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ABSTRAKT 

Předmětem disertační práce ‘Dopravní chování obyvatel a aplikace jeho zákonitostí’ je výzkum 

modal splitu lokální denní dojížďky do práce a do školy mezi obcemi ČR. Cílem je nalézt závislosti 

podílů dopravních módů na dělbě přepravní práce na různých vysvětlujících proměnných pomocí 

regresních modelů rozhodovacích stromů a lineárních regresních modelů. Předmětem práce je vývoj 

metod předzpracování dat (např. filtrace), které usnadňují použití dat o lokální dojížďce, pro kterou je 

charakteristický velký počet dopravních relací používaných pouze relativně malým průměrný počtem 

cestujících. Vysvětlující proměnné zahrnovaly 39 socio-demografických a prostorových ukazatelů 

(charakteristiky obcí) a 33 ukazatelů charakteristik cest (charakteristiky spojení mezi obcemi vyjížďky 
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[0] Foreword 

Three quotes from the book Flights from Olga Tokarczuk were selected to realise the broader 

perspective of the human travel. 

“EVERYWHERE AND NOWHERE 

Whenever I set off on any sort of journey I fall off the radar. No one knows where I am. At the point I 

departed from? Or at the point I’m headed to? Can there be an in-between? Am I like that lost day 

when you fly east, and that regained night that comes from going west? Am I subject to that much-

lauded law of quantum physics that states that a particle may exist in two places at once? Or to a 

different law that hasn’t been demonstrated and that we haven’t even thought of yet that says that 

you can doubly not exist in the same place?” (TOKARCZUK, 2017 p. 48) 

“THE RIGHT TIME AND PLACE 

Many people believe that there exists in the world’s coordinate system a perfect point where time 

and space reach an agreement. This may even be why these people travel, leaving their homes 

behind, hoping that even by moving around in a chaotic fashion they will increase their likelihood of 

happening upon this point. Landing at the right time in the right place – seizing the opportunity, 

grabbing the moment and not letting go – would mean the code to the safe had been cracked, the 

combination revealed, the truth exposed. No more being passed by, no more surfing coincidences, 

accidents and turns of fate. You don’t have to do anything – you just have to show up, sign in at that 

one single configuration of time and place. There you will find your great love, happiness, a winning 

lottery ticket or the revelation of the mystery everyone’s been killing themselves over in vain for all 

these years, or death. Sometimes in the morning one even has the impression that this moment is 

close by, that today might be the day it will arrive.” (TOKARCZUK, 2017 p. 74) 

“ANOTHER COOK 

In 1841, Thomas set out on foot to a meeting of the Temperance Society – for he was a great 

advocate of the temperate mind – from his native Loughborough to Leicester, eleven miles removed. 

With him went several other gentlemen. Along the way, which was long and tiring, this Cook had an 

idea – it now seems so strange that no one had ever thought of it before, but that is of course the 

famous simplicity of brilliant ideas – namely, to rent a railway carriage to transport all the travellers 

together on the next trip. A month later he managed to ready his first excursion for several hundred 

people (it is unknown whether all of them were heading to the Temperance Society, however). And 

so the first travel agency was born.” (TOKARCZUK, 2017 p. 224) 
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[1] Introduction 

The travel behaviour is a complex phenomenon represented by the user’s choice. As the transport 

users can be influenced, also the travel behaviour is sensitive to outer stimuli such as a construction 

of a new transport infrastructure or an implementation of new transport system. Such stimuli fall 

within the scope of a transport development and management. The responsible public governments 

are managing or should be managing the transport in order to achieve a better mobility for their 

citizens and visitors. Typically better in terms of effectivity, sustainability, equal opportunity and 

accessibility and aiming to support the local development. 

To do so, the government needs to have a sufficient knowledge, expertise and relevant human 

resources. However, to build and sustain such a capacity can be a problem, as it is not easy nor 

cheap. The lack of capacity to effectively manage the travel behaviour is especially evident on the 

lower levels of government, as these are commonly operating with a budget too small to afford the 

necessary teams of specialists. At the same time, it is the local government who is responsible for the 

local development, sustainability of rural areas and local transport services accessible on equal 

terms. It is also trying to reach the highest possible effectivity of the mobility of their citizens and 

visitors. This research should primarily assist the local government to handle this difficult task by 

providing the necessary knowledge base for an informed decision making. Thus, the significance of 

this research is given by its wide target group of potential beneficiaries represented by all the local 

governments in Czechia, including 13 self-governing regions and over 6 000 municipalities. 

