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Abstract
Passively-generated location data have the potential to augment mobility and transportation 
research, as demonstrated by a decade of research. A common trait of these data is a high 
proportion of missingness. Naïve handling, including list-wise deletion of subjects or days, 
or linear interpolation across time gaps, has the potential to bias summary results. On the 
other hand, it is unfeasible to collect mobility data at frequencies high enough to reflect all 
possible movements. In this paper, we describe the relationship between the temporal and 
spatial aspects of these data gaps, and illustrate the impact on measures of interest in the 
field of mobility. We propose a method to deal with missing location data that combines a 
so-called top-down ratio segmentation method with simple linear interpolation. The linear 
interpolation imputes missing data. The segmentation method transforms the set of loca-
tion points to a series of lines, called segments. The method is designed for relatively short 
gaps, but is evaluated also for longer gaps. We study the effect of our imputation method 
for the duration of missing data using a completely observed subset of observations from 
the 2018 Statistics Netherlands travel study. We find that long gaps demonstrate greater 
downward bias on travel distance, movement events and radius of gyration as compared to 
shorter but more frequent gaps. When the missingness is unrelated to travel behavior, total 
sparsity can reach levels of up to 20% with gap lengths of up to 10 min while maintaining 
a maximum 5% downward bias in the metrics of interest. Temporal aspects can increase 
these limits; sparsity occurring in the evening or night hours is less biasing due to fewer 
travel behaviors.
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Introduction

Sensor data has the potential to introduce new depths to travel survey by reducing response 
burden, human error, and subjectivity. In transportation planning, health studies and eco-
logical research, data from Global Navigation Satellite Systems (GNSS) is now well into 
its second decade of use. Collection of individual traces using respondents’ own mobile 
devices rose with the ubiquity of sensor-equipped mobile device. Research shows that this 
individual-level sensor data has the capacity not only to collect mobility data, but to pro-
vide a basis for behavioral interventions (Batool et al. 2022; Cellina et al. 2019). Despite 
this fact, most publications represent field test and introductory apps (Allström et al. 2017; 
Chambers et  al. 2017; Marra et  al. 2019; McCool et  al. 2021). In fact, a recent SWOT 
analysis of Smartphone-Based Travel Surveys (SBTS) found that the majority of research 
teams discontinued their applications following the initial project (Pronello and Kumawat 
2020). Only recently have SBTS advanced to second rounds of data collection, or under-
taken research beyond their own feasibility (Molloy et  al. 2020; Patterson et  al. 2019; 
Axhausen et al. 2020).

Because SBTS aim to collect data both at a high frequency and over a lengthy period, 
almost all studies encounter problems with missing data, often wholly outside the con-
trol of any involved party (Wang et  al. 2018; Gadziński 2018; Harding et  al. 2020; Xie 
et  al. 2020). While many researchers opt to remove cases or periods of time containing 
sparse data, this both risks biasing results and functionally reduces sample sizes in a field 
where participation is already limited (Körner 2012; Wang et al. 2019). Researchers who 
aggregate the data to remove the spatiotemporal nature discard the potential benefits inher-
ent in this novel method of data collection, and may still introduce bias (Baratchi et  al. 
2014). Robust methods of handling missing data arise independently from any of six differ-
ent fields: statistics, machine learning, transportation, engineering, geoscience or computer 
science (Chen et al. 2016; Harrison et al. 2020; Servizi et al. 2020; Shen et al. 2014). Each 
field may have its own terminology and set of underlying assumptions, leaving researchers 
in search of best practices to parse through disparate partial solutions.

Crucial to avoiding the propagation of biases biases from the raw data is quantifying 
the impact of the missing data. Quantification can be thought of as a multi-step process. 
First, key outcome measures should be identified, as these guide the decision making pro-
cess. Second, it is possible to establish a relationship with some mechanism available in 
the incomplete data, such as the amount of missing data or the length of the gap. A third 
step would allow trip characteristics to develop this relationship further. Step four is the 
estimation of the missing measures of interest, which must be based on the relationships 
uncovered in previous steps, given the selected complete data. Finally, we may allow for 
steps three and four to vary across individual features.

In this paper, we detail steps one through three. The remainder of the introduction 
discusses causes and existing solutions for missing data, while Sect.  2 outlines methods 
for describing the extent of missingness in the raw data and pre-processing it for analy-
sis. Section 3 explores the relationship between bias in mobility metrics and missing data 
by inducing missingness into complete mobility data. Finally, Sect. 4 discusses the results 
of the simulation, and suggests a methodology for establishing the limits at which simple 
mechanisms for addressing gaps in the data begin to fail.

Causes of missingness in passively-collected location data vary in both origin and 
relative impact (Hecker et  al. 2010; Shen and Stopher 2014). Mechanisms due to signal 
loss, such as blocked line of sight, or the "cold-start" problem, often produce small gaps. 
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Others may produce longer gaps, obscuring one or more trips within a day, by causing the 
device to stop transmission. This may come from battery drain, termination of the app by 
the device or user, powering off of the device, or entering into hibernation mode. Some 
of these may take considerable time to resolve, which can lead to multi-day gaps. Lastly, 
device incompatibility and respondent willingness can lead to missingness at the user-level.

The simplest cause of signal loss is interrupted line of sight. In a study comparing 
GNSS-generated trajectories with users’ recorded travel diaries, 15.7% of the GNSS trajec-
tories contained at least one instance of blocked line of sight (Stutz 2019). This tends to be 
related to particular location-related circumstances, such as traveling through an underpass 
or tunnel. In these cases, there will be a loss of signal transmission, leading to no data 
being recorded for the length of time during which the GPS satellite and the phone are 
unable to establish a connection. If the gap is linearly interpolated by connecting the coor-
dinates immediately preceding and following this gap, this assumes a path that is perfectly 
straight in the intervening time. As tunnels and underpasses are often constructed with the 
shortest distance in mind, the expected impact on distance or number of discrete travel 
events is minimal, but any deviation of the true path from this linearity will bias estimates 
that are based on the underlying behavior. On the other hand, a true straight path may show 
little to no bias, even if the signal is blocked for a much longer period, as might be the case 
with a train traveling through a tunnel.

