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1. Introduction 19 

The increase in the number of cars in use significantly contributes to greenhouse gas emissions and air 20 

pollution (Gärling and Schuitema, 2007; Newman and Kenworthy, 1999). According to the IPCC 2021 21 

report, the share of transport in global CO2 production is strongly correlated with the increase in the 22 

number of cars (González et al., 2019). The transport sector is still responsible for a large proportion 23 

of CO2 emissions (“IPCC,” 2021). To reduce excessive CO₂ emissions from transportation, it is essential 24 

to decrease the number of individual car trips in favour of public transport (PT) (Graham-Rowe et al., 25 

2011). Many different charges have been introduced to reduce traffic (Nakamoto et al., 2019). Many 26 

measures have been introduced to promote public transport and support sustainable transport 27 

strategies in different cities (Goliszek, 2024). Several, such as a free PT service for drivers who opt out 28 

of car travel or free PT for city residents, have helped to reduce car travel (Friman et al., 2013; Meyer, 29 

1999; Silva Cruz and Katz-Gerro, 2016). Researchers are increasingly delineating areas where one mode 30 

of transportation predominates (Söderström, P., Schulman, H., Ristimäki, 2015; Zhang et al., 2022).  31 

The potential accessibility measured by the potential-gravity method determines the possibility of 32 

interaction between two regions in time and space. An early description of the concept of potential, 33 

or opportunity for interaction was in Carey's Principles of Social Science (Carey, 1867). Methods of 34 

potential accessibility were developed by Harris (Harris, 1954) and Hansen (Hansen, 1959); the persons 35 

who first used potential accessibility to assess the impact of transport investments. Although the index 36 

was developed several decades ago, the potential availability measure is today increasingly finding its 37 
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way into transport-related work, including PT. The GTFS data format has also been of increasing 38 

importance in recent years and has found its way into many analyses (García-Albertos et al., 2019; 39 

Hadas, 2013; Stępniak et al., 2019). 40 

Potential accessibility is a key concept and a parameter used in transportation research. It is used to 41 

determine the operating ranges of different transport modes and their impact on their surroundings. 42 

The theory of potential accessibility is based on the location of travel sources and destinations that can 43 

be reached using different modes of transport (Hansen, 1959; Harris, 1954; Vickerman, 1974). The 44 

simplest way to explain this method is to state that the demand for transportation services naturally 45 

arises in densely populated areas, with people generating this demand on a daily basis. People travel 46 

to satisfy their daily needs using various modes of transport. However, work (Merchant and 47 

Nemhauser, 1978; Niedzielski et al., 2024) and shopping (Fransen et al., 2015; Widener et al., 2015) 48 

remain the two main motivations for daily commuting. Commuting to work is obligatory and has a 49 

significant impact on people's daily lives, and most people commute to work every weekday (Goliszek 50 

et al., 2020; O’Kelly et al., 2012; O’Kelly and Niedzielski, 2009). Daily commuting is a popular topic 51 

studied by many researchers (Boussauw et al., 2011). As noted by Goliszek (2022), “As a result, more 52 

and more data is available, which can be used to improve the operation of both public and private 53 

transport systems during the morning rush hour” (p. 31). Increasingly, mobile phone data is being used 54 

to study trips at different times of the day in cities (Huang et al., 2019; Tsumura et al., 2022; Zhao et 55 

al., 2020). Observations of daily commuting patterns allow one to identify factors that directly reduce 56 

the accessibility of particular locations and formulate recommendations for the future (Niedzielski, 57 

2006; Niedzielski and Boschmann, 2014; O’Kelly and Lee, 2005; Owen and Levinson, 2015; Shearmur, 58 

2006). A study was carried out in selected cities that investigated differences in attitudes towards 59 

different modes of transport depending on the efficiency of the transport system and the transport 60 

alternatives available (Van et al., 2014). In recent years, there has been increasing research that utilises 61 

mobile phone data to study commuting to work. (Liu et al., 2024) Mobile phone data illustrates users' 62 

daily travel trajectories (Li et al., 2019; Yuan et al., 2012).  63 

Currently, mobile phone data is an interesting support for sustainable PT planning. Mobile phones have 64 

increasingly become effective sensors of human activity throughout the day (Bassolas et al., 2019; Lane 65 

et al., 2010). Despite the many advantages of mobile phone data, mobile phone data does not contain 66 

detailed personal data, such as that obtained via detailed travel surveys. We need more information 67 

regarding the modes of transportation individuals use, which are included in cellular data records. 68 

Conversely, detailed traffic studies provide extensive granularity but need more overall population 69 

counts. Data on PT users (age, gender or income) and the journey itself (purpose and mode) are usually 70 

essential in this type of research (Alexander et al., 2015; Stopher and Greaves, 2007). Mobile phone 71 

data contains footprints left in approximate locations by the user when their phone communicates 72 

with a mobile phone tower, which gives an inaccurate and incomplete picture of daily travel (Ahas et 73 

al., 2010). Because of this, many researchers have only focused on developing methods to extract 74 

meaningful information about human mobility based on mobile phone data while maintaining 75 

knowledge of their limitations (Ahas et al., 2010; Calabrese et al., 2013; Järv et al., 2014). Mobile phone 76 

data can be used to infer the origin-destination (OD) of trips if, for example, there is a lack of good 77 

traffic volume data at a given time of day. (Iqbal et al., 2014) Daily trips based on mobile phone data 78 

are consistent with household surveys (Jiang et al., 2013; Tu et al., 2018). 79 
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Regardless of the available matrixed mobile phone data, what is needed is to compare these data with 80 

GTFS data for PT,47, thus obtaining information on where and at what time of day PT may be sufficient 81 

to meet the travel demands of residents. As a step towards finding such places, this research proposes 82 

a methodology to extract Origin-Destination (O-D) trips by destination and time of day from mobile 83 

data. These results will capture different travel-taking patterns relevant to transport planning. The 84 

study will be based on the mobile phone data available and the publicly available GTFS data for 85 

Helsinki. This approach allows similar calculations to be applied in other large cities and conurbations. 86 

In recent years, mobile phone data have emerged as a powerful tool for capturing real-world human 87 

mobility with high temporal granularity and extensive spatial coverage (Calabrese et al., 2013; Jiang et 88 

al., 2012). When integrated with Geographic Information Systems (GIS) and transport network 89 

models—such as those based on General Transit Feed Specification (GTFS)—these datasets enable a 90 

more accurate and dynamic representation of travel behaviour across urban regions (Anda et al., 91 

2021). Unlike traditional travel surveys, which are often limited in sample size and frequency, mobile 92 

phone records provide continuous, large-scale information on population flows and activity patterns. 93 

Their integration into accessibility modelling enhances the ability to identify transport service gaps, 94 

analyse modal shifts, and design targeted interventions for sustainable urban mobility (Allen & Farber, 95 

