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Summary

Mobile app data provides accurate spatial and temporal details to present human trajectories.
Recognising the challenges posed by the inherent variability and large volume of data, the research
refines data processing techniques through the application of sensitivity analysis, explicitly using
distance parameters in activity detection. The mobility indicator, activity disintegration (AD), is
introduced to present the effectiveness of the model using sequential, spatial, and temporal search from
individual mobile app trajectories. The results demonstrate how AD varies in different thresholds and
cities in urban mobility analysis.
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1 Introduction

Mobile app data derived from Global Navigation Satellite System (GNSS) technology provides a
comprehensive insight into understanding urban mobility patterns (Nguyen et al., 2020). However, due
to inherent variability in recording frequency, this data is often extensive, making it impractical for
direct use in urban studies and thus requires efficient data processing.

Activity location (stay location) is the first step in mobile app data processing. Previous works use
spatial clustering (Kalatian and Shafahi, 2016) or other rule-based methods (Fang et al., 2018) to share
a critical pre-set parameter: a distance threshold. This value varies from research to research and ranges
from 50 to 500m (Usyukov, 2017; Wolf et al., 2004; Yang et al., 2021; Yazdizadeh et al., 2019), etc.
This threshold is usually determined by the authors' experience and not through a quantitative process
due to the lack of robust methods to find the optimal threshold. Building further assumptions with
unchecked thresholds may increase biases in complex urban systems. Optimising these indicators
improves the precision and reliability of the data analysis in urban mobility studies.

This study aims to refine data processing steps by examining a mobility indicator, AD (the number of
activities based on the same locations), while checking the positioning of the activity sequentially,
spatially, and temporally. Besides, the study applied various datasets using different thresholds in
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different cities to address the challenge of aligning the data's inherent variability and reliability in urban
mobility research.

2 Data and Method
2.1 Mobile App Data

Mobile app data in the UK contains more than half a million individuals per day. Randomly selected
10,000 individuals' daily trajectories from the UK and different cities such as London, Leeds, Glasgow,
etc., are used for the data analysis. Each data point has location attributes, i.e., latitude and longitude,
date, time, and anonymous user identifier. Table 1 compares the proportion of the city populations in
the UK and the proportion of the user counts in the mobile app data. It is important to acknowledge that
mobile app data may exhibit biases due to inherent variability in over- or under-sampling frequencies,
which requires comprehensive data processing steps.

Table 1 The city populations in the UK versus the user counts in mobile app data.

Selected cities The city The user
populations (%) proportion (%)

London 11.13 11.91

Leeds 1.19 1.11
Manchester 0.58 0.64

Glasgow 0.87 0.59

Liverpool 1.27 0.53

Bristol 0.91 0.60
Newcastle 0.28 0.34
Nottingham 1.08 1.31

2.2 Data pre-processing

Figure 1 demonstrates the data pre-processing steps, which create spatial coverage areas to define
activity space using distance measures by calculating the gyration between consecutive data points.
After sorting the data points by timestamp for each individual, first, the distances from the first data
point(D;) to the second (D;,1), the first to the third (D;,,), and so forth are calculated based on
Haversine distance measurement. Two data points are considered in the same activity space if the
distance does not exceed a pre-defined threshold. Contrarywise, a new activity space begins with the
following data point as its first data point. Second, data points do not always coincide with the centre
of the coverage area. The centre of the points is identified using median of the all the points While
merging the rest of the data points in step 2, activity duration is also calculated using the first and the
last data points in the coverage area. The calculated activity duration is used for labelling stationary
and non-stationary activities in step 3 that we set the minimum activity duration for stationary activities
at 10 minutes. As the last step, the same locations are identified using a distance matrix between
stationary activities. If the calculated distance value between stationary activities is less than the
defined distance threshold, the location is labelled with the same unique location identifiers as
the same location. Nevertheless, the chosen threshold warrants additional analysis to delineate activity
spaces accurately.
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Figure 1 Schematic diagram of the activity generation process from mobile app data (drawn without scale).
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2.3 Sensitivity Analysis

Sensitivity analysis determines different input variables that can influence a model's outcome. It is a
way to assess the robustness of the results by systematically varying the threshold values to observe
their impact on the data representation. In our application, a small distance threshold may divide the
same activity into multiple activity spaces, referred to as activity disintegration. A large distance
threshold may merge multiple activities into the same activity space. To prevent such scenarios, an
optimum distance threshold is required that maximises activity identification while minimising such
scenarios in the same locations.