A secondary physical cause is the so called "urban canyon," which may occur in areas 
where many tall buildings are situated close together, and have the potential to block 
the line of sight (Chen et  al. 2010). Similarly, urban environments can contain "black 
holes," or areas in which all entering trajectories may disappear, as documented by Hong 
et al. (2015). Unlike missing data caused by a short tunnel, travel behavior within urban 
canyons or black holes is not restricted to a generally straight path. A slight downward-
biasing of distance and radius of gyration would be expected in data that contain miss-
ingness due to urban canyons, and stops within the built-up area may be lost entirely. 
Urban canyons can also lead to noisy data, when reflected satellite signals cause errone-
ous triangulation.

The cold start problem is another common cause of signal loss, with one study demon-
strating that 27.5% of all trajectories contained a cold-start period (Stutz 2019). Because 
someone’s location is usually determined by Wi-Fi sensors when indoors, and by GPS out-
doors, the start of a trip is often missed during the hand off at the boundary. The process of 
identifying a sufficient number of GPS satellites in order to accurately record a position is 
not immediate and can take anywhere from 20 seconds to 12.5 min (Langley 2015) to pro-
vide an initial position. Someone can range quite far within this time period, and, unlike in 
the tunnel situation, is unlikely to be following a strictly linear path from the point at which 
they left the building, to the point at which the signal is regained. A downward bias of esti-
mates of distance traveled and radius of gyration in calculating naive statistics with linear 
interpolation is expected. When the underlying travel behavior represents a round trip that 
is sufficiently short, an entire trip may be lost.

While map features and data characteristics may allow for distinguishing the causes 
of short gaps, the generation mechanisms behind long gaps are more difficult. A com-
mon pattern of missing data occurs when the device itself ceases acquiring data on 
behalf of the application. This can be as a consequence of user intent – the user has 
shut off their phone or closed the application. This can also be unintentional, and part 
of the design of the operating system. Android operating systems and iOS operating 
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systems alike have both introduced measures to limit battery drain when a phone 
user is not directly engaged with the device, called variously Doze mode or Hiberna-
tion (Bähr et al. 2022; McCool et al. 2021). Additionally, some phone manufacturers 
include versions of the Android operating system that will aggressively kill apps, pre-
venting them from running in the background (Zhou et al. 2020). Consequences vary 
with respect to the length of the gap and the cause of the gap. A lengthy period of 
missing data followed by a period of activity may indicate that the device was in hiber-
nation or doze mode. Yoo et al. (2020) report higher levels of sparsity in the nighttime 
hours, likely due to this OS behavior. In this case, the impact on distance, spread of 
activity (measured as Radius of Gyration), and discrete trip events is likely to be mini-
mal. However, there is little to distinguish this from the case in which the app has been 
closed, either by the user or the OS, and subsequently reopened by the user. This has 
the potential to obscure extensive travel behavior, and may produce large downward 
biases in distance traveled and radius of gyration, and will often miss trips and stops. 
The longer the gap, the more influential it is likely to be.

Devices that cease recording data due to battery discharge may demonstrate simi-
lar data patterns, but may be identifiable if the app records battery life history. This 
is more likely to occur during a trip, leading to missing trip ends. As the location 
updating process tends to be in itself draining on the battery, longer trips are both 
more likely to use battery, as well as prohibit charging for longer periods of time. If 
data collection begins again, this is likely to occur at a known stop, such as home or 
work.

These situations lead to gaps in a user’s location history that can be quite large, 
ranging from hours to days or weeks. Lacking a model for predicting and contextual-
izing the interim period, accurately accounting for the bias becomes impossible.

Previous studies have proposed addressing missing data within the SBTS in cer-
tain ways. Prelipcean et al. (2015) used manually-generated trip diaries to fill gaps in 
passively-generated data to establish a joint ground truth. Meseck et al. (2016) filled 
each gap with the median location of the preceding twenty coordinates. Bihrmann 
and Ersbøll (2015) performed multiple imputation on aggregate measures of interest. 
Huang et al. (2020) implemented fuzzy c-means imputation on missing taxi gps data 
to construct missing segments within the trajectories. Barnett and Onnela (2018) and 
Zhao et al. (2021) sampled from existing trajectories to fill in gaps. Schuessler and 
Axhausen (2009), Bierlaire et al. (2013) and Li et al. (2021) use map-matching meth-
ods to improve sparse data. Others, such as Nawaz et al. (2020) and Liu and Onnela 
(2021), use other methods of probabilistically establishing what occurs within gaps. 
Table 1 provides an overview of some recent methodologies.

While methods have been proposed for managing these gaps, nothing is currently 
available as a benchmark to researchers looking to assess the extent and composition 
of their own missing data, in order to guide the choice of when and how to apply these 
methods (Yoo et al. 2020; Zhao et al. 2018; Hwang et al. 2018). We fill this research 
gap by simulating missing data with different characteristics based on real travel sur-
vey data. In the simulations, we vary gap length and density. Doing so, it is possible to 
set lower thresholds for when missing data becomes problematic. This critical first step 
enables selection of an imputation mechanism on the basis of research goals and data 
availability.
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In this paper, we evaluate the method of linear interpolation for addressing gaps 
of varied sizes, under the assumption that certain features may define gaps where it 
is likely that users have followed a mostly linear path. We distinguish this from map-
matching methods, which may be applied in a subset of these situations, but which are 
more complex, and often unavailable for pedestrian or bike routes.