2019; Bassolas et al., 2019). This convergence of geospatial analytics and mobile data is increasingly 96 

shaping the future of evidence-based transport planning and urban systems research (Yabe et al., 97 

2020). 98 

In this study, the author utilised mobile phone data as an Origin-Destination (O-D) matrix for the 99 

Helsinki Capital Region, which was compared with O-D travel time data for PT (GTFS). On the other 100 

hand, information on average distance and travel time by selected mode of transport proved useful 101 

for illustrating differences throughout the day and broken down by weekends and weekdays. The 102 

average travel time within the HCR was sourced from mobility studies (Brandt E., Kantele S., 2019). 103 

The empirical results of this study may be helpful for transportation planning agencies aiming to meet 104 

the transportation needs of residents. The study aims to address the following questions: 105 

1. What are the magnitudes of person flows generated using mobile phone data disaggregated 106 

by modes of transportation, weekdays and weekends, and throughout the day? 107 

2. Do areas inhabited by the wealthier segments of society exhibit good PT accessibility when 108 

analysing mobile phone data? 109 

1.1 Research area 110 

For this study, the Helsinki Capital Region, the largest metropolitan area in Finland, is referred to as 111 

the HCR. HCR consists of four municipalities (Helsinki, Espoo, Vantaa, Kaumiainen) with over 1 million 112 

inhabitants in 2019. The breakdown of population by the municipality was as follows. Helsinki 113 

municipality had 55 per cent of all HCR residents. The municipality of Espoo contained 24.5 per cent of 114 

HCR's population, and the municipality of Vantaa, 19.7 per cent. The smallest number resided in the 115 

small town of Kaumiainen, which lived 0.9 per cent of all HCR residents. The HCR area is served by the 116 

Helsinki Regional Transport Authority (HRT). Helsinki's city centre is well connected to the rest of the 117 

HCR area, as reflected in some exciting studies on areas (Albacete et al., 2017; Hasanzadeh et al., 2021; 118 

Jäppinen et al., 2013; Kujala et al., 2018; Salonen and Toivonen, 2013a; Weckström et al., 2019).  119 
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The entire transportation system of the HCR area has a radial pattern and is based on an extensive 120 

network of bus services and several railway lines. The PT network is supported by trams and two metro 121 

lines operating in the centre of Helsinki municipality and in Espoo. The region has about 600 transit 122 

lines  (excluding service lines and night buses). In the HCR, the whole system is focused on getting 123 

residents to the city centre. For the harmonious development of the whole HCR area, it is essential to 124 

develop connections between all crucial locations within the HCR, reducing road congestion and 125 

supporting sustainable transport in the city (Fig. 1.). 126 

According to the report "Travel Habits in the Helsinki Region 2018," 34% of daily trips in the Helsinki 127 

Capital Region (HCR) were made by car, while 25% of residents used PT. Over the years, interest in 128 

travelling by car and PT has declined, with a growing preference for walking. Pedestrian walkways saw 129 

a 3% increase compared to the 2012 study (Brandt E., Kantele S., 2019). Among the four HCR 130 

municipalities analysed, Helsinki Municipality has the highest share of PT usage at 31%, followed by 131 

Vantaa at 20%, and Espoo and Kauniainen at 18% and 17% of trips, respectively (Brandt E., Kantele S., 132 

2019). In less populated municipalities, interest in PT is lower due to various factors such as the 133 

distance to bus stops and the travel time by PT to work, shopping, or school. 134 

 135 
Fig. 1. Population 2019, GRID size of mobile data and PT model  (own elaboration in ArcGIS based on  (Finnish 136 
Environment Institute, 2020; “GTFS open data HSL Helsinki,” 2019, “Traficom,” 2020). 137 
 138 

2. Methods 139 

2.1 Data sources  140 

This study used mobile phone data to measure cumulative accessibility to determine how many people 141 

choose each GRID area as a destination. These are actual changes of location and not hypothetical 142 
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journeys to a destination, as in most studies. In particular, we calculated the cumulative accessibility 143 

of active individuals who changed their location between respective GRID areas or within a GRID if 144 

they changed their mobile phone tower coverage area. This calculated the cumulative and potential 145 

actual accessibility. In the study, using a percentage modal split allowed the analysis to break down 146 

the results into four transport modes.  147 

Telia mobile data 148 

This article used mobile data from one mobile data provider, Telia, which was anonymised and 149 

aggregated to the GRID cells. Telia Finland, through Telia Crowd, is one of Finland's three largest 150 

telecom companies, holding 32 per cent of the mobile market share in 2019 (“Traficom,” 2020). 151 

Cellular data has not been made available to the public, but Telia has made its aggregated datasets 152 

available for research (Anda et al., 2021). Two datasets made available by Telia include (1) activity 153 

location data and (2) mobility data (O-D - origin-destination). This data identifies the mobility of Finnish 154 

residents between August 2018 and September 2019. Origin-destination mobility data from mobile 155 

phones indicate individual trips aggregated into daily mobility flows between GRID grids of different 156 

sizes. Each trip is a person's movement between two consecutive cellular antennas or GRID grids 157 

considered activity sites (time spent over 20 minutes) each day. In this case, one long-distance trip 158 

could be counted as several shorter trips if a trip contains longer (>20 min) intervals. Therefore, long-159 

distance trips need to be more fully represented in the dataset and should be considered when 160 

explaining the results of the analysis. Furthermore, the dataset does not reveal the place of residence 161 

of these individuals, only the place of residence in the GRID grid (Willberg et al., 2021).  162 

One of the biggest challenges in using mobile phone data has been their enormous volume  (number 163 
of logins, size). In recent years, mobile network operators have begun to provide their own aggregated 164 
data products, which allow us to overcome some of these challenges. However, these products often 165 
introduce new challenges due to undisclosed methodologies, such as accurately understanding what 166 
the data represents and the consistency of terminology. Regardless of their characteristics, mobile 167 
phone data can be broadly divided into presence and mobility, depending on how they represent 168 
people. However, the definitions and measurements of these data vary depending on the products 169 
and providers. To illustrate the differences, we use the traditional geographical concept of the space-170 
time path (Hägerstrand, 1970; Willberg et al., 2021).  171 

Each space-time path indicates a so-called presence along an axis to determine people's whereabouts 172 

