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Abstract

As cycling is actively promoted and cities aim to improve cycling infrastructure, safety,
and comfort, it is not only relevant which routes cyclists take, but also where along those
routes they would most value improvements. The success of such measures ultimately
hinges on human factors, such as perception and cognitive biases. Bicycle route choice has
been studied extensively, yet sequence effects, i.e., the order in which spatial properties
are encountered along a route, have received little attention so far. As recent work has
suggested their relevance, in this study we utilize bicycle trajectory data from Zurich
and Munich to investigate whether such sequence effects observed in a controlled lab
experiment are also present in real-world data. We consider different route segmentation
strategies to derive meaningful sequences. By assessing route deviations from the shortest
routes, we uncover the cyclists’ bias towards specific segment sequences. The experimental
patterns are present to varying extents in real-world cycling trajectories. The observed
behavioral patterns can be leveraged to support planning policies for allocating road space
to bike lanes where their position along common routes improves the cycling experience
the most, or to enhance experiential bicycle routing.
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1 Introduction

In recent years, cycling has seen a resurgence due to its positive externalities, such
as reduced emissions, lower space consumption, and health benefits (Oja et al., 2011).
To effectively promote cycling and encourage a sustainable modal shift, it is crucial to
understand how cyclists perceive their journeys, including the cognitive biases that shape
long-term travel behavior (Adam, 2026; Willis et al., 2015).

While many route cost models successfully integrate segment-level features (e.g., infras-
tructure quality, traffic exposure) and user demographics (e.g., car ownership) (Meister
et al., 2023), they largely overlook the episodic spatial structure of the cycling experience.
Key psychological factors, such as sequence effects (e.g., the peak-end rule), are frequently
excluded (Skov-Petersen et al., 2018; Teimouri et al., 2023). Furthermore, large-scale,
real-world analyses validating these lab-based phenomena remain scarce.

Therefore, it is of interest to explore whether these sequence effects manifest in real-world
cycling behavior. If perceptions are sensitive to temporal ordering, two routes with
identical objective characteristics (but ordered differently) could produce systematically
different experiences (Abenoza et al., 2019). This has direct implications for routing
and mobility models trained on GPS trajectories, which implicitly absorb these cognitive
biases. Advancing toward human-centered AI systems requires shifting from this implicit
absorption to the explicit modeling of cognitive mechanisms (Pappalardo et al., 2023).

In this exploratory paper, we investigate whether sequence effects observed in a controlled
lab setting (Grisiute et al., in preparation) are detectable in real-world GPS cycling
trajectories from Munich and Zurich. We partition observed routes and their shortest-path
counterparts into positional segments using five segmentation strategies as proxies for the
cognitive abstraction of routes, and compare them through two complementary metrics: a
learned cost and path dissimilarity.

2 Cognitive Biases in Cyclist Behavior

Cyclists do not always select routes based on shortest distance or travel time (Krenn et al.,
2014; Park and Akar, 2019). Instead, their choices are shaped by cognitive heuristics,
such as minimizing turns, avoiding complex intersections, or maintaining a direct heading,





      

which cause observed behavior to deviate from normative, utility-maximizing routing
models (Wiener et al., 2008; Teimouri et al., 2023). While higher cognitive load during
spatial decision-making increases reliance on these heuristics (Brunyé et al., 2018), existing
empirical studies remain scarce (Abenoza et al., 2019). In particular, sequence effects, i.e.,
the order in which spatial properties are encountered, remain largely unexplored outside
of lab experiments (Grisiute et al., in preparation), motivating large-scale, data-driven
empirical investigation using GPS cycling trajectories. Trajectory mining allows identifying
recurring heuristic travel behavior at scale (Zheng, 2015). Other biases, including last-mile
effects and preferences for common paths, are also detectable (Teimouri et al., 2023).
Revealing them generally requires spatial abstraction, such as trajectory segmentation,
clustering decision points, or identifying route-defining locations (Teimouri and Richter,
2022, 2025; Sultan et al., 2017; Griesbauer et al., 2024; Manley et al., 2015; Grisiute
and Raubal, 2024). This suggests that observed cycling biases are closely linked to how
routes are cognitively planned and decomposed, rather than to segment-level optimization
alone.

Controlled lab experiment. Initial evidence for sequence effects in cycling was estab-
lished in a controlled lab setting (Grisiute et al., in preparation). Participants (N = 60)
evaluated composite video routes assembled from three 30-second segments of dominantly
positive or negative cycling quality from Zurich streets. Varying the positional placement
of a single contrasting segment revealed that the temporal arrangement of route features
affects overall reported experience, serving as the primary motivation for our data-driven
exploratory study.