Methods

When location data are collected, they are sampled from an underlying continuous trajec-
tory. Two consecutive sampled points will be separated both by distance and by time. The 
shorter the time interval between the sampled points, the more accurately the continuous 
trajectory is approximated. A consequence of this discretization of the continuous trajec-
tory is that all location history data contain missingness due to the nature of sampling. 
This limits the extent to which GPS traces can be categorized either as wholly complete or 
wholly missing. Instead we propose a metric to establish the impact of potential missing 
information between successive points.

Sparsity

By discretizing a respondent’s total observation time, T  , into a number of same-length 
intervals of length � . � becomes the temporal resolution of our missingness analysis. � must 
be chosen to reflect the goals of the eventual analysis, reflecting an interval that is short 
enough to preclude missing impactful behavioral changes, but long enough to encompass 
the sufficient sampling interval.

Table 1  Existing solutions for missing data

Study Gap Assumptions Auxiliary info

Barnett and Onnela (2018) Long User’s recorded behavior 
similar to missing behavior

Longitudinal data

Bierlaire et al. (2013) Short Traj. follow maps Transportation network data
Bihrmann and Ersbøll 

(2015)
Long Geographic variables not of 

interest
None

Huang et al. (2020) Short/ Long Traj. can be represented by 
metrics of interest

Densely overlapping trajec-
tories

Li et al. (2021) Short Traj. follow maps Map data
Liu and Onnela (2021) Short Gaussian distributed gaps, 

strictly MCAR 
Longitudinal data

Meseck et al. (2016) Short Missingness represents 
stationary periods

None

Nawaz et al. (2020) Short/ Long Spatial aggregation Longitudinal data
Prelipcean et al. (2015) Short/ Long Recall data are accurate Travel survey
Schuessler and Axhausen 

(2009)
Short Traj. follow maps Transportation network data

Zhao et al. (2021) Long User’s recorded behavior 
similar to missing behavior

Longitudinal data
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The discretization of T  into intervals of length � leaves us with T
�
= T  intervals, 1, ... , t.

Each interval in a user’s trajectory can be assigned an indicator representing presence, 
rt = 1 , or absence, rt = 0 , of at least one record during the time period. The proportion of 
rt = 0 relative to T provides a measure of sparsity with respect to � , parameterized as q in 
Equation 1.

We can extend this measurement of sparsity across persons, units of time (e.g. days, weeks), 
and states (e.g. traveling, stationary). We speak of N persons, i = {1, 2,… ,N} . Each per-
son i has data occurring in Ji units of time, j = {1,… , J} , and Kij states, k = {1,… ,K} . 
Each state kij contains Tijk intervals, t = {1,… , T} . Let rijk represent a binary indicator of 
any record for discrete time period t in state k in time interval j for person i. This leads to 
the following full equation for sparsity shown in Equation 2.

Segmentation

Location data are generated as a time-stamped sequence of points which reflect a geo-
graphical position at a moment in time. These coordinates reflect someone’s continuous 
location history with a set of discrete points which make calculations on underlying trajec-
tories costly and conceptually difficult. If the data can be reduced in size without sacrific-
ing information, it is possible to simultaneously reduce both the computational complexity 
as well as the number of assumptions that must be made about individual locations. One 
method of data reduction is by partitioning time-stamped trajectories {p0, p1, ..., pi, ..., pn} 
into straight line segments p0, pi pi, pn that sufficiently represent the path (Lee and Krumm 
2011). These line segments can then be used for calculations on properties of the underly-
ing trajectory such as speed or distance. They can additionally be more easily compared 
against other trajectories consisting of line segments in order to identify similar paths and 
come with the added benefit of reducing measurement error common to GPS navigational 
systems.

Methods of segmentation vary, but most follow along with the well-known Ramer-
Douglas-Peucker algorithm’s method of creating new segments based on the magnitude of 
discrepancy between the proposed segment and the point that it should represent (Ramer 
1972; Douglas and Peucker 1973). Figure 1 illustrates the original Ramer-Douglas-Peucker 
algorithm in which endpoints are successively introduced within the trajectory at the point 
with the largest perpendicular euclidean distance. This simulation study implements the 
Top-Down Time Ratio algorithm outlined in Meratnia and de By (2003). This is an exten-
sion of the Ramer-Douglas-Peucker algorithm in which endpoints are selected on the basis 
of largest spatial euclidean distance. A segment is generated between the first location in 

(1)q =
1

T

T∑

t=1

rt = 0

(2)q =
1

N

N∑

i=1

1

Ji

Ji∑

ji=1

1

Kij

Kij∑

kij=1

1

Tijk

Tijk∑

tijk=1

rijkt = 0
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a trajectory and the last location in the trajectory. Each recorded location point between 
the two segment ends is given a proposed new point along the generated segment, with 
respect to the elapsed time. The distance is calculated between the recorded point and this 
pseudo-sampled point. The point lying furthest from its segment is selected to form a new 
segment end, whereupon the process begins again. Algorithm 1 describes the process as 
implemented in this study.

The algorithm is iterative and if allowed to run indefinitely will create N − 1 segments 
for N points. In order to be useful it must be given a stopping criteria such as the number 
of segments or the maximum error distance between the recorded points and the adjusted 
points that lie along the line segment. The smaller the error, the more information is pre-
served, and the more segments are created. Too many segments will reduce capacity for 
later imputation. It is therefore important to choose stopping criteria such that we find a 
balance between the two opposing aims.

Fig. 1  Ramer-Douglas-Peucker Algorithm
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Metrics of interest

The relative impact on commonly used mobility metrics was used as an evaluation cri-
teria for outcome comparison. Trajectories were decomposed into stop and move sec-
tions using an implementation of a rule-based stop classifier, as described in Montoliu 
et  al. (2013). Algorithm  6 details our implementation, which notably lacks an upper 
limit to stop length which was not necessary given the maximum trajectory length of 
24 h. Individual subsequent stops were merged into single stops if their centroids were 
less than 100m distant in order to reduce the number of incorrectly differentiated stops.
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Distance metrics were calculated using the Haversine method (Robusto 1957). To arrive 
at total distance, the distance between all segment endpoints was calculated for the entire 
trajectory. Moved distance involved summation of distances between all segment endpoints 
when segmentation was performed on move events only. Similarly, total move time was 
established by summation of elapsed time for each move event segment.