(Figure 2A). As noted by Willberg et. al (2021), “Mobile phone data are generally processed from 173 

individual level space–time trajectories, thinking them as a series of location snapshots. In the raw, 174 

individual level mobile phone data, each location snapshot is recorded when a mobile phone 175 

continuously connects to a base station. Therefore, a snapshot of a space-time trajectory at a given 176 

location and a moment in time is seen as a measure of (physical) presence” (p. 4). These snapshots do 177 

not necessarily imply that the phone is stationary, being in one location, but are simply momentary 178 

locations of the mobile phone user. These snapshots can be considered deviations of the space-time 179 

cone in space (Figure 2B) (Miller, 1991; Yu and Shaw, 2007). In aggregated mobile phone data, a 180 

measure of presence  (also called activity) is created by aggregating data according to a specific time 181 

threshold within a spatial unit (GRID). The time threshold, which constitutes a measure of presence, is 182 
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crucial as it influences which snapshots are identified as valid presence locations. Time thresholds that 183 

record activity vary between operators (Oliver et al., 2020). This study's time threshold for mobile 184 

phone data is 20 minutes. In other studies, it was one hour (Pepe et al., 2020) or even two hours (Jia 185 

et al., 2020).  186 

In aggregated mobile phone datasets, various methods for defining mobility relate to different goals 187 

of presenting trips (also referred to as movements) or more general mobility (Figure 2C). As noted by 188 

Willberg et. al., (2021), “When the aggregated dataset strives to capture trips, a measure of trip can 189 

simply be defined as continuous sequence of valid presence locations in a space-time path. The aim of 190 

these datasets therefore is to capture all individual trips and the “origins” change according to the 191 

presence locations” (p. 4). However, if the aim is to capture general mobility, the "origin" is usually 192 

constant for 24 hours, for example, the night (Yabe et al., 2020) or morning (Zhou et al., 2020) location. 193 

In this case, the "origin" provides a more realistic representation of people's home locations, enabling 194 

broader analyses of origin areas within a country. However, not all trips are recorded; daily trips to 195 

another city and back are not captured due to constant "origins" (Willberg et al., 2021). 196 

Regardless of the definition of mobility, defining the time threshold to determine valid presence 197 
locations of people plays an important role. Defining the time threshold influences how "destination" 198 
locations appear in mobility datasets. A shorter time threshold causes more trips to be divided into 199 
multiple segments, complicating the identification of actual Origin-Destination (O-D) travel chains 200 
(“Traficom,” 2020). This means a "destination" location can include a momentary presence in a given 201 
location but does not indicate whether it was the trip's final destination or a passing place, nor how 202 
long the person stayed there. These differences in definitions and aggregation practices present 203 
challenges for data validity assessments and comparisons between datasets provided by various 204 
mobile network operators. The 20-minute time threshold used for data from Telia Finland appears 205 
appropriate for capturing signals from mobile phones (Anda et al., 2021).  206 

 207 
Fig. 2. Illustration of a space-time trajectory - space-time path (A)  (Hägerstrand, 1970), space-time prism   (2)  208 
(Miller, 1991; Yu and Shaw, 2007) and example aggregated into trip records in multiple ways in mobile phone 209 
datasets (Willberg et al., 2021). 210 
 211 

Based on Telia's mobile data, the Finnish population's mobility profile was created and illustrated in 212 

Figure 3 (solid line). The mobility profile for working days (Monday-Thursday) exhibits two peaks that 213 

correspond to the commuting times both to and from work. A similar pattern is observed on Fridays, 214 
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though the peaks are noticeably smaller, suggesting that many people work remotely or take time off 215 

to extend their weekends. Mobility patterns for Saturday and Sunday are pretty similar, marked by 216 

increased activity between 12 pm and 5 pm, indicating higher mobility during these non-working days. 217 

The number of GRID grids used in this study to support sustainable PT is 1458. The size of the source 218 

and destination areas ranges from 0.25 km2 to 64 km2. With 64 km2, two areas cover the far southeast 219 

and west islands of the HCR. Large GRID areas are mostly covered with forest and are inhabited by a 220 

small number of people. Of the 1458 areas noted above, 18 are approximately 16 km2 in size, with one 221 

each of 14.5, 10 and 8 km2. Also, there are 49 smaller areas with a size of 4 km2 in the HCR region. 222 

Thus, there are 230 GRID grids of 1 km2 in the HCR area, while 1156 of the most minor 0.25 km2 areas 223 

in 2019 (“Traficom,” 2020). This data includes traffic recorded at the mobile phone tower every hour 224 

for September 2019, broken down by Monday-Thursday, Friday, Saturday, and Sunday. This indicates 225 

overall mobility throughout the week—the number of activities recorded within the HCR averages 226 

about 70 per cent of all activities in Finland. This was the result of the size of the GRID and the high 227 

mobility rate of HCR residents. 228 

The dashed line in Figure 3 represents the percentage of GRID cell data in the Helsinki Capital Region 229 

(HCR). In September 2019, the average percentage of movements within the HCR compared to all of 230 

Finland was just over 70 per cent. The highest percentage of mobile individuals relative to the total 231 

population occurs between 1 am and 3 am, followed by a drop to around 50 per cent. From 3 am to 5 232 

am, there is an increase in the mobility of HCR residents, with the percentage remaining above 70 per 233 

cent for the rest of the day. 234 

235 
Fig. 3. Mobility in Finland and location data sampling rate among HCR is based on mobile data (own elaboration 236 
based on  (“Traficom,” 2020)). 237 
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2.2 GIS and network analysis implementation 238 

ArcGIS software uses multiple steps to calculate public transport origin-destination (O-D) times. In the 239 

first step, the tool "Add GTFS to network dataset" is used to create a dataset based on General Transit 240 

Feed Specification (GTFS) data (Arias et al., 2021; Goliszek, 2021). The dataset in this analysis consists 241 

of text files for the HCR region for 12 September  (weekday) 2019. First, the tool described above 242 

creates a network dataset (public transport stops and lines). Then, a dataset of pedestrian paths based 243 

on OSM is added to the network data, to which pedestrian speed is assigned depending on the 244 

parameters for the particular city concerned (Fig. 1). The pedestrian paths are connected to the stops 245 

with connectors so that the whole dataset works as a single PT model (Bok and Kwon, 2016). The 246 

network dataset includes all door-to-door travel segments such as in-vehicle travel time (Tahmasbi and 247 

Haghshenas, 2019), transfer time, waiting at a transit stop, and getting to the stop/entering a vehicle 248 

(Salonen and Toivonen, 2013b). The O-D locations in this paper are points corresponding to the cellular 249 

data shown in Figure 1. Then, ArcGIS Network Analyst calculates the O-D travel times for a selected 250 

hour during the day (Prommaharaj et al., 2020). The resulting O-D matrix includes pedestrian travel 251 

times if they are faster than transit. At each time point, the transit time inside the GRID (type of space 252 

mapping in geographic information system) surface is added to a calculation for each point 253 

corresponding to the diameter of the circle in which the GRID square is inscribed. The travel time 254 

matrix is calculated between 1,458 GRID centres ranging from 250 metres to 8 kilometres, arranged in 255 

a matrix, resulting in a total of 2,125,764 Origin-Destination relations for which PT travel times are 256 

recorded every hour throughout the day from 00:00 to 23:00 (“GTFS open data HSL Helsinki,” 2019). 257 