3 Methodology

Our exploratory analysis follows a three-stage workflow: (i) defining the spatial hierarchy of
the analysis units, (ii) applying trajectory segmentation based on cognitive and geometric
strategies, and (iii) calculating two comparative metrics between derived segments of
observed trajectories and their shortest-path benchmarks.

Defining key elements. To analyze sequence effects, we first define a nested structure
of spatial units, moving from the macro-level trajectory traces down to the micro-level
street edge. Trajectory (P ): Let G = (V,E) be the street network graph. A trajectory





      

P = (e1, . . . , em) is an ordered sequence of edges ei ∈ E connecting an origin-destination
(OD) pair. We compare each observed trajectory (P obs) from the Munich and Zurich
datasets against its distance-based shortest path (P sp). Segment (s): Each trajectory is
partitioned into N segments via a segmentation strategy S(P ) = {s1, s2, . . . , sN}, where
each sk is a contiguous sub-sequence of P and their concatenation recovers P . These
segments allow for a localized analysis of travel cost and behavior across different stages
of a journey and typically vary in length. In this study, we fix N = 3, inspired by the
lab experiment design, and refer to the segments as start, middle, and end. Segmentation
strategies are described in more detail in Section 3.1. Edge (e): The atomic unit of the
street network, which is associated with specific attributes (e.g. length, infrastructure
type) and a cost.

3.1 Trajectory Segmentation Strategies

To assess sequence effects, we apply five segmentation strategies (Zheng, 2015) to partition
P obs and P sp into N = 3 segments, varying in their degree of cognitive modeling. Equal
Distance serves as a cognitively neutral baseline, dividing trajectory length L into three
equal segments of L/3 at the nearest vertex. Homogeneity Boundary places split
points where edge costs change most drastically (Buchin et al., 2011), assuming significant
cost shifts trigger salient perceptual transitions. Spatial Simplification split points are
vertices with maximum perpendicular deviation from the origin-destination straight line
based on the Douglas-Peucker algorithm (Douglas and Peucker, 1973). Salient Heading
Changes treats the largest angular deviations between consecutive edges as natural
cognitive boundaries (Zheng, 2015). Finally, Attribute Embedding represents each
edge as a multi-dimensional feature vector (e.g., speed limits, lanes) (Skupin, 2008), placing
split points where Euclidean distances between adjacent embeddings are maximized.

3.2 Metrics for Comparative Analysis

We evaluate the cycling attractiveness and characteristics of the segments of the observed
trajectories P obs and shortest routes P sp using two complementary metrics to quantify
the deviation between these. These two metrics are presented in more detail below.

Metric 1: Learned Cost. This metric represents the perceived route cost, learned from





      

the Munich trajectory dataset. Initially, an optimization framework determined edge
costs that minimized the gap between observed routes and distance-weighted shortest
paths. Subsequently, a neural network was trained to predict these costs based on edge-
level attributes (Dahmen et al., 2025). Table 2 elaborates on these attributes. As this
length-independent learned cost encapsulates cyclists’ preferences for different street edge
characteristics, we use it to evaluate the attractiveness of each segment sk. We define a
segment’s length-weighted mean cost c̄(sk) and the segment-wise cost difference ∆c̄k:

∆c̄k = c̄(sspk )− c̄(sobsk ), where k ∈ {1, 2, 3} and c̄(sk) =

∑
e∈sk ℓe ĉe∑
e∈sk ℓe

, (1)

where ℓe is the length of edge e and ĉe is its learned cost. A positive ∆c̄k indicates that the
observed segment traverses edges of lower perceived cost than its shortest-path equivalent,
and vice versa.

Metric 2: Path dissimilarity. This metric serves as a general, location-agnostic
complement to the learned cost metric, capturing the physical and environmental differ-
ences between segment pairs. It calculates the Euclidean distance between segment-level
attribute vectors. We utilize the same set of edge attributes (Table 2), augmented with
angularity. All attributes are min-max normalized across all network edges prior to aggre-
gation. For each segment srk, where r ∈ {obs, sp}, we compute the length-weighted average
of the normalized edge attributes x̃j,e to form a segment-level vector ¯̃xr

k = (¯̃xr
k,1, . . . , ¯̃x

r
k,J).