Radius of Gyration (RoG) is calculated as the root-mean-square time-weighted 
average of all individual locations during an individual’s 24-h period, as shown in 
Equation 3. It was necessary to weight by time due to the unequal frequency of loca-
tion collection, since the higher density movement trajectories would otherwise inflate 
estimates of the metric.

Where lon and lat are defined respectively as 
∑

j wjlonj∑
j wj

 and 
∑

j wjlatj∑
j wj

 and wj is a weighting ele-
ment, representing half the time interval during which a location was recorded wj =

tj+1−tj−1

2
.

Relating bias and sparsity

Motivating example

As a motivating example, we consider the data collected from a 2018 field test of the 
Statistics Netherlands travel app. This field test concerned 1902 sample persons aged 
16 and older. The sample was evenly divided between a new random sample taken 
from the Dutch population register and a secondary group of respondents randomly 
sampled from participants who had participated in the study ODiN in the two months 
preceding the field test. ODiN is an online-only study of individual mobility in the 
Dutch population (Centraal Bureau voor de Statistiek 2022).

Both groups of respondents were contacted via post with a request to download the 
application onto their personal mobile devices, register using the enclosed personal 
username and password, and record seven days of movement behavior. Full details on 
app methodology and data structure are available in McCool et al. (2021).

While the app was running on the phone, it captured a participant’s location once 
per second while the person was determined to be in motion, and once per minute 
while the person was determined to be stationary. This determination was based upon 
an algorithm that assessed whether or not the displacement between recorded intervals 
exceeded thresholds indicating movement behavior.

Collectively, a total of 2087 person days were recorded amongst 576 participants. 
The mean length of participation was 13.3 days, and the average number of hours with 
location information in a day was 8.2 h. The large percentage of missing data rendered 
calculation of the summary statistics of interest, such as number of trips and distance, 
difficult without careful consideration of the underlying mechanisms leading to the 
missing data.

(3)

����
∑

i wj × dist([lon, lat], [lonj, latj])∑
i wj
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Missing data in Statistics Netherlands travel app

Because gap times differ, the choice of � impacts assessment of overall data sparsity. The 
distribution of sparsity within the data set was evaluated with � was set variously to be 1 
min, 5 min, and 15 min. Because the sampling interval while stationary was set to 1 min, 
reducing our temporal interval to the width of the sampling interval does not allow for the 
same level of discrimination between persons. A temporal resolution of 15 min may be 
too large to preclude non-negligible travel behavior. Figure 2 shows the distribution of qi 
in the full data set under these three temporal resolutions. With a � of 1 min, a very small 
percentage of our data would achieve a sparsity < .5 . However, the difference between tem-
poral resolutions of 5 and 15 min is less pronounced. When selecting for complete data, we 
do so on the basis of 5 min intervals.

Selection of complete data

A subset of data were selected where the qij|𝜏5 < .05 for a contiguous 24 h period. Figure 3 
provides a graphical breakdown of the exclusion steps leading to this selection. In total, 
185 persons representing 584 complete 24-h periods remained. As we intend for the simu-
lation study with induced missingness to be generalizable to those persons with true miss-
ingness, we tested whether the persons with complete data were likely to be representative 
of the group as a whole. For this analysis, we make use of the fact that we have indepen-
dently recorded data on travel behavior from the ODiN study for many individuals. It was 
possible to link 354 of the 360 from the ODiN sample that had provided at least some data.

Of these 354, 114 recorded at least one complete day within the app (group CD), and 
240 did not (group NC). Groups were compared on three measures of interest from the 
proposed simulation study using a 2-sample permutation test and 104 iterations. Group CD 
recorded less active travel time ( � = 77.0, � = 58), than group NC ( � = 93.9, � = 77), 
p = .02 . Travel distance was similar between group CD ( � = 44.4, � = 62.2) and group 

Fig. 2  Sparsity across � , T  7
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NC ( � = 54.7, � = 71.5), p = .17 , as was mean number of trips for group CD ( � = 3.5, � = 
2.3) and NC ( � = 3.3, � = 2.0), p = .47 . There may be some indication of differential travel 
behavior between groups CD and NC, with the group with more complete data more likely 
to have mobility behavior that reflects more time spent with the app actively recording 
locations once per second.

Selection of an error parameter for segmentation

A simulation study was conducted on the subset of complete set of data, qij < .05 in order 
to determine the relationship between the selected error level of the stopping parameter 
and the distance covered. Baseline comparison was to an unfiltered error parameter of 1 
meter. Error conditions ranged between 1 and 150 meter tolerance. The data were either 
unfiltered, mean filtered, or median filtered prior to segmentation, as described in Lee and 
Krumm (2011).

Results from the simulation study demonstrate a relationship between total distance 
and maximum error that is dependent upon the number of move states that a person has 
entered. While there is a clear negative relationship between the maximum error and the 
relative total distance, it is non-linear. Figure 4 demonstrates this complexity. We expect a 
very small amount of true movement when a person is stationary, so an appropriate error 
parameter in this case is one that reduces the relative distance to zero. An "elbow" at the 
error tolerance of 20 meters in the stationary condition indicates a bottoming-out of noise-
reduction. Higher error parameters would reduce this number further, but at the cost of 
perhaps erroneously reducing the distance during true movement behavior. The median 
relative distance in the true movement cases at an error parameter of 20 meters is approxi-
mately 90%, which aligns with previous findings (Palmer 2008; Ranacher et al. 2016).