 Road administrations and agencies responsible for the operation of PT in a particular area now 258 

increasingly use data on passenger movements from various sources to help them estimate changes 259 

in traffic over time and space. Transport agencies have to react quite quickly to changes in travel 260 

behaviour (Cheng et al., 2024). Sometimes, new routes appear where the potential passenger traffic 261 

changes due to dramatic increases or decreases in the traffic flow. In these situations, agencies need 262 

alternatives for their customers to meet their basic daily travel needs. This approach also fits into a 263 

sustainable urban transport policy. Change must also follow any change in the travel preferences of 264 

residents and the creation of new forms of PT (Wang et al., 2018). Matching routes with traffic flows 265 

increasingly requires new techniques and spatial information, such as mobile phone data, and mobile 266 

phone data provide ever increasing support to researchers and agents when improving PT 267 

performance. 268 

2.3 Accessibility modelling framework  269 

Cumulative accessibility was calculated using the following formulae:  270 

𝐴𝑖 =  ∑ 𝑂𝑗
𝑛
𝑗=1 𝑓 (𝐶𝑖𝑗)                                                                                                                                       (1) 271 

Where 𝐴𝑖  represents the accessibility of location 𝑖, 𝑂𝑗 represents the opportunities at location 𝑗, and 272 

𝐶𝑖𝑗 represents the cost of travel from location 𝑖 to location 𝑗, n represents the total number of 273 

locations, 𝑡𝑖𝑗 represents a threshold travel cost, and 𝑓(𝐶𝑖𝑗) is a function defined as:                                                                                                                                         274 

𝑓(𝐶𝑖𝑗) =  {
1 𝑖𝑓 𝐶𝑖𝑗  ≤  𝑡𝑖𝑗

0 𝑖𝑓 𝐶𝑖𝑗  >  𝑡𝑖𝑗
                                                                                                                                  (2) 275 
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This function 𝑓(𝐶𝑖𝑗) assigns a value of 1 if the cost of travel 𝐶𝑖𝑗 is less than or equal to the threshold 276 

𝑡𝑖𝑗  indicating accessibility and assigns a value of 0 otherwise (Michał A Niedzielski, 2021; Thompson et 277 

al., 2019). When calculating people's movements for cumulative accessibility, if the distance is greater 278 

than a certain threshold, the population reachable beyond this threshold is not considered in the 279 

results of the cumulative accessibility assessment according to formula (2)  (Thompson et al., 2019). 280 

The trip length used is dependent on the mode choice. In the HCR area, more than 90 percent of trips 281 

are made in four modes: car, PT, bicycle, and walking  (Figure 4). The average trip distances of the 282 

different modes are 11 km for car travel, 5.7 km for PT, 3.6 for cycling and 1.3 km for walking. These 283 

distances will serve as the distance of possible interaction in the HCR (Brandt E., Kantele S., 2019), 284 

based on the distances travelled by people recorded by a mobile phone provider in Finland. 285 

The final results for cumulative accessibility for the different modes of transport will be compared with 286 

the number of people who make a trip to the selected area in the HCR. Trips on Monday-Thursday and 287 

Friday have been added together and appear as weekday trips. Furthermore, trips on Saturdays and 288 

Sundays were added together and classified as weekend trips. As a result, the travel split between car, 289 

PT, cycling and walking for weekdays and weekend days will be compared with each other on the map 290 

and the graph for the whole day. 291 

292 
Fig. 4. The modal share of each mode of transport in the HCR is based on  (Brandt E., Kantele S., 2019). 293 

The accessibility level of a place is expressed by the accessibility index supported by cellular data for 294 

different modes of transport and different motivations, , and is expressed as 𝐴(𝑀𝑃𝑑𝑎𝑡𝑎)𝑖
. This study 295 

expresses the travel time (distance) between two GRID areas by i and 𝑗 = 𝑡𝑖𝑗. Choosing a different 296 

transport mode will define the average travel time (distance) between 𝑖 and 𝑗 = 𝑡𝑖𝑗  each time. The 297 

value of the spatial resistance function 𝑓(𝑡𝑖𝑗) reduces this parameter. The attractiveness of a given 298 

destination is expressed by the sum of all relations between GRID pairs using cellular data that give 299 

information on the change of location of the network users. The formula for the potential availability 300 

of mobile users is as follows:  301 

𝐴(𝑀𝑃𝑑𝑎𝑡𝑎)𝑖 =  ∑ 𝑀𝑃𝑑𝑎𝑡𝑎𝑗
𝑛
𝑗=1 𝑓(𝑡𝑖𝑗)                                                                                                          (3)                                                                 302 
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Coffey 90 was the first to apply the potential accessibility method to regional studies. In cities, the 303 

spatial resistance function significantly influences the results (Allen and Farber, 2020), which 304 

normalises the results according to time or distance. In this, the spatial resistance function depends on 305 

other transport modes. In contrast, the most commonly used function in potential accessibility studies 306 

is the exponential function (Beria et al., 2017). However, the choice of function depends on the 307 

characteristics of the study area and the choice of variables (Thompson et al., 2019). In this case, the 308 

exponential spatial resistance function takes the formula: 309 

𝑓(𝑡𝑖𝑗) =  exp (−𝛽𝑡𝑖𝑗)                                                                                                                                      (4) 310 

Where β differentiates the level of reduction in the attractiveness of a destination depending on the 311 

distance between the GRID pairs in order to determine the time (distance) for the spatial resistance 312 

function; the author used data published in the study "Travel Habits in the Helsinki Region 2018", 313 

where the average travel time by car in the HCR was 20 minutes. The same average time for a public 314 

transport journey was 37 minutes. In terms of average cycling time, on the other hand, it was 20 315 

minutes and the pedestrian trip was 19 minutes. So the longest journeys on average are made by 316 

people using public transport, but when we check the average distances travelled, the furthest 317 

distances travelled were those travelled by car drivers who travelled 11 kilometres. Public transport 318 

users travel an average of 5.7 kilometres, and cycling averages 3.6 kilometres. 319 

On the other hand, the average length of a pedestrian trip was 1.3 kilometres. In this study, we have 320 

used a distance that is the same for all modes of transport. It is from this parameter that the 321 

parameters of the spatial resistance function are adjusted. The use of different β-parameters for the 322 

different modes of transport reflects the actual impact ranges of the selected modes in the HCR. The 323 

assumed values of the spatial resistance function parameter for different distances range from -0.5332 324 

for very short trips (walking) to -0.06301 for long trips like car travel. A parameter of -0.12159 was 325 

used for PT, while for cycling, the differential distance parameter was -0.19252. Researchers 326 

sometimes use the median travel time (distance) to measure passenger preference to calibrate the 327 

spatial resistance parameter to their models (Figure 5) (Merlin, 2020).  328 
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329 
Fig. 5. Travel time and trip duration by mode in the HCR based on (Brandt E., Kantele S., 2019). 330 