To maximise the impact of this research and the benefits for the local government, the research 

should be focused on the biggest stake of the travel behaviour, which is influenceable by the decision 

making of the local government. To define the largest portion, let’s break down the phenomenon of 

travel behaviour into four main study fields: 

 purpose of the travel, 

 frequency of the travel, 

 travel time, 

 modal split (modal choice). 

Usually the biggest decision of the local governments related to the transport policy is how much to 

spend on the transport in total, but that is rather political issue. The very second decision would be 

how to distribute the amount among the different modes of transport. Thus, the relevant main stake 

is closely related to the modal spit, which should be the main focus of this research.  
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The other study fields will also be taken into account. The main purpose of the travel, which 

represents the majority of all trips, is travelling to work or school. The frequency of the travel, which 

represents the majority of the trips would be the daily commute. When it comes to the travel time of 

the trips, this needs to fall into the category of local commute to correlate with the focus on the local 

government decision making. That narrows down the primary focus of this research to the modal 

split of the local daily commute to work or school. 

In terms of Czechia, the governments of the self-governing regions or simply the ‘regions’ are the 

ones who are primarily responsible for the management of the local transport systems. The regions 

are managing the infrastructure of the local roads and contracting the public transport in terms of 

local buses and trains. Basically, what the regions are taking care of is the transport from 

municipality to municipality. The regions are not involved in organization nor in contracting the 

mass city transport in larger towns and cities, which have their own urban (or even sub-urban) public 

transport systems. The governments of municipalities (the ‘municipalities’) can, on their own 

discretion, finance or co-finance the local transport systems as an enhancement of the development 

and operation guaranteed by the regions. That makes the municipalities secondarily responsible for 

the management of the local transport systems. 

The modal split of the journeys between the municipalities can be studied per separate origin-

destination pairs of municipalities. Such a pair would be a linking of a municipality of origin with a 

municipality of destination by some transport modes using some specific routings and connections. 

That makes the origin-destination pair the basic subject of the research. Thus, only the trips to work 

or school outside the municipality of residence will be studied. 

The data describing the travel behaviour within these origin-destination pairs suitable for this 

research are available from the last national Population and Housing Census in form of traveller flows 

between the municipalities. For each origin-destination pair, the number of travellers, the mode of 

transport they have used, and their travel time is available. The modal share of transport modes 

used within these origin-destination pair will be calculated and will represent the explained variable 

or simply the ‘Y’ of the research. The ultimate goal of the research would be to find and describe the 

dependencies of modal shares of transport modes on various explanatory variables. 

For the explanatory variable (the ‘X’), the characteristics of the municipalities and characteristics of 

the connections between them will be used. The characteristics related mainly to the socio-

demographic, spatial and geographic indicators will be used for the municipalities, while the various 

traffic engineering, spatial and geographic indicators will be used for the connections. All taken from 

various reliable and mostly publicly available sources. 
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How to find the dependencies of the Y’s on the X’s will be the main research question and mapping 

the ways how to do it will be the main purpose of the research. The found dependencies should 

identify the determinants of the travel behaviour and describe how they are affecting the travel 

behaviour. It would be then possible to apply the dependencies in predicting the travel behaviour 

potential in the municipalities and for the connections between them. 

Since the input variables will be researched on the level of municipalities and inter-municipal 

connections, this research approach can be perceived as an attempt to conduct a macroscopic 

analysis of travel behaviour. Using the macroscopic point of view involves less detail than the 

dominant travel behaviour research using households as the basic subject of research (can be 

perceived as a microscopic perspective in this thesis). On the other hand, as the macroanalysis of the 

travel behaviour works with aggregated characteristics of the municipalities and not with the 

characteristics of specific households, it does not suffer from confidentiality restraints. Thus, the 

results of the macroanalysis per municipality of any size can be published without the risk of personal 

data protection breach. Moreover, the population census data allows to process the travel behaviour 

of much greater portion of the population than in the case of the traditional mobility surveys of 

households with a limited survey sample. 

