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Human mobility patterns have been the subject of research for many decades.
Understanding long-distance trips is critical in our globalized world, for exam-
ple, to model the spread of diseases. Traditional models generally assume that
trip lengths follow a power-law distribution. We analyze over one million long-
distance trips using three datasets: two survey-based (from Germany and the
U.S.) and one from mobile network data in the U.K. We find that the observed
trip length distributions deviate from typical power-law behavior, motivating
a new approach. In addition, we examine COVID-19 spreading patterns in
Germany and identify mobility dynamics that traditional power-law models
fail to capture. To address these limitations, we introduce a model that ex-
tends the power-law framework by amplifying long-distance trips — based on
the intuition that once a journey exceeds a certain length, the remaining dis-
tance is also likely to be substantial. Our experiments underscore the need for
advanced models of long-distance travel and demonstrate that distance ampli-
fication can enhance the accuracy of conventional models.



24

25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66

Introduction

The basic laws governing human motion have fascinated researchers for many decades'2. In-
deed, understanding human mobility is important, and mobility models have many applications,
including CO4 emission analysis, infrastructure planning, resource optimization, and crisis re-
sponse>"1Y. In particular, the question of how human mobility affects disease spread received
much attention in the pastH"18,

Traditional human mobility models usually revolve around power-law distributions or trun-
cated variants of these distributions%!?*2>. That is, trip lengths are typically heavy-tailed. Our
work is motivated by empirical observations drawn from three large datasets from Germany<,
the United States”’, and the United Kingdom, which show that while existing human mobil-
ity models relying on power-law distributions describe short- and medium-distance travel well,
long-distance travel appears to be fundamentally different in nature. Understanding such long-
distance travel is essential, as it serves as a known vector for the global spread of diseases=5'%
and is becoming more frequent. Data from Deutsche Bahn AG=" shows that the number of
long-distance train passengers rose from around 131 million in 2013 to 151 million in 2019.

To provide some intuition as to why long-distance travel is important and how it relates to
disease spread, we show in Fig. [Tl how COVID-19 spread in the different German counties
for four exemplary consecutive weeks at the beginning of the fourth wave>! (see caption for
details). We observe that the virus first begins to grow in geographically distant areas and only
later spreads around the initial sites. Similar observations of this spatio-temporal pattern of
COVID-19 spread have been made in the literature before'>!982733  Note that this does not
prove (nor is it the case) that the virus is transmitted from the location colored in Week 1 to
all locations colored in Week 2 (cf. Fig. [I). However, the spreading behavior observed in
Fig. 1| cannot be explained by traditional powei-law based processes!®2236538, While in Fig.
the behavior of the epidemic is based on several phenomena occurring simultaneously (i.e.,
the Alpha (B.1.1.7) variant decreases in almost all counties while the Delta (B.1.617.2) variant
increases). In Supplementary Discussion 1 we further investigate the spread of a single variant
(B.1.617.2) in its early days in Germany. Note that the behavior observed w.r.t. the variant
B.1.617.2 also seems to indicate that especially long-distance travel does not follow a power-
law distribution. More specifically, if the distances followed a power-law distribution with an
exponent around 2 or miore, then the resulting effective distances (as defined in the seminal paper
by Brockmann and Helbing®) would lead to a a different spreading behavior.

Above observations motivate us to present a new model that we show to capture long-distance
travel well. Our model accounts for our empirical observation that people travel to distant places
more frequently than a power-law distribution would suggest. The model is related to existing
biological models, in particular to Lévy flight processes>®; however, in contrast to existing mod-
els, we model long-distance trips with an amplification process. Concretely, our model amplifies
a power-law with a second distribution, resulting in a process we call an amplified power-law.
The corresponding distribution of the distances is called amplified power-law distribution. Ad-
ditionally, we enhance our model with a novel dynamic truncation method that accounts for trip
distance limits naturally imposed by national borders and can be applied to existing models.