Fig. 3  Steps leading to selection of complete data
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Simulation study design

Data

The set of data qij|𝜏5 < .05 was divided into individual 24 h periods for improving com-
parison between users. A user with one four-day contiguous set afterwards had four sets 
of 24 h, with any remainder discarded. The 24 h period began from the first measurement 
for which all subsequent measurements in the period had no gaps greater than 5 min. The 
raw data were subsequently cleaned according to the stop detection protocol implemented 
in the original mobility app. Data were retained if the estimated accuracy provided by 
Android or iOS was under 80 meters. It was necessary to select a sufficiently large accu-
racy in order to incorporate data acquired via Wi-Fi triangulation on iOS as this defaults to 
65 meters. Selecting a suitably low accuracy effectively removes cell tower-based locations 
and locations for which there are an insufficient number of navigational satellites visible 
to establish a reliable position. Before introduction of missing data, q̄ = .001 , with a range 
of 0–.03 . 187 users were retained, representing 362 contiguous periods, broken into a total 
of 584 24 h periods. The mean number of periods per user was 3.12, with a range of 1–25.

Simulating short gaps

In order to assess the impact of increasing levels of sparsity generated by small gaps, the first 
study introduced missingness to the data (completely) at random. This represents a situation in 
which the missingness was not functionally related either to mobility or the user. Each period 
was divided into 288 five-min time intervals. Sparsity was introduced at ten percent intervals, 
ranging from q = 0 , where no data were removed, to q = .9 in which 90% of the 5 min inter-
vals were excluded. For each period, this process was repeated 20 times at each q to allow for 
different portions of the data to be removed. This led to 180 versions of each set with varied 

Fig. 4  Distance comparison for max error tolerances across differing number of true moves
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patterns of missingness. Each version was linearly interpolated across gaps and segmented, 
followed by calculation of the outcome measures. Algorithm 2 describes the steps in detail.

Simulating long gaps

Functionally, short gaps reduce the overall density of trajectories while maintaining overall 
mobility characteristics. Long gaps at the same overall level of sparsity should induce a dif-
ferent pattern. Long gaps at increasing levels of sparsity are likely to remove whole trips and 
thereby decrease movement distance and RoG, which should meaningfully distort travel met-
rics at lower q than short gaps.

A simulation study was designed in order to test this assumption. q was induced at ten per-
cent intervals, as in Sect. 3.2. Instead of removing data in 5-min intervals at random, a starting 
point was selected in the data, after which locations were removed in 2.4 h intervals, repre-
senting one tenth of a twenty-four hour day and thus corresponding to each level of q. In order 
to investigate the temporal characteristics, this process was carried out 24 times for each data 
set, selecting a starting point for each of the recorded hours. For iterations i > 2 , some q would 
reach the end of the 24 h period, in which case further removal started from the beginning of 
the 24 h period. This process is detailed in Algorithm 3.
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Short gap sensitivity analysis

Analysis of the results from the short gap and long gap simulation studies indicated that 
gap length was important independent of the total sparsity in the data. We hypothesized 
that it should be possible to use the time length of the gap in order to discriminate between 
two types of missing data: those that can be ignored and solved with linear interpolation, 
and those that cannot be, terming them "short" and "long" gaps, respectively.

A third simulation study was conducted in order to provide a more in-depth look at the 
variation when gap lengths vary from 1 min to 15 min. For each complete data set, gaps 
were created between 1 and 20 min in length in increments of 1 min, in each of the 24 h 
in the data set. The range of q calculated after removal fell between .02 in the case where 
1 min was removed from the start of each hour and .33, where 20 min were removed from 
the start of each hour. This is further described in Algorithm 4.
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Results

Simulation study

Across all three simulation scenarios, we investigated the impact of linear interpolation 
as a method for addressing gaps in the data. Outcome variables of interest were chosen 
to represent variables commonly used in mobility research and included total distance, 
total travel distance, number of stop and move instances, radius of gyration, and total move 
time. Method of calculation for these metrics is described in Sect. 2.3.

Because the absolute metrics may differ by up to an order of magnitude between per-
sons, comparisons were performed by evaluating the percentage difference of the metric in 
the interpolated data set as compared to the metric in the complete data set. Figures 5, 6, 
7, and 8 group these percentages by box plot across the differing levels of sparsity in order 
to provide a robust summary of features of the distribution. The box spans between the 
upper and lower quartile values of the statistic, and the horizontal lines extends from these 
values through to 1.5 times the interquartile range from the median. The median is repre-
sented by the horizontal line through the box. Values extending beyond the horizontal lines 
are represented by individual points. Tables and figures evaluating percentage difference in 
movement behavior excluded participants registering no moves in their complete data, and 
all figures and tables excluded persons registering less than 200 meters of total movement 
behavior.

Short gaps

The data with induced missingness were compared to the complete data set in order to 
evaluate the impact on metrics of interest. Table 2 and Fig. 5 show the decrease in moved 
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distance and number of stops with increasing sparsity. At 30% sparsity, the mean distance 
retained is almost 90%, and the median distance retained is 93%. Only as sparsity levels 
exceed 60% does the median distance lost reach 20%. Similarly, filling gaps through linear 
interpolation fails to impact the median number of stops until sparsity reaches 50%. In fact, 
these short gaps become problematic only when they become long gaps, as two or more 
adjacent short gaps merge into one.

Figure 5 shows a relationship between distance metrics and sparsity that may be pre-
dictable in aggregate. Individual response demonstrates a considerable amount of vari-
ance – while it may be possible to predict the percentage of distance lost, number of travel 
behaviors, or total transit time based on the available data and sparsity, the uncertainty as q 
exceeds .3 in a naïve prediction would lead to confidence bands extending, in some cases, 
from a 50% increase to a 99% decrease.