2.4  Activity Disintegration

Activity disintegration (AD), as an urban mobility indicator, is defined as a count of activities at the
same locations due to the inadequate threshold. The following criteria are applied and expected to be
met to search ADs in the dataset: i) searching sequential proximity (the activities occur consecutively),
i1) minimum duration (the combined duration of the two sequential activities should exceed 10 minutes,
as 10 minutes is used as the minimum duration for an activity to be considered significant), and iii)
spatial proximity (the activities occur in the same location). The same locations for stationary activities
are identified in step 4). Besides, iv) the activity should not be a non-stationary activity characterised
by a concise duration, typically 0 or 1 minute.

Multiple thresholds are applied to reduce AD, and the threshold that minimises the impact of AD needs
to be selected for the robustness of the model. The following formula is used to calculate the percentage
of AD in various countries in the UK:

AD (%) = [M]tk (1)

Atotal

Where AD (%) refers to the percentage of counts, t and k refer to the number of thresholds and counties
in the UK, respectively. AD (%) is calculated by dividing the AD counts by the total activities in each
threshold based on counties in the UK.

3 Results

The set of criteria is applied to the 10000 users randomly picked from the UK mobile app dataset to
find the optimal threshold for the activity identification process. Figure 2 illustrates the results of AD
and the total number of activities based on the various thresholds. As we increase the distance threshold,
AD, mainly due to a smaller threshold, starts to reduce and stabilise at some point (6% at 50 metres),
similar to the total activity counts, i.e., 50 metres. The optimum spot for the threshold values, where
the AD is captured at a minimum, is 6% of the 50-metre distance in Figure 2.
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Figure 2 The proportion of AD and the total activity counts at different thresholds are derived from
randomly selected individuals from the UK dataset.
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Figure 3 illustrates AD counts at various thresholds for different cities in the UK, such as Greater
London, Leeds, Manchester, Glasgow, Liverpool, Bristol, Newcastle, and Nottingham. The percentage
of AD counts is calculated using randomly selected 10000 individuals for each city at thresholds
ranging from 10 to 450. It can be seen from Figure 3 that each city has a unique pattern of AD counts
across the thresholds, indicating differing levels of activity disintegration. While the minimum AD
counts occur around the range of 50 to 150 m thresholds for London, Leeds and Manchester,
Manchester shows the lowest AD counts, particularly at lower thresholds across the other cities. In
addition, small cities like Bristol, Newcastle and Nottingham show less variability across thresholds in
ADs as compared to medium-sized cities such as Liverpool, Glasgow, and Leeds.
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Figure 3 Activity Disintegration (AD) counts at various thresholds for different UK cities.

Moreover, some similarities in terms of AD are captured between Figure 2 and Greater London in
Figure 3. For instance, the proportion of AD at a threshold of 10, initially over 16%, distinctly drops to
approximately 6 to 7% at a threshold of 50. This level of AD maintains a steady state for nearly an
additional 150 metres in both illustrations. This trend can be attributed to the fact that the population of
Greater London accounts for about 13% of the UK dataset. Consequently, when users are selected
randomly from this dataset, there is a higher likelihood of representing Greater London users than those
from other cities.

4 Conclusion

This study demonstrates the utility of sensitivity analysis in threshold optimisation for mobile app data
processing. It provides valuable insight into understanding the urban mobility indicator in various cities,
particularly in how different thresholds impact the disintegration of activities. The results show that
each city has a unique pattern of AD counts across the thresholds, indicating differing levels of activity
disintegration. Despite certain limitations, such as specific datasets, the findings have important
implications in optimising precise mobility data analysis workflow in urban studies. Future research
will expand using sensitivity analysis with multi-variables in diverse urban environments and datasets.
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