Other studies have observed the limitations of basic power-law models in context of human
mobility»*#3 In this work, we focus on emphasizing the shortcomings of power-law—based
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Figure 1: The disease first spreads at distant places (and then spreads locally). The figure is based
on the average 7-day incidence rates of COVID-19 cases in all German counties (Landkreise
and Stadtkreise), according to data from the Robert Koch Institute (RKI)3. To highlight the
spread of the COVID-19 virus, we color a county red if the increase in incidence compared to
the previous week 1s at least 20% for 3 consecutive weeks. In these cases, the county is colored
red in all the weeks of such a sequence. Intuitively, this should only highlight counties in which
there is currently an outbreak and allows us to observe newly created COVID-19 hotspots as
the virus spreads in Germany. The intensity of the color depends on the magnitude of the
7-day incidence averaged over all days in that week. In Week 0 (06/16/2021 to 06/22/2021),
more than 85% of the counties have incidences below 10 cases per 100,000 population, and
no county would be colored. In all but one county with an incidence above 10 in Week 0,
these values fall below 10 within the next 3 weeks. (A) shows the week from 06/23/2021 to
06/29/2021, (B) from 06/30/2021 to 07/06/2021, (C) from 07/07/2021 to 07/13/2021, and (D)
from 07/14/2021 to 07/20/2021. Assuming that the overall distribution of trip lengths follows
a power law (with exponent 2.13 as approximated for German mobility data2%, at least 97%
of all trips that start in the colored counties in Week 1 and end outside these counties should
stop in the highlighted circular area (in gray) in (B). However, the virus instead evolves in
geographically more distant regions and spreads only locally in later weeks. AING denotes the
average incidence rate (per 100,000 inhabitants) in Germany in the corresponding weeks.
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approaches specifically in the context of long-range mobility. Our baseline model remains de-
liberately simple and can be trained given just a set of empirically observed trip distances. In
contrast, many contemporary approaches rely on additional inputs—such as spatial structure,
population density estimates, or temporal information— to capture human movement dynamics
more accurately 0. Our model also differs from the Lévy flights model often considered
in early literature, which has been shown to generally describe well human activities such as
travel 12223653751 and animal foraging 239253, In that model, movement distances usually fol-
low a (truncated) power-law.

For our empirical considerations, we draw on three large human mobility datasets. Two are
based on surveys (by mail and phone) in Germany and the United States consisting of 892,627
and 923,572 reported trips, respectively. They include additional information on transport modes
and report actual distances, thus avoiding the biases of check-in-based methods and comple-
menting existing studies based on cellular phone data or indirect surveys 7202453 To enhance
coverage and generalizability, we also include a third dataset from the United Kingdom, consist-
ing of 1,001,069 trips inferred from the movement of mobile devices between cellular antennas.

Results

We first define the notion of long-distance trips, and on this occasion present our datasets. We
then present our empirical observations and introduce our distance amplified model.

Long-Distance Trips. Our empirical analysis draws upon three datasets, two of which are
survey-based and report transport modes, while the third is passively derived from mobile net-
work data. Each dataset is a collection of trips. A trip corresponds to a singular travel event
and is associated with a distance value. Repeated trips of same length (e.g., trips between the
same origin-destination pair) are recorded as separate observations and therefore appear multiple
times in the dataset. We define long-distance travel based on dataset-specific criteria as follows:

s Mobility in Germary (MID) 2017%°. Long-distance trips are defined as those taken using
transport modes typically associated with travel over greater distances. These include car
(Fahrer), long-distance train (Fernzug), long-distance bus (Fernlinienbus), coach (Reise-
bus), or airplane (Flugzeug). We focused our experiments on trips exceeding 100 km in
length, leaving 11,008 trips for analysis.

e American National Household Travel (NHTS) 201742, In this dataset, long-distance travel
includes trips made by car, intercity bus (e.g., Greyhound, Megabus), airplane, or boat.
Given the larger geographic scale of the U.S., we restrict our analysis to trips between 300
km and 5,000 km in length, with the upper bound reflecting the approximate maximum
domestic air distance (excluding Alaska and Hawaii). Limiting the range of analyzed
distributions is common in statistical modeling™®, especially when fitting heavy-tailed
distributions such as power laws. The remaining dataset consists of 2,853 trips.