Long gaps

The results of the second simulation study, designed to investigate whether or not the same 
method of linear interpolation worked for gaps of increasing length, can be seen in Fig. 7 
and a brief summary of median results can be found in Table 3. An increase in q to .3 

Fig. 5  MCAR short gap analysis

Table 2  MCAR Short Gap: 
Median (%) absolute differences

q Travel Distance (km) Radius of Gyration Stops

0.1 –0.4 (–1.2%) 0 (0%) 0 (0%)
0.2 –1 (–3.8%) –0.4 (0%) 0 (0%)
0.3 –1.7 (–6.8%) –1.4 (–0.1%) 0 (0%)
0.4 –2.6 (–10.4%) –3.2 (–0.1%) 0 (0%)
0.5 –3.6 (–14.3%) –6.8 (–0.3%) 0 (0%)
0.6 –4.9 (–18.9%) –13.7 (–0.6%) 0 (0%)
0.7 –6.3 (–24.6%) –26.3 (–1.1%) –1 (–6.2%)
0.8 –8.4 (–32.7%) –54.1 (–2.3%) –1 (–7.1%)
0.9 –11.6 (–49.8%) –138.8 (–5.9%) –1 (–8.3%)
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accompanies a downward bias of 12.7% in median travel distance. Median RoG remains 
relatively stable through a q = .4 , whereas the number of recorded stops becomes unstable 
with q > .3.

Figure 7 demonstrates wide variability in response from individuals across all metrics. 
Removal of 50% data contiguously could remove the entirety of one respondent’s travel 
behavior within a day, while leaving all travel behavior intact for another.

Figure 6 shows the differential relationship between increasing sparsity through induc-
tion of multiple smaller gaps versus increasing sparsity through increasing the length of 
a single gap. In all situations, long gaps demonstrate a more extreme departure from the 
ground truth than short gaps at the same levels of overall total missingness.

Short gap sensitivity analysis

Table 4 shows some results from this sensitivity analysis. Depending on the level of accept-
able data loss, it is possible to establish a maximum gap length from this table of results. 

Table 3  MCAR Long Gap: 
Median (%) absolute differences

q Travel distance (km) Radius of gyration Stops

0.1 0 (0%) 0 (0%) 0 (0%)
0.2 –0.2 (–0.7%) –0.1 (0%) 0 (0%)
0.3 –2.6 (–12.7%) –1.6 (–0.1%) 0 (0%)
0.4 –6.4 (–36%) –74.8 (–4.9%) –1 (–14.3%)
0.5 –10.6 (–51.4%) –205.4 (–14.3%) –2 (–28.6%)
0.6 –15.1 (–74.3%) –404.5 (–23.6%) –3 (–42.9%)
0.7 –19.6 (–100%) –711.9 (–52.9%) –3 (–60%)
0.8 –22.8 (–100%) –1304.9 (–94%) –4 (–69.2%)
0.9 –25.8 (–100%) –1903 (–99.2%) –5 (–78.7%)

Fig. 6  Percent bias in calculated mobility metrics relative to sparsity
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For example, if loss of under 2% travel distance is desired, gaps under 5 min in length may 
be acceptably handled by linear interpolation.

Some differences emerge between the three simulation studies. In Sect. 4.1, an increase 
in total missingness was associated with a decrease in RoG, whereas removal of 1–15 min 
per hour, equivalent to a range of q from .01to.25, results in a small positive increase. This 
is attributable to the simulation design in which min were removed from the beginning of 
each 60 min period, starting with the first location entry. As users frequently engaged with 
the app for the first time while at home, this results in a small upwards bias of RoG, since a 
slightly higher proportion of home locations were removed. Additionally, gaps occurring at 
stop-move boundaries inhibit accurate determination of movement initiation, leading to a 
larger proportion of time associated with movement behavior on average and consequently 
a larger time-weighted RoG.

Figure 8 shows the relationship between the percentage difference on calculated mobil-
ity measures between the complete data and the data with induced missingness. Some met-
rics, such as number of stops and moves, or the distance traveled, respond well through gap 
sizes of 10 min. Other metrics, such as Total Move Time, become quickly unreliable, even 
with very short gaps.

Fig. 7  MCAR long gap analysis

Table 4  Short gap sensitivity: 
Median (%) absolute differences

Min 
removed/Hr

Travel distance (km) Radius of gyration Stops

1 0 (0%) 0.3 (0%) 0 (0%)
2 –0.1 (–0.4%) 0.5 (0%) 0 (0%)
3 –0.2 (–0.6%) 0.6 (0.1%) 0 (0%)
4 –0.3 (–0.9%) 0.8 (0.1%) 0 (0%)
5 –0.4 (–1.3%) 1.1 (0.1%) 0 (0%)
10 –1 (–4%) 0.8 (0.1%) 0 (0%)
15 –1.8 (–7.4%) 0.2 (0%) 0 (0%)
20 –2.9 (–10.8%) –2.4 (–0.2%) 0 (0%)
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Importantly, while the point estimates may remain stable across all simulation study 
methodologies, the variance is considerable, with any one gap being more or less impactful 
depending on the sampled underlying behavior.

Covariates

Finally, we sought to establish a set of covariates that could impact the relationship 
between q and bias remaining after interpolation. Differential response across covariates 
could allow for extending the boundaries of what we consider the maximum acceptable 
gap time. On the other hand, similar response profiles can assure that no additional bias is 
introduced when filling short gaps through linear interpolation.

 Mobility characteristics

The metrics of interest had a small impact on the percent bias introduced through inter-
polation. Figure 9 shows the mean bias of total distance, number of moves and RoG fol-
lowing interpolation across gaps at varying levels of sparsity under the long gap simula-
tion condition. All three metrics demonstrate slightly lower bias when calculated in data 
sets where the true distance and number of moves was lower. We find the inverse rela-
tionship with true RoG in total distance and RoG estimation on the interpolated data sets. 
Across all three metrics, the absolute percent bias at q < .1 is low across varied true trip 
characteristics.