Comparison of the population flow matrix based on mobile data and PT travel times will make it 331 

possible to identify those places where people are likely to commute by car, such as workplaces during 332 

the morning peak. This is essential information for transport planners in the HCR. Formula (5) expresses 333 

the cumulative number of people who use private transport where 𝐴𝑖  𝐴𝑖 is the accessibility of persons 334 

from zone 𝑖 to all areas where people go 𝑗, 𝑂𝑖 is the sum of persons in zone 𝑖, and (𝐶𝑖𝑗) a weighting 335 

function, where 𝐶𝑖𝑗 is the physical distance from 𝑖 to 𝑗, and 𝑗 is the distance travelled in time or distance 336 

(Widener, 2017).  337 

𝐴𝑖 =  ∑ 𝑂𝑖
𝑛
𝑗=1 𝑓(𝐶𝑖𝑗)                                                                                                                                           (5) 338 

The function 𝑓(𝐶𝑖𝑗) is defined as follows:          339 

𝑓(𝐶𝑖𝑗) =  {
1 𝑖𝑓 𝐶𝑖𝑗  ≤  𝑡𝑖𝑗

0 𝑖𝑓 𝐶𝑖𝑗  >  𝑡𝑖𝑗
                                                                                                                                 (6) 340 

When calculating cumulative accessibility for people's movements, the population beyond a certain 341 

distance threshold is not considered in the results, as specified in Formula (5) (Thompson et al., 2019). 342 

The average travel time by PT in the HCR is 37 minutes, which will be used to select people's 343 

movements through mobile phone information, aggregated by point of departure (Brandt E., Kantele 344 

S., 2019). The analysis will reveal locations where high volumes of people travelling longer distances 345 

are likely to use private transport. Comparing the trip results for GRID squares and the locations where 346 

people earn above the median and third quartile of average earnings in the HCR will tell PT planners 347 

which areas need to be strengthened to achieve better sustainable development of PT in the HCR.  348 

 349 
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3. Results  350 

The methodology of this study is based on the use of mobile phone data and the application of 351 

accessibility indicators to determine the catchment area and human activity in the HCR. The 352 

contribution of the study is significant because while most of existing accessibility studies only consider 353 

numbers of inhabitants, the mobile phone data in this one reflect actual movements. In the methods 354 

section, the author presents selected research methods using GTFS data (“GTFS open data HSL 355 

Helsinki,” 2019) and Telia mobile data (“Traficom,” 2020) to better understand the mobility of HCR 356 

residents and support sustainable transport planning in the area. Three research methods were used 357 

for this purpose. 358 

The first method used in the results section is cumulative accessibility (Thompson et al., 2019). In this 359 

method, chosen destinations were indicated, considering different distances depending on the 360 

transport mode. The results for people's destinations were divided into weekdays and weekends. The 361 

next step was to compare the results illustrated in the GRID data figure (Fig. 6) and the graph during 362 

the day (Fig. 7). Supporting this method with cellular data allows the area of influence of displacements 363 

in the HCR area to be determined. The second method used in the study was potential-based 364 

accessibility (Goliszek, 2022; Rosik et al., 2021; Goliszek, 2017). With this method, accessibility was 365 

indicated based on the distance parameter and the share of people living in each municipality who 366 

declared that they travelled by car, PT, bicycle, or on foot in the 2018 traffic survey (Brandt E., Kantele 367 

S., 2019). The use of cellular data in this method and the taking into account different travel times and 368 

the share of residents in a given mode of transport will allow us to show the range of potential 369 

accessibility by different modes of transport. The results of potential accessibility were presented in a 370 

figure for GRID data (Fig. 8) and an hourly graph for the whole day (Fig. 9). 371 

The last method was divided into two stages. In the first stage, the number of trips at a given location 372 

was compared to the number of people who live in that area for selected days of the week, such as 373 

Monday-Thursday, Friday, Saturday, and Sunday (Fig. 10). In the second step, for all trip sources for 374 

which the travel time by PT based on GTFS data is more than 37 minutes, the selected trips and the 375 

remaining trips were indicated and presented as a percentage of all trips on a graph (Fig. 11). Later, 376 

the author checked how the percentage of the population that potentially uses a car (times longer 377 

than 37 minutes by PT) changes if the PT time is between 25-55 minutes (Fig. 12). In this method the 378 

time between logins in the GRID area is significant because that is the basis for presenting areas from 379 

where people potentially make more frequent use of cars. As a final phase, for the morning peak hours 380 

between 6 and 8 am, when the variation in the number of long trips is the highest, the number of 381 

people who travel during the peak hours was compared to the remaining trips during the day. These 382 

results are illustrated in Figure 10, overlaid with a GRID grid showing the average values of residents 383 

above the median and third quartile of average earnings in the HCR. All results are shown in summed 384 

form for the whole day for the selected site and for the whole area for the selected hours during the 385 

day. Finally, the results of people moving more than 37 minutes by PT are compared with another map 386 

created by Söderström et al. (Söderström et al., 2015) which shows the main transport modes that 387 

residents use in the HCR area. 388 
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389 
Fig. 6. Difference between weekday and weekend transport modes in HCR  (own elaboration in ArcGIS based on 390 
Traficom 52). 391 

Difference between travel modes 392 

The results for each trip length were determined by weekday, with Monday to Thursday and Friday 393 

each accounting for one-fifth of the total. On weekends, the results from Saturday and Sunday were 394 

combined and divided by two. All results were compared by mode of transport and for both weekdays 395 

and weekends, indicating the prevalence of each mode of transport. For example, the prevalence of 396 

car trips on weekdays indicates the primary mode of transport for residents commuting to work. 397 

When considering longer distances, there is a significant predominance of weekend trips in the north-398 

western part of Espoo Municipality as well as in the parts of Vantaa Municipality located to the north 399 

and in parts bordering Helsinki and Vantaa Municipalities in the north-eastern part of the HCR. By 400 

contrast, for the average distance travelled by PT, there was a noticeable predominance of weekend 401 

trips over weekdays, except for locations near the airport and Pasila train station and metro stations 402 

in the eastern part of Helsinki. 403 
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Comparing the prevalence of weekend trips by public and private transport shows that long-distance 404 

trips are more common on weekdays, while shorter-distance trips are more prevalent on weekends. 405 