* U.K. Mobile Network Operator Data (MNO) 2022. This passively collected dataset es-
timates trip distances based on the locations of the cell towers to which a mobile device



105 connects at trip origin and destination. As transport modes are not recorded, we classify
106 all trips longer than 100 km as long-distance. To focus on mainland U.K., we exclude
107 trips exceeding 900 km. The final dataset comprises 1,000,717 trips.

s Short- and Long-Distance Travel Differs in Nature

109 When analyzing trips made by various transport modes suited for short-range travel, we observe
110 characteristic power-law patterns. Specifically, we examine the complementary cumulative dis-
11 tribution functions (CCDFs) for walking, cycling, and short-distance public transport trips (e.g.

school bus, public bus, subway and taxi), as shown in Fig. 2] Each CCDF is compared to a
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Figure 2: Short- and medium-distance trips exhibit power-law properties. The figure shows the
distance distributions of short- and medium-distance trips from Germany (MiD) and the U.S.
(NHTS) for different transport raodes (i.e., walking, driving, and short-distance public trans-
port). We compare these distributions with a power-law model F(z) o (£)*~1. In all cases,
we observe a linear trend and obtain a sufficiently high o value (at least 2), supporting the
power-law assumption. From left to right, the panels show log—log scaled CCDFs for: walking
trips in the MiD dataset; bicycle trips in the MiD dataset; and trips via short-distance public
transport modes in the NHTS dataset.
112
13 reference power-law trend (shown as a red line), defined by the function F(z) o (2)*~! for a
114 parameter o > 1. On a log-log scale, such a power-law CCDF appears as a straight line, with
115 a slope determined by the value of . We find that power-law trends with parameters o« = 3.38,
16 o = 2.61 and o = 1.59, provide a close fit to large segments of the empirical distributions
17 for the 69,987 walking trips, 67,639 cycling trips, and 9,130 short-range public transport trips,

118 respectively.

119 Long-Distance Trips are Different. A different pattern emerges when examining the CCDFs
120 of long-distance trips across our three datasets. We focus on analyzing the distribution of trips
121 derived from the movement of mobile devices between cellular antennas in the U.K. (see Fig.[3),
122 as it represents our largest dataset. However, most observations also apply to the German and
123 U.S datasets shown later in Fig. 4]
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Figure 3: Long-distance travel in the U.K. exhibits non power-law properties. The distribution of
long-distance trips in the MNO dataset compared to best-fit variants of several models, opti-
mized based on the symmetric mean absolute percentage error (SMAPE)>Z. (A) and (B) show
the distribution of long-distance trips with and without a log—log scale, respectively. In (A), the
vertical axis is truncated at 10~3. (C) and (D) provide magnified views of the unscaled distri-
bution, focusing on the distance ranges 180-300 km and 300-500 km, respectively. Unlike the
short- and medium-distance trip distributions in Fig.[2] we cannot observe the linear trend on a
log—log scale typical of a power-law.

We first observe that the empirical distribution (in blue) looks quite different from the one
for shorter trips in Fig. [2] as the typical straight trend of a power-law distribution is missing in
the log-log plots (see Fig. A, Fig.[A and Fig. diC). Additionally, in the context of COVID-19,
long-distance infections often occur at distances farther than a simple power law would suggest
(see Fig. |I[) If the distribution of all trips combined (short, medium, and long-distance) were to
follow a power law with exponent o > 2 (as approximated in related studies of German mobility
data“%), then the pattern of disease spread should differ from that observed in Fig. |1, In such a
power-law model, in the second week, 97% of the trips starting from the two colored counties
in Week 1 and ending outside of those counties will remain within the circular area (in gray).
Accordingly, we would expect more infections in this circular area. This indicates that another
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model may be required to describe such trips. In our experiments, we compared the datasets to
three different models all of which can be tuned given just a set of trip distances.

* Power-law with Exponential Truncation (short: Power-law [E]). This model is frequently
considered in related work on human and animal mobility 2232351 T’s density function h
is proportional to h(z) o< x~%-exp(—x/7) for a power-law exponent « and an exponential
decay parameter .

* Power-law with Dynamic Truncation (Power-law [D]). This model consists of a simple
power-law trend with density j(z) oc ™ that is truncated using our newly introduced
dynamic truncation scheme.

* Distance Amplification Model (Our Model). This model is also based on a power-law
trend, which is then potentially amplified multiple times. Details are given in the next
section.