Personal characteristics

The Dutch population register contains basic information on all individuals living in 
the Netherlands and registered with their municipality. This information was linked to 
the users who had participated in our study. Percent bias in travel metrics established 
in the long gap study were compared across several individual covariates. A full set 
of results are made available in Appendix B. The data establish minor relationships 
between covariates age, education and urbanicity and induced bias, but the overall 

Fig. 8  Sensitivity simulation for small gaps



 Transportation

1 3

effect sizes are small. Age, education and urbanicity are associated with differential 
mobility characteristics which demonstrate a stronger relationship with with percent 
bias in the travel metrics, potentially driving this relationship.

Time

Investigation of time as a metric was considered important, as both Android and iOS 
operating systems employ mechanisms for reducing device activity during times of 
lesser activity levels, contributing to long gaps during nights that are unlikely to con-
tain travel behavior. The results from the Long Gap simulation study discussed in 4.1.2 
provided a way to investigate the relationship between relative error and the time of 
day during which the gap occurs.

As shown in Fig.  10, hours between 21:00 and 04:00 produce unbiased estimates 
of total distance, number of moves and RoG even when gap length exceeds five hours. 
The low variance during these time periods suggests that overnight missingness may 
be appropriately resolved through unsophisticated methods that rely upon infrequent 
nighttime travel behavior.

Interestingly, there appear to be pockets during daytime hours that can bias results 
up to 25% with relatively short periods of missingness. These correspond with time 
periods in which people are more likely to engage in travel behavior, such as commuter 
traffic, with a distinct morning phase and diffuse evening phase. Missing data around 
noon is more likely to bias recorded move events than distance traveled or RoG, reflect-
ing mobility patterns shorter both in duration and distance that occur during this time.

Fig. 9  Bias with respect to underlying mobility characteristics
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Conclusion

Understanding the composition of the missing data is integral to making the correct deci-
sions about its content. The composition can involve the length of the component gaps, 
the overall sparsity of the data, or the time at which the gaps begin or end. Working 
smartly within these boundaries, researchers can extend the use of data that might oth-
erwise be excluded from analysis for being incomplete. In  situations where the gaps are 
short—between five and ten min—even if they occur frequently, very little can perturb 
aggregate measures such as distance or Radius of Gyration. This makes linear interpola-
tion an acceptable solution for gaps caused by interrupted line-of-sight instances. More 
intensive methods of addressing these short gaps, such as map-matching or imputation, are 
unlikely to offer large gains in these situations and the added complexity may hinder efforts 
to address the larger gaps.

We are limited to the metrics considered within this paper in our discussion of the con-
sequences. One metric of great importance in mobility research yet not included in these 
analyses is the employed mode of transportation during move events. It may be possible 
that interpolation even across very short gaps has a negative impact on the prediction 
accuracy of mode of transportation. Additionally, although the metrics investigated within 
these simulations are shared across many fields collecting data on movement behavior, it 
is unlikely that our results will extend beyond data that is collected within the context of 
individual mobility.

It is clear that linear interpolation is a poor fit for addressing most long gaps. Radius of 
gyration and number of stops may see minimal impact if only portions of a trip are lost, as 
may be the case when a phone’s battery dies en route and is then charged at the destina-
tion. However, the same situation would almost certainly result in a downward biasing of 
distance metrics using the same method. The uncertain impact on any individual’s travel 
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behavior necessitates the incorporation of data beyond the spatiotemporal aspects of the 
gap itself.

So what are the implications for analysis of time-location data in a travel survey? 
Our study shows that if the gaps don’t extend beyond 10 min in length, and if they are 
relatively infrequent, say below 15%, biases in main travel statistics can be acceptable. 
Or seen from the other side, when setting requirements on the coverage of confidence 
intervals for travel statistics, our study gives insights into what gap characteristics may 
be problematic.

Methods of addressing these long gaps are documented in the literature. Imputation 
with a user’s longitudinal data or with densely overlapping spatial data from other users 
are both promising methods using larger and longer data sources to account for the infor-
mation lost. Although often users may contribute sufficient data to contextualize their own 
gaps, the longer the gap, the less data is otherwise available for this context. And while 
users in densely populated urban areas may contain sufficient overlap in their trajectories 
to aid in completing other users’ data, this is far from applying to all such collection oppor-
tunities, where it may be of interest to distribute a limited budget such that a wider range 
of geographical areas may be covered. External data sources providing information on the 
individual such as frequented addresses, or integrated surveys on car- and bike-ownership 
are used to provide context for estimation. Land-use characteristics and transportation infra-
structure data feature in other long gap methodologies. Additionally, smart phones sensors 
like accelerometers and gyroscopes can be used to identify movement, travel activity and 
mode of transportation and may additionally be of use in both contextualizing and handling 
missing data.

A clear path emerges for future research. Researchers need a comprehensive plan for 
addressing short and long gaps in the most contextually appropriate manner. This paper pro-
poses that linear interpolation is an acceptable manner for short gaps, and defines short gaps 
as less than 10 min in length for the study of human mobility. Existing methods for addressing 
long gaps universally incorporate larger data and varied information sources. For researchers, 
however, the decision on which methods are appropriate for their particular solution remains 
opaque. The integration of multiple approaches using all available resources is a direct if not 
uncomplicated next step.

As GPS technology improves, researchers can expect some challenges of location data to 
fall away. As the number of positioning satellites increases, and technology for triangulation 
improves, the accuracy of individual locations will certainly improve to create trajectories 
with less noise. New generations of satellite systems and receiving chips purport sensitivities 
that can travel through walls, reducing some line-of-sight based causes of missing data. But 
many causes of missing data are likely to remain for years. Battery capacity has improved 
year-on-year, but battery life has not as the demand for what a mobile phone must do has 
grown concurrently. Android versions are becoming more rather than less likely to kill an app, 
and iOS devices remain similarly opaque on when they are allowed to perform operations in 
the background. While undoubtedly a positive trend for users, a growing focus on user privacy 
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may indirectly impact researchers as users are not aware of the switch to opt-in versus opt-out 
location options on their device.