The most significant differences in favour of weekend trips were recorded in the centre of Helsinki and 406 

point-to-point in the other municipalities in the HCR area. On the other hand, the average distance for 407 

bicycle trips shows a predominance of weekday trips along the metro line in Helsinki and near the 408 

railway route in the HCR area. The predominance of weekend trips for average cycling distances was 409 

recorded in the northwestern part of Espoo Municipality. 410 

The shortest pedestrian journeys recorded a predominance of weekday journeys in the centre of 411 

Helsinki. Also, short trips were more common near the metro stations closer to the centre of Helsinki 412 

and the airport located in Vantaa Municipality, with a noticeable prevalence of weekday trips. The rest 413 

of the area has a predominance of travel counts at the weekend for short journeys of 1.3 km (Fig. 3). 414 

Comparing the number of movements during a weekday with the weekend allows the time distribution 415 

and identification of the hours when HCR residents were most mobile to be tracked. The data shows 416 

that the most significant percentage differences in mobility for all modes of transport occur on 417 

weekdays in the morning, between 6:00 and 9:00 am. The most significant differences were observed 418 

for car journeys, followed by public transport, cycling, and walking. A comparison between weekend 419 

and weekday data always favours the latter for every mode of transport. Over 24 hours, this results in 420 

an average of 73 percentage more people per hour travelling by car on weekdays than on weekends. 421 

For public transport, there are 43 percentage more people per hour, 27 percentage more people per 422 

hour by bike, and 10 percentage more people per hour walking on weekdays compared to weekends 423 

(Fig. 7). 424 
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425 
Fig. 7. Difference in percentage between working day and weekend per day by different transport modes in HCR 426 
(own elaboration based on Traficom 52). 427 

The values of average potential accessibility for the selected transport mode indicate in which locations 428 

the potential of the selected transport modes predominates. These results are presented as an average 429 

for each transport mode. Each time, the accessibility potential in the HCR was assumed to derive from 430 

the number of people agreeing to travel who use the selected mode of transport in relation to the 431 

average distance and the distance parameter to the selected destination, both of which were applied 432 

to the source of the trip. The potential accessibility score itself illustrates the sum for the destination. 433 

The potential accessibility by car in the HCR is illustrated by the above-average score in the city centre 434 

and near the metro station. Relatively high scores are noticeable on the map near the airport and in 435 

the HCR. The lowest possible accessibility scores by car are in the northeastern part of Espoo 436 

Municipality, the northern and eastern parts of Vantaa Municipality, and the eastern part of Helsinki 437 

Municipality. 438 

Areas of high average PT accessibility are visible in the centre of Helsinki, on the island located west of 439 

the centre and east near the metro station. The remaining areas of high average PT accessibility are 440 

distributed in a mosaic in the HCR area. The worst average accessibility is seen in similar locations as 441 

for car trips, namely the northeastern part of Espoo Municipality, the northern and eastern part of 442 

Vantaa Municipality, and the eastern part of Helsinki Municipality. 443 

The results for average potential accessibility by bike and pedestrian travel are very similar, so they 444 

will be discussed together. The highest average values are visible in the central part of Helsinki and on 445 

the island to the west of the centre. The rest of the area, both above and below the average, is very 446 
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much a mosaic, and it is difficult to point out areas of better or worse accessibility, as was the case for 447 

car and PT trips (Fig. 8). 448 

449 
Fig. 8. The difference in potential accessibility by different transport modes in HCR (own elaboration in ArcGIS 450 
based on Traficom 52). 451 

 452 

Each accessibility indicator for the selected transport mode was based on percentages of people, 453 

allowing all the potential accessibility results to be combined. These results are presented as a graph 454 

for the whole day, with the share of each transport mode shown for selected hours. 455 

The percentage share of potential daily accessibility by different modes of transport in the HCR shows 456 

how other forms of transport are declining in comparison with commuting by car. During the morning 457 

peak hours, the percentage share of cars among all modes of transport reaches up to 70 per cent. In 458 

the off-peak hours, the share of cars drops below 60 per cent, then slightly increases above 60 per cent 459 

during the afternoon peak hours. The opposite, almost a mirror image of the car's percentage share, 460 

is observed for other modes of transport, such as public transport, cycling, and walking (Fig. 9). 461 

https://doi.org/10.1111/tgis.70163


This is the submitted (pre-peer-review) version of the following article: 

Goliszek, S. (2025). Spatio‐temporal accessibility modeling with mobile phone and GTFS data: Insights 

for urban transport planning in Helsinki. Transactions in GIS, 29(8), e70163. 

The final version of record is available at: https://doi.org/10.1111/tgis.70163 

© 2025 John Wiley & Sons Ltd. This preprint is made available for non-commercial purposes only, in 

accordance with the Wiley Self-Archiving Policy. 

 

17 
 

462 
Fig. 9. The percentage share in potential daytime accessibility by different transport modes in HCR (own 463 
elaboration based on Traficom 52). 464 

 465 

Comparing the number of trips made to a destination and dividing this information by the number of 466 

people living in that area provides valuable insights into where people spend their time on selected 467 

days of the week. The highest values are recorded in places where workplaces are located, in 468 

uninhabited areas, or in areas with low population density. 469 

The information on people’s change of location is based on mobile data, and the breakdown of this 470 

information for weekdays between Monday and Thursday shows large concentrations of people who 471 

change their location due to their work. Many of these areas are visible in various parts of the HCR and 472 

coincide with large concentrations of workplaces. On the map, the large values apparent for large areas 473 

were due to the number of people who resided in these areas in 2019 and the relatively large number 474 

of recorded movements into the area. Large areas recording large values are visible on the map in 475 

Espoo Municipality, Vantaa, and the eastern parts of Helsinki Municipality. In Kauniainen municipality, 476 

these values are average compared to the rest. 477 

On Friday, a different day of the week, high displacement values compared to the population are 478 

evident in areas with concentrations of large numbers of jobs and areas with no one living there. The 479 

distribution of high values is a complete mosaic across the HCR. In contrast, areas outside the high 480 

values are low compared to other days of the week (Monday-Thursday), which means that on 481 

Thursday, some people travel outside the HCR or stay at home and, for example, work remotely. 482 

On the weekends, Saturdays and Sundays, uninhabited or sparsely inhabited areas also recorded high 483 

index values. However, compared to Thursday, significant increases were recorded in large, less 484 

frequently inhabited, areas in the municipality of Espoo, which were more frequently visited on these 485 
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days because these areas are green and essentially have a recreational role for the residents of the 486 

HCR. Also, the areas around the airport, where people travel to work during the week and at weekends, 487 

are often leisure-related or people are simply travelling by air to/from elsewhere. High values here 488 

occur because these areas are uninhabited or inhabited by few people (Fig. 10.). 489 

490 
Fig. 10. Number of trips based on mobile data compared to the population in GRID in HCR (own elaboration in 491 
ArcGIS based on Traficom 52 and Finnish Environment Institute 58) 492 

The following result shows the number of people who live in areas where the PT journey time to their 493 

destination is greater than the average PT journey time in the HCR, which is 37 minutes. 494 

The morning peak period between Monday and Thursday recorded the highest proportion of people 495 

travelling to destinations taking more than 37 minutes of travel time, accumulating almost 60% of the 496 

traffic during those hours. This result is primarily derived from long journeys to schools and workplaces 497 

in the morning. The peak was also noticeable on Friday but lower than on other weekdays. 498 

By contrast, the afternoon peak is less noticeable because many people return from work to pick up 499 

children from school, make purchases, or engage in other activities. Mobile data does not capture 500 

these types of trips, so the morning peak seems to reflect the peak of poor traffic circulation (Fig. 11.). 501 

https://doi.org/10.1111/tgis.70163


This is the submitted (pre-peer-review) version of the following article: 

Goliszek, S. (2025). Spatio‐temporal accessibility modeling with mobile phone and GTFS data: Insights 

for urban transport planning in Helsinki. Transactions in GIS, 29(8), e70163. 

