

This Appendix presents additional information from the difficulty rating task, including an 
analysis of how the participants varied with respect to response times. Figure C1 displays the 
boxplot of participant the difficulty ratings used to visually identify outliers as described in 
Section 2.

Table C1 displays summary statistics of how much time participants spent looking at a route 
before rating its difficulty. What stands out is that the minimum time is as little as 1:494 
seconds, and that the maximum is over 3 minutes (372 seconds). Comparing median response 
times between participants, there are still considerable differences in how much time different 
participants looked at routes before judging them, with the average participant looking at each 
route for about 8 seconds (Mean ¼ 8:492,SD ¼ 4:841).

Figure C1. Boxplot of participant difficulty ratings, sorted by mean difficulty rating. The participant 
furthest to left and the two furthest to the right are excluded as outliers.

Table C1. Summary statistics of difficulty rating response times.
Min. 1st Qu. Median Mean SD 3rd Qu. Max.

Individual Difficulty Ratings 1.494 4.630 7.481 12.096 20.739 12.389 372.011
Median time of participants 2.100 5.543 7.541 8.492 4.841 10.037 33.134
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