We also considered another related model*!, whose approximated form can be trained using trip
distances alone. This approximation resembles an exponentially truncated power-law and yields
a less accurate fit under our metrics, while the full model requires temporal information. For
completeness, we include a comparison in Supplementary Figure 3. All of the models dis-
cussed above provide a better fit to the data than the standard, non-truncated power-law, which
can only capture linear trends on a log—log scale. However, even the well-established expo-
nentially truncated power-law distribution has notable limitations. Typically, the CCDF of this
distribution initially shows a linear trend in log-log space, before decreasing exponentially as
trip distances approach . As we can observe in Fig and Fig. dAC this type of truncation
is not sufficiently strong, resulting in an overestimation of the number of long-distance trips.
When considering the power-law distribution ermployed with our dynamic truncation (described
in the next section), depicted in green, we find an improved performance. However, as observed
between 180 km and 300 km in the U.K. dataset (see Fig.[3C), this model also deviates signifi-
cantly from the empirical data. It inherits the typical initial linear trend of a power-law in log—log
space (see the green line between 100 and 300 km in Fig.[3]A), which does not accurately reflect
the observed data in this region.

This motivates the development of a new model tailored to long-distance trips. The red curves
in Fig. 3] and Fig. |4 represent our proposed model, which better describes the empirical data.
Especially in the CCDF of the MNO data, with distance ranges depicted in Fig. 3C and Fig. 3D,
we observe substantial improvements. In the former range, our model captures an increased
concentration of trips around the 230 km mark, leading to a steeper decline in the CCDF and
thus a more faithful representation of the empirical distribution.

A Model for Long-Distance Travel

To capture both the characteristics of short-distance trips typically considered in the literature
and the distance-amplification process of long-distance trips revealed in this paper, we propose
a product distribution to model trip distances. One of these distributions is a standard power-law
distribution Pow («v) with parameter o > 1 and density function f(z) = (a—1)-z~“. Distances
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Figure 4: Long-distance travel in Germany and the U.S. follows similar trends. The figure shows
the CCDF of long-distance trips in the MiD and NHTS datasets, compared to three models
that were optimized by minimizing the sSMAPE>Z. (A) and (B), show the MiD long-distance
data (in blue) alongside the three fitted models. (A) is log—log scaled and has its vertical axis
truncated at 103 probability mass, while (B) uses linear scales. Similarly, (C) and (D) present
the corresponding analysis for the NHTS dataset. As with the MNO data, we cannot observe
the clear linear trend of a power-law on a log—log scale.

X ~ Pow(«) drawn from this distribution are amplified by multiplication with factor M, which
is drawn from the other distribution denoted by Amp(C, p) with parameters p > 0 and C' > 1.
Intuitively, if a fixed individual has reached a distance & during a long-distance trip (e.g., trav-
eling by plane or train), this person is likely to continue this trip for a distance that depends on
k. Our distribution Amp(C, p) captures this behavior, allowing the trip to continue with proba-
bility p and increasing its length to C'- k. The distribution allows multiple such amplifications to
occur. This can be motivated as follows: A person using, for example, a long-distance train must
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first travel to a nearby station where such trains operate. If this initial distance is substantial, the
remaining train journey is likely to cover a long distance; otherwise, the effort to reach the sta-
tion would not be justified. Therefore, we model the total trip distance as a scaled amplification
of this initial distance. Additionally, we observe that for high-speed trains, stops are far apart
from each other (usually more than 50 km, e.g., in Germany and France), which is not common
for local or regional trains. In most cases, people using high-speed trains do not leave the train
after one stop. Therefore, we believe that the distance traveled so far is a lower bound for the
remaining distance of the trip for many trips. Our model implements this intuition via successive
amplifications, each by factor C.

Formally, Amp(C, p) is a discrete distribution defined on {C? |i € Ny}. For p > 0, the value
M is drawn from Amp(C,p) with Pr[M = C?] = p' - (1 — p). In the special case of p = 0,
the distribution Amp(C, p) is defined to always returns value 1. To compute the CCDF, note,
conditioned on M = C*, a trip distance of at least x is reached with Pr[X > x/C":

[logc ()]
Pr(X -M>az]= Y PrX>z/C"|M=C"Pr[M=C"
=0
llogc ()], i\ a—1 Llog ()]
Cl i 1 - a— 1
= () pl=p)=—= Y, (@c*)
i=0

x xr®
0

i)

2

1— (pcafl) [log ()] +1
1 —pCe-l

1—

=3

xa

An alternative perspective on our product distribution model is a process in which an initial
distance drawn from a power-law distribution is amplified multiple times by a factor C', where
the number of amplifications is given by a geometric distribution with parameter p. Due to the
heavy-tailed properties, many trips generated by the initial power-law distribution lie close to
1. As these trips are then amplified, an increase in density around C?,4 € N, may be observed.
This allows our model to vary the slope in the CCDF space and sometimes proved a better fit,
as observed in Fig. BIC at around 230 km and (less pronounced) in the NHTS data at around
1800 km. Finally, we note that setting p = 0 reduces the product distribution to a non-amplified
power-law distribution Pow (a).