The possibilities of macroanalysis of travel behaviour shall be explored to verify if the macroanalysis 

can serve as a complement to existing methods of the travel behaviour research. This also includes a 

verification of the application of the macroanalysis as a supportive decision-making tool in the 

transport development and management. The verification shall be done by this pilot research of the 

modal split of local daily commute to work or school between the municipalities of Czechia. 
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[2] Theoretical background 

Firstly, basic concepts will be introduced, and multiple points of view will be presented to stimulate 

the reflection on the topics. Secondly, analytical methods will be described including the inherent 

formulas and variables. 

2.1 Basic concepts 

This chapter guides through the terms and principles, whose understanding is crucial for the subject 

and purpose of the research. 

2.1.1 Travel behaviour 

The general definition of the travel behaviour was provided by Privitera (2015): “It can generally be 

referred to as the study of what people do over space and how people use transportation.” On the 

other hand, one might be missing the motivation, rationale or simply the why in the definition. That 

is what Asad (2013) reminds: “…travel behaviour research usually seeks to find justifications and 

explanation of people’s travel-related options; i.e., how and why rather than how much.”  

A conceptual overview of the travel behaviour was provided by Axhausen (2007): “Travel behaviour 

research studies the physical movement of persons outside their reference locations for any 

purpose. (…) The reference location is the place to which the person returns at the end of the day. 

This is generally the home (…) The allocation of the time between the first departure of the day from 

home until the final return between movement and activities defines the outline of a person’s daily 

schedule.” This highlight the importance of daily activities, for which the person travels, which is in 

line with Pickup and Town (1983) who see the travel behaviour as “…an outcome of the balance 

between the activity choices and constraints that face each individual.” 

The practical outcomes of the travel behaviour have been summarized by Asad (2013) in his review: 

“People’s travel behaviour is typically designated by a number of travel outcomes such as trip 

frequency, mode share, journey length and time of day (Meurs & Van Wee, 2003). Travel 

outcomes such as transport energy consumption and CO2 emissions have been recently also 

used as composite metrics (Headicar, Banister, & Pharoah, 2009).” 

Unlike many other data utilised in transport sciences, travel behaviour data cannot be collected 

without direct interaction with travellers. They have to provide the answers to at least the previously 

stipulated outcomes and perhaps even many more, depending on the type of the survey. Thus, 
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specialised mobility surveys using questionnaires are very demanding type of survey from all 

perspectives such as methodology, organisation and costs (URBANEK, 2019). 

So why is it important to spend significant human and financial resources on conducting mobility 

surveys and the travel behaviour research in general? The indisputable importance of the travel 

behaviour data can be seen in the role they play in the creation of transport models (BUZÁK, 2015). 

2.1.2 Transport planning and transport modelling 

“Transport planning is defined as planning required in the operation, provision and management of 

facilities and services for the modes of transport to achieve safer, faster, comfortable, convenient, 

economical and environment-friendly movement of people and goods. It is a prediction of usage 

demand in future travel and to ensure all the necessary facilities and services to cater to that 

demand. Transport planning is highly essential in shaping cities, enabling economic activities, 

promoting community interaction, and enhancing quality of life. It is also essential for sustainable 

development and ensuring safe accessibility at various levels for all individuals. (…) Transportation 

planning must cover all aspects of city life such as economic development, quality of life, health of 

public and environment and thereby supporting long-term ecological balance. For this transportation 

planners and engineers always focus on the efficient movement of people and goods across the 

country.” (TransportPlanning) This empirical definition of transport planning is sufficient introduction 

into the subject and prepares the ground for the main topic of the chapter, which is the transport 

modelling. 