The final version of record is available at: https://doi.org/10.1111/tgis.70163 

© 2025 John Wiley & Sons Ltd. This preprint is made available for non-commercial purposes only, in 

accordance with the Wiley Self-Archiving Policy. 

 

19 
 

502 
Fig. 11. The number of daily long-distance PT trips longer than 37 minutes  (own elaboration based GTFS Open 503 
Data HSL Helsinki 38 and Traficom 52).  504 

The previous results prompted the author to compare different PT travel times throughout the day. 505 

The following graph illustrates the percentage of trips with PT travel times between 25 and 55 minutes 506 

at two-minute intervals relative to all recorded trips. The values obtained during the morning and 507 

afternoon traffic peaks leave no doubt about how long journeys take during these periods. In 508 

particular, during the afternoon traffic peak, more than 50 per cent of all recorded trips have a travel 509 

time exceeding 25 minutes by PT. Similarly, records show that more than 70 per cent of trips during 510 

the morning traffic peak had a PT travel time greater than 25 minutes. 511 

As PT travel time increases by two minutes, there is a decrease of about 4 per cent in the percentage 512 

of people travelling within that period, with the sharpest drop occurring between 5 and 6 am. These 513 

results suggest that long journeys from areas with limited PT access dominate at this time. However, 514 

the percentage of trips over 25 minutes by PT reaches its highest value at 6 am. At that time observe 515 

declines rapidly and shifts to the earlier time between 5 and 6 am, where the highest values are 516 

recorded (Fig. 12.). 517 
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518 
Fig. 12. Several long journeys per day longer than 25-55 minutes travel time by PT  (own elaboration based GTFS 519 

Open Data HSL Helsinki 38 and Traficom 52). 520 

Based on mobile data, the final analysis results show the percentage of residents who travelled by PT 521 

between 6 and 8 am over distances greater than 37 minutes between origin and destination. The map 522 

compares this information with the spatial distribution of residents' income levels for 2018 above the 523 

median and third quartile. 524 

The map shows that the smallest number of people travelling less than 37 minutes by PT is seen in 525 

trips from Helsinki city centre and nearby metro stations to locations located to the west and east of 526 

the centre. Due to their location and housing prices, these areas tend to be inhabited by wealthy 527 

people whose earnings are well above the average for the HCR. Also worth noting are the areas 528 

bordering the municipalities of Kauniainen and Espoo and the relatively large area near the airport in 529 

Vantaa municipality, which extends to the west along the railway line. The map also highlights smaller 530 

areas located near to railway stations. The area to the northwest in Espoo Municipality is a welcome 531 

surprise, an area from which relatively few people move in poorly connected destination served by 532 

public transport.  533 
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Conversely, there are areas from which more than 50% of the residents commute by PT for over 37 534 

minutes, and these individuals likely opt to use private vehicles. The most extensive and prominent 535 

area is located southwest and northeast of Kauniainen Municipality in Espoo.  536 

On the other hand, these areas are inhabited by people with earnings above the third quartile for all 537 

people living in the HCR, which means that rich people live there. A second reasonably extensive area 538 

has been recorded in Helsinki Municipality stretching along the border of the municipality. However, 539 

this area, especially in the northern part of the municipality, is also uninhabited. Individuals who 540 

undertake morning exercise in this city may contribute to the high volume of trips. On the other hand, 541 

in the municipality of Vantaa, the areas where it is more difficult to go by PT and where there have 542 

been significant movements of people in the morning are in the north-western part of the city. This 543 

area is primarily inhabited by residents with above-median income levels. 544 

There is an apparent relationship on the map. The better the accessibility by PT during peak hours, the 545 

more likely it is that this area is densely built up, and people earning below the HCR region average live 546 

there. In contrast, less accessible areas with lower population density are more likely to be inhabited 547 

by wealthier people who use private cars for travel (Fig. 13.).  548 

 549 

Fig. 13. Comparison of where people move from between 6 am and 8 am the percentage of remaining trips over 550 
37 minutes by PT  ( own elaboration in ArcGIS based on Finnish Environment Institute 58; GTFS Open Data HSL 551 
Helsinki 38and 2019; Traficom 58). 552 

4. Discussion  553 
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Using known methods for assessing spatial accessibility, GTFS data and mobile phone data were used 554 

to derive various parameters from mobile data for each location in the HCR area. Additionally, mobile 555 

data were aggregated for the entire HCR area and presented as charts throughout the day. How 556 

significant are the flow of individuals values that are generated from mobile phone data, broken down 557 

by mode of transport, weekdays, weekends, and throughout the day? Do areas inhabited by wealthier 558 

segments of society exhibit good public transport accessibility when using mobile phone data? The 559 

results suggest that in the HCR area, there are many correlations between travel time, travel distance, 560 

and number of people travelling throughout the day—the first correlations concern travel distance 561 

and weekdays versus weekends. Here, the results concerning car travel are concerning, showing 562 

significant areas where the car has the advantage on weekdays. Additionally, the hourly chart 563 

demonstrates that car travel is used for a significant share of long journeys on weekdays. 564 

The study utilised results from the GTFS public transportation (Hadas, 2013; Wessel et al., 2017) and 565 

mobile phone origin-destination (O-D) data (Iqbal et al., 2014) to assess public transportation 566 

accessibility in the HCR  (Helsinki Capital Region). Other studies have employed mobile phone data to 567 

create semi-open public transportation databases based on the GTFS (García-Albertos et al., 2019) in 568 

the municipality of Madrid  (Spain). Other studies have employed mobile phone data to create semi-569 

open public transportation data based on the GTFS (Williams et al., 2015). According to the author, 570 

this is the first work that combines the two datasets. O-D mobile phone-based passenger movement 571 

information and PT timetables are stored in a test format called GTFS. 572 

Moreover, despite using a variety of methods for determining transport accessibility, namely switched 573 

accessibility, potential accessibility and matrix comparison, this paper makes a methodological 574 

contribution that relies heavily on cellular data and GTFS for HCR. Cellular and GTFS data have made it 575 

possible to indicate how large traffic flows are generated using mobile phone data. This enabled 576 

problem areas to be identified where residents will be most likely to use a private car. 577 