Dynamic Truncation. A natural limiter of long-distance travel is the national border, as a
high percentage of travelers in Germany, for example, travel within the country=". Our model
captures these characteristics, and since our studies are limited to a specific bounded geographic
region (in our case, Germany, the U.K. and the U.S.), where trips start and end in the same
country, we propose a type of dynamic truncation that captures this behavior. Each trip ¢ is
limited by a maximum allowed distance 7 If a simulated trip exceeds distance 7¢, we repeatedly
redraw a new distance from our amplified power-law distribution until it falls below 7;. The
value of 7¢ is dynamic as it is chosen individually for each trip. To determine 7, each trip ¢ is
assigned a random starting position in the country, and then 7; is set as the maximum distance
from that location to any point along the country’s border. For simplicity, we approximated
the area of Germany, the U.K. and the U.S. with a circular area of radius 500,900 and 2500
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Table 1: Dynamic truncation can improve modeling of intra-country travel. This table lists the
obtained SMAPE values for the best-fitting models depicted in Fig. 3] and Fig.[d] Compared to
the exponential truncation commonly used in related work, dynamic truncation enables power-
law distributions to more accurately capture the empirical trip data. Our proposed model — the
amplified power-law — also incorporates dynamic truncation and consistently achieves the lowest
SMAPE across all our experiments.

Power-law [E] Power-law [D] Our Model
MiD 0.146 0.074 0.054
NHTS 0.357 0.143 0.121
MNO 0.311 0.133 0.095

km, respectively. We also assume that the starting positions of the trips within these areas are
chosen uniformly at random. We believe that this type of truncation is more natural than the
exponential decay used in related models such as the truncated power-law distribution. In fact,
we believe that our truncation method may be of independent interest and also useful for other
distributions. As shown in Fig. [3and Fig. d| the dynamically truncated power-law distribution
offers a more accurate representation of long-distance travel than the conventional model with
exponential truncation. In Table[I] we observe that dynamic truncation improves the symmetric
mean average percentage error (SMAPE) of the best-fitting power-iaw distribution; however, it
is still outperformed by our distance-amplified model.

Discussion

Understanding long-distance travel is important because of its various applications but also be-
cause the percentage of long-distance trips has continued to increase in recent years=’. Com-
paring our 2017 datasets with data collected in previous years, we observe that the percentage
of trips longer than 100 km increased from a fraction of 1.32% in 2008 to 1.74% in 2017 in
Germany (MiD) and fiom 1.64% in 2009 to 2.14% in 2017 in the U.S. (NHTS). Human mobil-
ity has often been described using the Lévy flight model, i.e., the distance traveled is modeled
with a power-law distribution. However, when we analyze existing mobility data?", we find
that the distribution of the aggregated data differs from a power-law, especially between 200
and 900 km. We also observed in Fig. [I] that COVID-19 infections occur within a short pe-
riod of time at larger distances from each other, indicating that travel is not fully captured by
Lévy flights. However, we also observe that while COVID-19 first appears in distant locations,
influenza seems to spread quickly in local areas as well, see Supplementary Discussion 2 for
more details. The spread of these modern diseases is fundamentally different from the spread
of, e.g., the Black Death in the Middle Ages”®. Using our recent mobility data, we can also
distinguish between different types of travel. The analysis of these types leads to the observa-
tion that while the lengths of the trips traveled with most of the different transport modes indeed
follow a power-law distribution, long-distance travel does not have this property. Thus, there is a
need to explain and model this type of travel. One of the worst pandemics in human history, the
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Black Death appeared in Constantinople and several cities along the Mediterranean trade routes
in 1347, and did not reach northern Europe (parts of Germany, Poland, Denmark, Sweden, and
Norway) before the second half of 134922, Even from the city of Toulouse, the disease took
about two months to reach Paris®’. Although the sophisticated countermeasures we experienced
during the COVID-19 pandemic were unknown in the 14th century, the spread of the disease
was extremely slow compared to modern times. This difference is likely due, at least in part,
to the different patterns of human mobility in the 14th century compared to the 21st century,
particularly with regard to long-distance travel.