“What is ‘transport modelling’? Before we dive into transport modelling, let’s examine what we 

mean by ‘transport’ and what we mean by ‘modelling’. Transport: Movement of people and of goods 

between land-uses, e.g. from home to work, from wholesale warehouse to retail outlet, for the 

purposes of ‘gain’; whether that be economic, social, spiritual, recreational, or some other purpose 

that the person travelling or the organisation consigning the goods considers gainful. It does not 

cover travel for the purpose of travel itself or for exercise, e.g. a sight-seeing tour bus, a leisure cycle 

ride, walking the dog, or going jogging. Modelling: Any simplified representation of actuality; thus: a 

photograph is a simplified version of a view; a documentary book is a simplified version of any 

episode in history, for example; and a house built out of snap-together plastic blocks, no matter how 

elaborated, is a simplified version of an actual house. A mathematical model is a simplified version of 

reality expressed numerically and through formulae and algorithms that turn input data into output 

data that forms information.” (HOMER, 2019) To summarize, let’s use the definition used by Heyns 

and Jaarsveld (2017): “Whilst many definitions exist defining transportation modelling it is primarily a 

mathematical tool using computer software to represent an actual transport system (the real world) 
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to forecast travel patterns and flows between origins and destinations in geographic space by 

different modes.” 

The importance of the transport models for transport planning is given by the values of their 

outcomes: “The outputs from a transport model can provide essential insight into the understanding 

of an existing or future transport problem, thereby supporting infrastructure design and operational 

planning. A transport model can also identify the likely impacts that will result from a proposed 

project, strategy or transport/environmental policy. As such, the transport model plays an essential 

role as a decision-support tool, providing relevant and accurate information into planning and 

decision making.” (JASPERS, 2014) 

For instance, considering the very commonly used four-step transport forecasting model, travel 

behaviour data are required for all the steps. Simply said, following travel behaviour data are 

required in the respective steps (PTV, 2012): 

1) Trip generation – travel behaviour data on number and purpose of trips 

2) Trip distribution – travel behaviour data on destinations and purpose of trips 

3) Modal choice – travel behaviour data on transport modes used and resulting modal split 

4) Route assignment – travel behaviour data on route choice for each trip and mode 

In the municipalities and regions, where mobility surveys were conducted, the four-step multimodal 

transport models can be created, because the travel behaviour data can be used for their calibration. 

Based on the travel behaviour data, distribution curves are developed, to describe the travel 

behaviour of particular narrow population subgroups, which are showing internal consistency in their 

composition (demographics) and behaviour (the members of population are travelling from one 

activity to another, creating so called activity pair) resulting in some specific transport demand. Such 

travel behaviour patterns typical for some specific population sub-groups and their purpose of travel 

are referred as demand strata. (BUZÁK, 2015)  

The modal choice in the transport models is commonly done based on generalised costs, which are 

aggregating the costs of the travel including the monetary costs such as the fare and the value of 

travel time. (WARDMAN, et al., 2020) The travel time could be expressed in the form of perceived 

travel time according to the perception of the real-world travellers, who for example perceive the 

waiting time on transfers to be longer (and thus more costly) then the time spent in the mean of 

transport. (BHAT, 1998) 
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2.1.3 Modal choice 

Various definitions of modal choice (mode choice) can be found, describing the relation to the travel 

behaviour concept. For example, Dave, Raykundaliya and Shah (2013) outlined, that the modal 

choice is a fundamental element of the travel behaviour. Aston et al. (2019) perceive it in a way that 

the travel behaviour is a decision-making process and as a such, the choice of a particular transport 

mode is a subset of the travel behaviour. In regard to the importance of the modal choice research, 

Milimol, Sreelatha and Soosan (2013) state that: “Modelling traveller’s behaviour with respect to 

mode choice is crucial for effective planning of future transport networks, policy testing and analysis 

of existing transportation systems.” However, modal choice concept can be defined regardless of the 

superior travel behaviour concept. 

An attempt to provide a complex definition of modal choice was made in the review from De Witte, 

Hollevoet, Dobruszkes, Hubert and Macharis (2013): “Based on the specific focus used to analyze the 

complex process of modal choice in the reviewed articles, three major approaches can be 

distinguished: a rationalist approach, a socio-geographical approach and a socio-psychological 

approach. The rationalist approach can be seen as the mainstream approach to study modal choice 

following the assumption that travellers take decisions based on utility maximization attained by 

minimizing travel time and costs (Shen et al., 2009). This microeconomic approach implies that 

individuals behave perfectly rational dealing with all kinds of available information (…) and select the 

alternative with the highest utility. The socio-geographical approach explicitly introduces a spatial 

component into the modal choice decision process and starts from the activity schedule of 

individuals or households to explain modal choice (Bhat and Singh, 2000; Axhausen, 2002; Meister et 

al., 2005; Cirillo and Axhausen, 2002). This approach treats the demand for travel as a derived 

demand, where people are presumed to travel not for the sake of it, but in order to pursue activities 

distributed in space and time. (…) The socio-psychological approach aims at explaining modal choice 

by the study of attitudes of individuals with regard to the available transport means. The concepts of 

intentions and habits are important elements in this approach.” 