The results support studies based on GTFS data. The standardised nature of this data has enabled the 578 

utilisation of plugins and programs developed for GTFS in measuring transport accessibility and traffic 579 

flows in other planning applications (Hadas, 2013; Wong, 2013). In addition, Origin and Destination 580 

data from mobile phones may contribute to sustainable transport planning (Alexander et al., 2015; 581 

Tsumura et al., 2022). Combining these two data sources allows problematic locations to be identified 582 

where residents are highly likely to commute by private car, a mode which has a significant 583 

environmental impact compared to other alternative modes of transport. In the HCR area, 44% of trips 584 

were made by respondents (residents) who chose the fastest mode of transport, which in most cases 585 

meant using a private car. Planners need to designate zones relevant to different groups of residents 586 

who use different modes of transport (Söderström, P., Schulman, H., Ristimäki, 2015) in order to be 587 

able to efficiently support areas that overuse the car in comparison with, for example, PT (Audouin 588 

and Finger, 2018). The results presented in this study differ somewhat from those found in other 589 

studies (Hasanzadeh et al., 2021). The author of this study mainly highlights differences in the area 590 

around the municipality of Kauniainen, designated as an area for PT use (Söderström, P., Schulman, H., 591 

Ristimäki, 2015; Zhang et al., 2022). From the results obtained in this study, it can be presumed that 592 

this is a zone where residents use private cars for travel. The centre of the HCR is primarily made up of 593 

walkable areas (Hasanzadeh et al., 2021). The HCR area contains many jobs and services that PT can 594 
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access. Pedestrianised sub-centre zones are located around major railway stations and shopping 595 

centres (Hasanzadeh et al., 2019). These zones contain a range of housing, employment and services. 596 

Together with the intensive PT zone, they form corridors with good access to PT. In contrast, the PT 597 

and car zones are located further away from PT links, closer to the city's edge. These zones often have 598 

lower population density and poorer access to jobs and services. 599 

The survey classified further potential accessibility scores by car use and other modes of travel, but 600 

have also showed a high percentage of trips made by car. The overall accessibility score on the hourly 601 

graph for the day shows a significant proportion of the traffic occurring in the afternoon. This result 602 

shows that long trips are made in peak morning hours and are commuting trips (Zhao et al., 2020) or 603 

trips taking children to school. The increase in trips in the afternoon is related to other activities, which 604 

are more numerous and, therefore, more trips are recorded. Therefore, this total share is higher. 605 

Comparing the number of trips with the number of people living in the area is also fascinating. It can 606 

be seen that on weekdays, the location of workplaces is visible as darker colours, while on weekends, 607 

large green areas located further away from the centre are more significant. This part of the study also 608 

shows the number of people who travel compared to the other PT matrix and selects those who travel 609 

longer than 37 minutes by PT. On this basis, the major proportion of people who travel long distances 610 

in the morning peak hour was extracted. Key results were obtained by comparing the O-D of cellular 611 

data with the O-D times for PT based on GTFS data. By determining the time threshold and the morning 612 

peak hour, it was possible to separate the population that travels in the morning peak between 6–8 613 

am from the remaining trips during the other hours. These results have identified problem areas in the 614 

HCR that have yet to be directly defined in other studies and where there may be excessive car use by 615 

people living in the area. Areas of poorer accessibility by private transport and possible greater use of 616 

private cars are populated by wealthy people who live in areas poorly served by PT. 617 

Previous studies have used surveys to determine the flows of people in selected spatial links and using 618 

which means of transport (Salonen et al., 2014). The final result consists of a limited number of answers 619 

from respondents. A drawback of mobile phone data is the lack of personal information about mobile 620 

phone users and the requirement that individuals registered by the mobile network must spend more 621 

than 20 minutes in a specific region. (Willberg et al., 2021) In future research, it is possible to combine 622 

the detailed data in the interviews that Carrier conducts in its research on the HCR (Brandt E., Kantele 623 

S., 2019) with mobile data (“Traficom,” 2020) and data from other sources (Tenkanen and Toivonen, 624 

2020), including GTFS data (“GTFS open data HSL Helsinki,” 2019) for the HCR. This information can be 625 

used to estimate all movements within the HCR by transport mode selected, hours, and destination, 626 

which is of great interest to those involved in planning and implementing sustainable PT in cities and 627 

regions (Jurgilevich et al., 2021).  628 

The study contributes to the literature on the sensitivity of GTFS and mobile phone data when 629 

obtaining the daily dynamics and diversity for selected locations. These results show areas that could 630 

be heavily used by one mode of transport with negative impacts, in this case, the car. These results 631 

can help transport planners, who can use the results to look at these areas in more detail and propose 632 

measures to reduce car use, with beneficial implications for the future. Practitioners can use the 633 

methodology developed and the results obtained to designate areas and a new strategy to support 634 

https://doi.org/10.1111/tgis.70163


This is the submitted (pre-peer-review) version of the following article: 

Goliszek, S. (2025). Spatio‐temporal accessibility modeling with mobile phone and GTFS data: Insights 

for urban transport planning in Helsinki. Transactions in GIS, 29(8), e70163. 

The final version of record is available at: https://doi.org/10.1111/tgis.70163 

© 2025 John Wiley & Sons Ltd. This preprint is made available for non-commercial purposes only, in 

accordance with the Wiley Self-Archiving Policy. 

 

24 
 

sustainable mobility in the HCR. This approach will reduce carbon emissions in the HCR, positively 635 

impacting the quality of life for all residents in the area.  636 

Finally, sites in which high use levels of private cars are possible should be investigated further. We 637 

suggest that these sites should be placed under special surveillance. Furthermore, in the future, more 638 

detailed studies should be carried out at the urban level to investigate the links between the resident 639 

population, the number of car journeys, and the transport mode preferences of the residents (Huang 640 

et al., 2019). Unfortunately, the results of this study already show that these areas are inhabited by 641 

affluent residents who are unlikely to change their travel habits. In future research, it might be 642 

worthwhile to investigate what types of cars these people drive and their impact on the HCR's 643 

environment. An important issue is the inclusion of such areas in strategic urban planning for 644 

sustainable urban transport in the HCR, which is worthy of further investigation. 645 

A limitation of this study is the use of average travel speed and distance values in the formulae for 646 

calculating accessibility. This may have some influence on the results; however, it should not 647 

compromise the overall interpretation of the study or the accessibility outcomes in the HCR area. 648 
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