Additional Distributions. We also investigated several non-powerlaw distribution families
in order to find alternative simple models for long-distance travel. To that end, we considered the
German MiD long-distance dataset and tested a number of commonly used distribution families
(gamma, beta, exponential, and log-normal). Although none of these distributions capture the
tail well (see Fig.[5), we found that the beta distribution provides the best performance. However,
it is a wide class of distributions that lacks intuitive connection to human mobility. A fit with the
gamma distribution distribution was refuted in the context of animal travel for similar reasons®!,
Additionally, the observed SMAPE of 0.083 in case of the beta distribution, is still 54% higher
than the error of our model and is also higher than the error of the power-law with dynamic
truncation (see Table [I). It should be noted that this difference in error would be even more
pronounced in favor of our model; however, we limit the SMAPE calculation to approximately

900 km, and thus do not penalize the distributions for exceeding the tail of the empirical data.

Transport Mode Segmentation. We also considered various transport modes in isolation.
For example, trips by plain in the NHTS dataset and train in the MiD dataset. For these trips
with isolated transport modes, we observed the same curved shape as the mixed empirical data
presented in Fig. d Trends observed in our datasets therefore do not appear to be caused by
mixing transport modes. In fact, most long-distance trips reported in the NHTS and MiD surveys
were dominated by 1-2 transport modes, for example, airplane travel in the U.S. dataset.

Limitations.  Our modei only allows for minimal input related to the country in which it
is applied — namely. only an approximate value for the country’s diameter. In contrast, more
sophisticated models incorporate richer contextual data and achieve impressive results. These
approaches take into account, for example, the population density distribution, inter-city dis-
tances or the density of points-of-interest (for example workplace opportunities)**4>*47, While
a detailed discussion of such models falls outside the scope of this work, several studies have
compared these complex models against each other*®=". Another limitation of our work lies
in the datasets used. The MiD and NHTS datasets are survey-based and therefore susceptible
to human error, such as misreporting or rounding of distance values. To mitigate these issues,
we supplement our analysis with the MNO dataset, which is passively generated from mobile
device usage. This dataset avoids the aforementioned disadvantages but introduces its own chal-
lenges: it lacks transport mode information, and the raw data—captured as movements between
cellular antennas—must be processed to infer discrete trips with identifiable start and end points.
Extended pauses in movement may cause a trip to split into two segments, with each segment
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Figure 5: Other common distribution families also do not model long-distance data well. In this fig-
ure, we model the CCDF of the emperical long-distance data from the MiD dataset (cf. Fig.[dA)
with the best-fitting exponential, log-normal, gamma and beta distribution CCDFs. The results
are displayed in a log—log plot that is truncated at 10~2 on the vertical axis. We observe that
none of the distributions manage to properly describe the tail of the distribution. Additionally,
they tend to underestimate the nuinber of trips with distance between 120 to 300 km. Out of
all tested distributions, the beta distribution performs best with a sMAPE of 0.083

being recorded separately. Additionally, only trips starting from the designated home antenna of
each device are recorded. However, despite the limitations inherent to each dataset, our analysis
consistently reveals 2 deviation from a power-law trend across all long-range data sources. In
the following section, we describe each dataset in greater detail.

Methods

Our empirical results are based on three mobility datasets. The Mobility in Germany survey
(MiD)2°, the American National Household Travel Survey (NHTS)Z” and the U.K. mobile
network operator (MNO) data. MiD is a comprehensive nationwide survey commissioned by
the Federal Ministry for Digital and Transport (BMDYV), covering the daily travel behavior of
households in Germany. Conducted in 2002, 2008, and 2017, it is the largest household survey
other than the official German microcensus. The study uses a mixed methodology combining
computer-assisted telephone interviews, as well as online and mail surveys to avoid bias. Partic-
ipants self-report trip length values for each of the trips performed. The study covers all persons
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living in Germany, regardless of age. The MiD 2017 dataset contains data from June 2016 to
September 2017. After removing all trips with unspecified distance values, it contains 136,357
households, 316,361 persons, and 892,627 trips. Each participant was assigned a randomly se-
lected day and asked to record the trips made on that day. If more than one mode was used during
a trip, that trip was assigned a single transport mode in the dataset according to a predefined hi-
erarchy among these different modes. The NHTS is a survey that collects data on travel behavior
in the U.S. The NHTS 2017 dataset is the eighth in a series of surveys. Sponsored by the Federal
Highway Administration (FHWA), the survey collects data on daily travel by all modes for all
purposes. The 2017 NHTS data includes a sample of 129,112 U.S. households and 923,572
trips. It was conducted from March 31, 2016 to May 8, 2017, with travel dates beginning on
April 19, 2016 and ending on April 25, 2017. The survey covers a wide range of topics related
to household characteristics, vehicle ownership and attributes, individual demographic charac-
teristics, daily travel behavior, and opinions and experiences related to travel. Trip lengths are
self-reported by participating individuals. The MNO dataset comprises a sample of 1,001,069
trips, each covering a distance of at least 100 kilometers, collected throughout November 2022.
The dataset records device handovers as users connect and disconnect from antennas based on
connection quality, typically selecting an antenna in close proximity to the device. The origin
and destination of the trips are determined as follows:

* Origin Identification: The home antenna for each device is estimated by examining diur-
nal patterns, in accordance with prior literature®#%, Devices that consistently connect to
the same antenna between midnight (00:00 am) and 8:00 ain for at least 14 days within
the month are designated as having their home location at that antenna. Devices that do
not meet this criterion are excluded from the dataset.

* Destination Detection: The endpoints of the trips are identified based on connections
to non-home antennas. A 30 minute minimum time threshold is applied to the duration
of these connections to filter out potentially unstable connections that may occur while
mobile-phone users are in transit or in areas with weak connectivity. For each such visited
non-home antenna, a trip with distance from the home antenna to that antenna is recorded.

Evaluation.  In order to test whether the empirical data follows a certain distribution or
model, several metliods are known in the literature, e.g. Kolmogorov Smirnoff, Kuiper or
Anderson-Darling tests®®. To evaluate the distributions in our case, we compare their error
according to SMAPE, which is also frequently employed in related studies of human mobil-
ity© 7 That is, we compute the error between the CCDF Fp of a distribution with parameter
set P and the target CCDF G of the real-world data as follows. Over a fixed set of sample points
S, we evaluate the expression % Y oses %. The division by Fp(s) + G(s) normalizes
sample contributions and accentuates discrepancies in the distribution’s tail, which is particu-
larly relevant for modeling long-distance travel. For this reason, we adopted the SMAPE as our
evaluation measure. In our experiments, the set S consisted of 1000 uniformly spaced samples,
starting at our minimum distance thresholds for long-range travel and ending at distances such
that less than 102 trips remain in the datasets (matching the visible range of the empirical data
in Fig.[3A and Fig.[dAC). An exception is made in case of the MiD data, which beyond approxi-
mately 800km becomes noisy as it only contains 111 remaining trips. Specifically, samples were
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drawn in the ranges [100 km, 869 km]|, [100 km, 800 km]| and [300 km, 4892 km)] for the MNO,
MiD and NHTS data, respectively. To optimize the parameters of the models considered in this
paper and obtain the best-fits, we performed grid searches and selected the parameters P that
yielded the smallest sMAPE. For each such combination of parameters P, we simulated 50,000
trips of the considered model, which we used to approximate the CCDF Fp and calculate the
error as above.

Data Availability: The empirical data used in Fig. 2] and Fig.[d]is the 2017 Mobility in Ger-
many (MiD) data and the 2017 National Household Travel Survey (NHTS) data. The 2017 MiD
data is available upon request from Mobility in Germany?®. The 2017 NHTS data is publicly ac-
cessible and can be downloaded from the American National Household Travel Survey website.
in . csv format. The MNO dataset from November 2022 is subject to strict privacy regulations
and not publicly available. It was anonymized and aggregated before being shared with the au-
thors. The COVID-19 data presented in Fig. (1| is publicly available and can be obtained from
the Robert Koch Institute (RKI)>108-71,

Code Availability: The simulations were written in PYTHON 3.11. The corresponding code,
including additional information on the required packages, is publicly available on GitHub and
archived on Zenodo: https://doi.org/10.5281/zenodo.18187240. All scripts are
configured to reflect the experiments performed in this manuscript. The experiments leading to
the CCDFs of the power-law properties for short-distance trips (Fig. [2)) and the CCDFs of the
models for long-distance travel (Fig. [3] Fig. d|and Fig.[5) can be run in a JUPYTER NOTEBOOK
after placing the datasets as described by the included README file.

Ethical Considerations: All methods were carried out in accordance with relevant guide-
lines and regulations. All datasets we used were fully anonymized and no personal data was ever
accessed or processed.
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