Missing data is unlikely to be a solved problem for researchers in the near future and robust 
methods of addressing the missing data are integral to unlocking the potential of this new 
technology.

Appendix 1: Additional algorithms
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Appendix 2: Mixed models for personal covariates

See Appendix Tables 5, 6 and 7.
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Table 5  Percent bias in distance estimation by q and personal covariates

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Mixed effect models were used to account for clustered errors and total N
Urbanicity, ethnicity and education are missing for some respondents

Dependent variable: ‘Distance % bias‘

Gender Age Urbanicity Ethnicity Education

ref: Male ref: Rural ref: Dutch ref: Elementary

Constant −0.044∗∗∗ −0.059∗∗∗ −0.050∗∗∗ −0.042∗∗∗ −0.005

(0.004) (0.008) (0.007) (0.003) (0.022)
q 0.810∗∗∗ 0.810∗∗∗ 0.812∗∗∗ 0.813∗∗∗ 0.819∗∗∗

(0.020) (0.020) (0.020) (0.021) (0.025)
(Gen)Female 0.001

(0.005)
Age 0.0003∗∗

(0.0002)
(Urb)Slight 0.002

(0.009)
(Urb)Moderate 0.007

(0.009)
(Urb)High 0.013

(0.008)
(Urb)Very high 0.004

(0.009)
(Eth)Foreign (Western) −0.019∗

(0.011)
(Eth)Foreign (Other) −0.007

(0.011)
(Edu)High School −0.048∗∗

(0.023)
(Edu)Trade School −0.048∗

(0.029)
(Edu)Bachelors −0.044∗

(0.022)
(Edu)Graduate −0.038∗

(0.023)
Nsets 60842 60842 60293 60293 41841
Ndays 554 554 549
Nusers 184 184 183 183 131

�2
sets

∕�2
tot

29% 29% 29% 46% 46%

�2

days
∕�2

tot
55% 55% 56%

�2
users

∕�2
tot

15% 15% 15% 54% 54%

Log Likelihood 972.180 971.062 887.579 −4,062.347 −2,659.438
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Table 6  Percent bias in number of moves estimation by q and personal covariates

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Mixed effect models were used to account for clustered errors and total N
Days with no move events were exluded from these analyses.
Urbanicity, ethnicity and education are missing for some respondents

Dependent variable: ‘Moves % bias‘

Gender Age Urbanicity Ethnicity Education

ref: Male ref: Rural ref: Dutch ref: Elementary

Constant −0.019∗∗∗ −0.026∗∗∗ −0.031∗∗∗ −0.020∗∗∗ 0.005
(0.004) (0.009) (0.008) (0.003) (0.022)

q 0.906∗∗∗ 0.906∗∗∗ 0.906∗∗∗ 0.906∗∗∗ 0.916∗∗∗

(0.019) (0.019) (0.019) (0.019) (0.022)
(Gen)Female −0.007

(0.006)
Age 0.0001

(0.0002)
(Urb)Slight −0.003

(0.010)
(Urb)Moderate 0.023∗∗

(0.010)
(Urb)High 0.014

(0.010)
(Urb)Very high 0.008

(0.010)
(Eth)Foreign (Western) −0.016

(0.012)
(Eth)Foreign (Other) −0.006

(0.012)
(Edu)High School −0.035

(0.022)
(Edu)Trade School −0.020

(0.029)
(Edu)Bachelors −0.032

(0.022)
(Edu)Graduate −0.025

(0.022)
Nsets 58204 58204 57655 57655 39861
Ndays 530 530 525 525
Nusers 182 182 181 181 130
�2
sets

∕�2
tot

38% 38% 38% 38% 55%
�2

days
∕�2

tot
48% 48% 48% 48%

�2
users

∕�2
tot

14% 14% 14% 14% 45%
Log Likelihood −2953.724 −2957.686 −2971.189 −2966.332 −3638.624
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Table 7  Percent bias in RoG estimation by q and personal covariates

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Mixed effect models were used to account for clustered errors and total N.
Urbanicity, ethnicity and education are missing for some respondents

Dependent variable: ‘RoG % bias‘

Gender Age Urbanicity Ethnicity Education

ref: Male ref: Rural ref: Dutch ref: Elementary

Constant −0.069∗∗∗ −0.099∗∗∗ −0.074∗∗∗ −0.070∗∗∗ −0.026
(0.005) (0.009) (0.008) (0.004) (0.026)

q 0.750∗∗∗ 0.749∗∗∗ 0.752∗∗∗ 0.752∗∗∗ 0.748∗∗∗

(0.021) (0.021) (0.021) (0.021) (0.025)
(Gen)Female −0.006

(0.006)
Age 0.001∗∗∗

(0.0002)
(Urb)Slight −0.006

(0.011)
(Urb)Moderate 0.003

(0.011)
(Urb)High 0.011

(0.010)
(Urb)Very high −0.001

(0.011)
(Eth)Foreign (Western) −0.017

(0.013)
(Eth)Foreign (Other) −0.009

(0.013)
(Edu)High School −0.055∗∗

(0.026)
(Edu)Trade School −0.074∗∗

(0.034)
(Edu)Bachelors −0.048∗

(0.026)
(Edu)Graduate −0.048∗

(0.026)
Nsets 60842 60842 60293 60293 41841
Ndays 554 554 549 549 381
Nusers 184 184 183 183 131
�2
sets

∕�2
tot

28% 28% 28% 28% 29%
�2

days
∕�2

tot
58% 58% 58% 58% 54%

�2
users

∕�2
tot

14% 14% 13% 13% 18%
Log likelihood −165.341 −164.320 −292.465 −284.924 262.167
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