Inspired by this multi-disciplinary approach, De Witte et al. (2013) propose to define the modal 

choice as a decision process to choose between different transport alternatives (various modes and 

their combinations), which is determined by a combination of interrelated socio-demographic 

indicators, journey characteristic indicators and spatial indicators, and further influenced by socio-

psychological indicators. This lays the foundation for design of framework for identification and 

structuring of the modal choice determinants, comprised of four indicator groups, shown in Figure 1. 
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Figure 1: Framework for structuring modal choice determinants by De Witte et al. (2013) 

The authors are explaining the graphical representation of the framework as follows: “On the outside 

circle, the framework distinguishes 3 types of determinants constituting the options to make a modal 

choice. These indicators can be socio-demographic, journey characteristic or space-related. The 

connection between each of these determinant types represents the possible interrelations and 

dependencies that may occur among them. (…) The second circle represents the influence of socio-

psychological or subjective factors, like habits, perceptions, experiences, etc. These factors are 

determining for how the possibilities shaped in the first circle are acted upon. (…) Modal choice is 

then positioned in the middle as the result of the interactions between the socio-demographic, 

journey characteristic and spatial indicators combined with the influence of subjective indicators. The 

aim of this framework is to provide a comprehensible and useable way to structure modal choice 

determinants to allow for a better understanding of the complex concept of modal choice.” 

The determinants of modal choice reviewed by De Witte et al. (2013) were then assigned to the 

indicator groups from the Figure 1 as follows: 

Socio-demographic indicators 

 Age – age of an individual or age groups of people 

 Gender – gender of an individual or the gender ratio 

 Education – education of an individual or groups of people with the highest completed level  

 Occupation – job type, job sector, full-time vs. part time, employment vs. unemployment 
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 Income – income of an individual, household or otherwise defined group of people 

 Household composition – based on indicators such as age, gender, education or occupation 

 Car availability – number of cars per driver in household or in area per inhabitant 

Spatial indicators 

 Density – number of inhabitants per defined area (e.g. built-up area, administrative unit etc.) 

 Diversity – mixed land-use in terms of a diverse pattern of residence, commerce, institutions 

green space, industry and transport infrastructure accommodated by the neighbourhood 

 Proximity to infrastructure and services – availability and proximity of road networks and 

nodes as well as public transport networks and hubs 

 Frequency of public transport – frequency of the public transport connections 

 Parking – availability of parking place and facilities and the cost of parking 

Journey characteristic indicators 

 Travel motive – trip purpose based on travel need given by the pursued activity 

 Distance – trip distance, note that it is strongly related to travel time and travel cost 

 Travel time – possibly distinguishing the real travel time and the perceived travel time 

 Travel cost – cost for the use of the travel mode as well as the change in price over time 

 Departure time – correlation to time of day and the availability of modes at that time 

 Trip chaining – complex trips with intermediate stops between origin and destination  

 Weather conditions – such as precipitation and temperature or the different seasons 

 Information – about the actual availability, reliability and quality of transport alternatives 

 Interchange – e.g. number, discomfort and waiting time at the interchanges 

Socio-psychological indicators 

 Experiences – past positive or negative experience with the transport mode or provider 

 Familiarity – the knowledge the user has developed of the various transport modes 

 Lifestyle – individual’s lifestyle 

 Habits – the strength of the traveller’s habit to use the usual mode of transport 

 Perceptions – quality perception is determined by the person’s own history 

After providing the framework of modal choice determinants, De Witte et al. (2013) continue with a 

review of the influences of determinants on the modal choice combined with the frequency on 

which these influences were researched: “In order to get an idea of the importance of these 

determinants in the modal choice decision, we not only identify the determinants taken into 

consideration in the different papers, but we also verify in a descriptive way in how many of the 
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cases each determinant has been labelled as a significant contributor to the modal choice decision.” 