The segment-wise dissimilarity ∆dk is then computed as:

∆dk =
∥∥¯̃xsp

k − ¯̃xobs
k

∥∥
2
, where k ∈ {1, 2, 3} and ¯̃xk,j =

∑
e∈sk ℓe x̃j,e∑

e∈sk ℓe
, (2)

where a larger ∆dk indicates greater dissimilarity in road environment character between
the observed and shortest-path segment.

Testing the hypothesis. To determine if sequence effects influence cycling behavior,
we compare the segment-level metrics of the first segment (k = 1) against the final
segment (k = 3) derived from all trajectory pairs (P obs and P sp). We focus on start and
end segments because both are geographically anchored by the origin and destination,
providing comparable spatial constraints. We perform paired t-tests independently for
both evaluation metrics: learned cost (∆c̄k) and path dissimilarity (∆dk). We test the
null hypothesis (H0) that there is no difference in the mean deviation between the start
and end of a trajectory for either metric. A statistically significant result would show that
temporal position plays a detectable role in route choice.





      

3.3 Case Study and Data Preprocessing

We apply our methodology to bicycle and e-bike trajectories from two app-based GPS
studies: Munich’s Mobilität.Leben (Loder et al., 2024) (May 2022–Dec 2023), which
generated travel diaries via automated mode-detection, and a Zurich-focused subset
of a 2017 SBB Green Class study (Martin et al., 2019) on Mobility-as-a-Service in
Switzerland.

Trajectory Preprocessing. We map-match trajectories from both datasets to their
respective street networks and apply targeted filters. These include removal of with
insufficient GPS precision, map-matched deviations exceeding 50 m (150 m at start/end
points), and round trips. We further restrict trajectories to be fully contained within the
study area, capping speeds at 28 km/h (99th percentile), enforcing a 3-minute minimum
duration, and a 5 km maximum length to harmonize datasets (maximum length in the
Munich dataset). This yields 452 paths (24 users) in Zurich and 1,000 paths (244 users)
in Munich. For downstream tasks, we identify repeat trips (paths sharing ≥90 % of edges
or differing by ≤3 edges).

Network Preprocessing. We prepare the street network using OSMNetFusion (Dahmen,
2025), which retrieves OpenStreetMap data for a specific date, simplifies topology while
retaining tags, and appends open elevation and land-use data. Missing attributes are
addressed by supplementing Munich with cycle path widths (Landeshauptstadt München,
2019) and Zurich with 2021 open data (Zürich, 2021). Network topology, morphology, and
cycling infrastructure differ notably between the two cities (Table 2). The learned cost is,
on average, higher for Zurich (7.6) than Munich (6.6), with a distribution showing more
costly edges in Zurich (Figure 2). Munich is flatter with wider roads and predominantly
one-directional cycle paths, while Zurich is hillier and, in 2017, offered little dedicated
bicycle infrastructure.

4 Results

To investigate whether sequence-dependent routing patterns manifest in real-world trajec-
tories, we systematically compare the first (sk=1) and last (sk=3) segments of observed
trajectories across the Munich and Zurich datasets. We focus on these segments because
both are constrained by origin-destination, whereas the middle segment (sk=2) affords





      

the greatest routing flexibility. Since cognitive boundaries are inherently subjective,
we evaluate our two metrics (learned cost ∆c̄k and path dissimilarity ∆dk) across five
segmentation strategies (see Section 3.1).

Metric Relations Across Datasets. Since both metrics draw on largely the same edge
attributes, we first establish their relationship. For Munich, absolute cost difference and
path dissimilarity exhibit a strong correlation (R2 = 0.43), confirming they capture related
but distinct aspects of spatial deviation. The correlation is similar for Zurich (R2 = 0.48),
despite its smaller sample size and the fact that the learned cost model was trained on
Munich data. Importantly, the learned cost carries a sign, indicating whether the observed
route is better or worse than the shortest path. Path dissimilarity is a non-negative scalar
measuring absolute Euclidean deviation. For Munich, the mean absolute learned cost
difference (|∆c̄3| = 0.18) is lower than that of Zurich (|∆c̄3| = 0.22), while the mean path
dissimilarity is higher for Munich (∆d3 = 0.54) than for Zurich (∆d3 = 0.40).

Learned Cost. If cyclists disproportionately improve the final portion of their journey,
we expect ∆c̄1 −∆c̄3 > 0. As shown by the paired t-tests in Figure 1, this is observed for
about half of all cases in Munich, but rarely for Zurich. In Table 1, values below/above the
2.5th/97.5th percentile are not considered. When considering all paths, the 3rd segment
in Munich and Zurich shows improvement under only one of the segmentation strategies.
The magnitude of this improvement is marginal, underscoring the metric’s sensitivity to
both the segmentation strategy and the city-specific cost model.

Path Dissimilarity. For ∆dk, higher values indicate greater deviation from the shortest
path. The middle segment (sk=2) consistently shows the highest absolute deviation,
reflecting the unconstrained routing freedom. When comparing the OD-constrained
segments, the mean difference (∆d1 −∆d3) is negative in most configurations (Table 1),
indicating that the latter segment is improved more, though standard deviations remain
large relative to the effect size. Significance is observed primarily under the Attribute
Embedding and Equal Distance strategies (Figure 1).

Moderating Factors. Given the high aggregate variance, we subset trajectories to
isolate key behavioral moderators (Figure 1). For short trips (1–2 km), the final segment
is improved significantly more than the first across nearly all segmentation strategies in
both cities for the path dissimilarity. This effect diminishes with trip length, likely due to
the compounding cognitive demands of longer route planning. For the learned cost, this
effect is reversed. Familiarity also moderates the effect: repeatedly performed trips (where
cyclists have iteratively refined their routes) show greater final-segment improvement





      

in more cases than for unfamiliar routes for the learned cost metric, but not for path
dissimilarity. Finally, trip purpose plays a role too: sequence-dependent improvements
are more pronounced in work commutes than in leisure trips for the learned cost in both
regions. For the path dissimilarity, no substantial difference is observed for trip purpose.

Table 1: Comparison of mean and standard deviation differences for Zurich and Munich.
Bold values indicate that segment 3 was improved more compared to segment 1.

Metric Segmentation strategy Zurich Munich

mean std mean std

∆c̄1 −∆c̄3

Attribute embedding -0.109** 0.677 0.001 0.456
Equal distance -0.083** 0.463 -0.011 0.357
Homogeneity boundary -0.049* 0.486 -0.012 0.389
Salient turns 0.004 0.606 -0.031* 0.456
Spatial simplification -0.066** 0.531 -0.013 0.395

∆d1 −∆d3

Attribute embedding 0.061* 0.555 -0.050* 0.693
Equal distance -0.051* 0.478 -0.040* 0.561
Homogeneity boundary -0.002 0.514 -0.03 0.591
Salient turns -0.006 0.539 -0.04 0.694
Spatial simplification -0.023 0.471 -0.029 0.61

5 Discussion and Conclusion

This study offers an initial large-scale empirical test of whether sequence-dependent
routing patterns, previously observed only in a controlled lab setting (Grisiute et al., in
preparation), are detectable in cycling trajectories. Through a dual-metric framework
combining learned costs and attribute embeddings, we find that cyclists tend to deviate
more from the shortest path in the final segment than the first. While statistically
significant under several segmentation strategies, this pattern remains modest relative to
overall path variance. This work should read as a first empirical probe: establishing the
phenomenon’s real-world presence, mapping the conditions under which it emerges, and
surfacing the methodological challenges detailed below.

Our analysis reveals two methodological challenges and one unexpected finding. Regarding
segmentation, the effect emerges under most, but not all, strategies. While equal distance
and attribute embedding perform best, the lack of a single dominant strategy suggests the





      

Figure 1: Overview of whether the expected difference is observed between segment 1 and
3, and whether it is significant (t-test) - for various segmentation strategies and filters.

(a) Metric 1: Learned Cost. If the mean path-level learned cost difference (∆c̄1 −∆c̄3) is
positive, the third segment is improved more than the first segment.

(b) Metric 2: Path Dissimilarity. If the mean path-level dissimilarity (∆d1−∆d3) is negative,
the third segment differs more from the shortest path than the first segment does.

effect is resilient to how routes are segmented. Regarding the two metrics, learned cost and
path dissimilarity occasionally disagree due to their complementary designs. Learned cost
captures directional preference (whether a route improves or degrades upon the shortest
path), while path dissimilarity measures only the city-agnostic magnitude of deviation.
This emphasizes the need for a unified, transferable, and directionally informative metric.
Perhaps most intriguingly, the middle segment consistently exhibits the highest absolute
deviation from the shortest path across both cities and metrics, which was not observed
in the lab experiment. This likely reflects freedom from origin-destination anchoring, but
whether this is a structural artifact or a cognitive phenomenon that spills into end-of-trip





      

perception remains an open question.

Several limitations present future work directions. Heterogeneity in data quality, demo-
graphics, and temporal coverage limits cross-city comparability, prompting further testing
on additional datasets. The Munich-trained cost model may not transfer cleanly to Zurich,
requiring city-agnostic or jointly trained alternatives. Because cognitive segmentation
boundaries vary by individual and trip familiarity, moving away from group-level approxi-
mations to individual-based segmentation is a natural next step. Finally, fixing N = 3 is
motivated by the lab design but may be insufficient for longer routes, which motivates
follow-up experiments exploring the effect of sequence length.

Despite their exploratory nature, these findings point to two practical applications. First,
navigation engines could optimize experiential trajectories rather than simply minimizing
total cost. Second, explicitly modeling sequence structures would improve the behavioral
validity of current route-choice models, as they may conflate attractive links with their
positions. At the network scale, a "directional asymmetry" prevents naive unidirectional
optimization and complicates potential interventions. Ultimately, demonstrating detectable
sequence effects in naturalistic routing bridges cognitive lab findings with large-scale urban
mobility data. Advancing this frontier requires developing more comprehensive metrics,
individualizing segmentation strategies, and testing varied sequence lengths.
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A Descriptive network statistics

Table 2: Descriptive network statistics

Central Munich (64 km2, 2022) Zurich region (400 km2, 2017)

Attribute Mean Std Min Max Mean Std Min Max

Access by car 0.838 0.368 0.0 1.000 0.666 0.472 0.0 1.000
Access by foot 0.997 0.056 0.0 1.000 0.978 0.146 0.0 1.000
Advisory lane 0.031 0.173 0.0 1.000 0.027 0.161 0.0 1.000
Bicycle Road 0.015 0.123 0.0 1.000 0.000 0.000 0.0 0.000
Bicycle path surface 12.600 8.269 0.0 20.000 4.984 7.609 0.0 20.000
Bicycle path width 1.729 1.416 0.7 7.906 18.000 0.000 18.0 18.000
Exclusive lane 0.004 0.060 0.0 1.000 0.000 0.004 0.0 1.000
Foot_and_cycle_path 0.079 0.270 0.0 1.000 0.024 0.153 0.0 1.000
Crossing 0.002 0.049 0.0 1.000 0.000 0.004 0.0 1.000
Gradient 0.017 0.040 0.0 0.815 0.052 0.118 0.0 3.658
Share of green areas 0.239 0.368 0.0 1.000 0.173 0.353 0.0 1.000
Stret lighting 0.540 0.498 0.0 1.000 0.017 0.130 0.0 1.000
Parking (left) 0.212 0.607 -1.0 2.000 0.000 0.027 -1.0 2.000
Parking (right) 0.243 0.646 -1.0 2.000 0.000 0.032 -1.0 2.000
Share of retail areas 0.115 0.287 0.0 1.000 0.014 0.103 0.0 1.000
Road hierarchy 5.472 1.366 0.0 9.500 4.235 3.021 0.0 9.625
Intersection hierarchy 5.217 1.816 0.0 9.500 3.901 3.198 0.0 9.625
Number of lanes 2.290 0.846 1.0 7.000 1.139 0.603 0.0 5.000
Speed limit 35.435 10.200 4.0 60.000 39.020 15.466 0.0 120.000
One-way 0.114 0.318 0.0 1.000 0.049 0.217 0.0 1.000
Number of PT routes 0.170 1.841 0.0 139.000 0.116 1.374 0.0 55.000
One-direction_cycle-path 0.119 0.323 0.0 1.000 0.004 0.063 0.0 1.000
Pedestrian_street 0.004 0.061 0.0 1.000 0.001 0.027 0.0 1.000
Track_or_lane 0.001 0.032 0.0 1.000 0.001 0.023 0.0 1.000
Two-direction_cycle-path 0.014 0.117 0.0 1.000 0.020 0.141 0.0 1.000





      

B Additional information

Number of samples per mask in Figure 1:

Table 3: Number of samples per mask

Mask Zurich Munich

Total Paths 452 1000

Distance
1–2 km 159 339
2–3 km 48 213
3–4 km 38 149
4–5 km 39 93

Frequency
Repeat 115 89
Non-repeat 337 911

Purpose
Work 169 140
Leisure 64 180

The distribution of the normalized edge costs is shown in Figure 2

Figure 2: Distribution of the normalized edge costs.
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