A graphical representation of their classification is in the Figure 2. The authors also add an 

explanatory example how to read the figure: “Car availability, for instance, is mentioned as a 

determinant in 36 of the 76 reviewed papers, which corresponds to 47% on the horizontal axis. The 

vertical axis indicates whether a determinant is frequently recognized as significant. This is expressed 

as the ratio of the number of times a determinant is found significant against the number of times a 

determinant is studied. For car availability this ratio stands at 78%, as car availability has been found 

significant in 28 of the 36 papers where it has been studied.” 

 

Figure 2: Classification of modal choice determinants based on the review by De Witte et al. (2013) 

2.1.4 Modal split 

According to Rodrigue, Comtois and Slack (2013), the modal split is an outcome of the modal choice. 

However, the modal choice and modal split should not be treated as synonyms. To further develop 

this statement, a closer look needs to be taken at possible definitions of the modal split. 

First definition comes from Vanoutrive (2015), corresponding his workplace perspective to modal 

split research: “The modal split of a workplace (or city) represents the proportion of individuals using 

a particular transport mode and is often used as a measure of sustainability...” 
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Another definition is provided by Matulin, Bošnjak and Simunović (2009) in their study of the modal 

split of multimodal journeys, where they have stated: “Modal split represents the ratio of different 

transport modes in the total journey from the origin (O) to the destination (D).” 

Rodrigue et al. (2013) have provided three definitions in their broad overview of geography of 

transport systems. According to them, the modal split could stand for: 

“(1) The proportion of total person trips that uses each of various specified modes of transportation. 

  (2) The process of separating total person trips into the modes of travel used. 

  (3) A term that describes how many people use alternative forms of transportation.” 

The Eurostat glossary connects the definition of the modal split with the shares of different transport 

modes: “The modal split of transport describes the relative share of each mode of transport for 

example by road rail or sea.” (2019) 

Not forgetting the concept of transport modelling, the modal split is the third step of the four-step 

transport model, as described by Ungvarai (2019): “In this modelling step a previously calculated 

amount of trips between an origin and a destination is broken up into parts belonging to different 

transport modes.” 

The provided examples of modal split definitions are mainly showing the absences of unified 

approach to modal split definition in the scientific community, as reported by Matulin et al. (2009) 

and Ungvarai (2019). This creates a considerable need to clearly define the modal split in every study 

which involves it, especially considering all the different possible research perspectives or focuses. 

Without clear definition, the modal split results from different cities, surveys or papers will not be 

comparable nor easily interpretable and it will not be possible to use it for evaluation of current 

transport systems and their development, which is one of the main purposes of modal split according 

to Ungvarai (2019). Framing the modal split figures by the necessary definition is a step to their 

sound comparison, protecting them from being abused in superficial political statements, for 

example mentioned by Vanoutrive (2015): “Modal split figures of cities have been used by transport 

planners and policy-makers to promote their cities as the ‘bicycle capital of the world’.” 

To be able to tailor a definition of the modal split for any research purpose, key relevant terms 

appearing in the above-mentioned definitions need to be defined as well. Firstly, it is necessary to 

distinguish between the journey and trip. Matulin et al. (2009) put this as follows: “Journey is 

considered to be a transport of people (including walking) from O-D with the exact purpose. Journey 

can consist of several trips depending on number of transport modes used…” This is particularly 

important when multiple modes can be used to travel from the origin to the destination. 
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Another key part of the framework would be the definition of the calculation base of the modal split. 

It needs to be clearly stipulated, whether the trips made by all mentionable transport modes were 

included in the calculation or not as reminded by Ungvarai (2019). This is closely related to the 

number of modes distinguished in the sample. Based on one, two, or more modes, Wilken (1977) 

talks about unimodal, bimodal and multimodal split. It must be noted that no modal choice happens 

in the case of the unimodal split, rather a decision on taking the journey (to travel). 

The examples of the most common bimodal and multimodal split are further explained by Reisender 

Raumplaner (2016) and Ungvarai (2019). In the case of the bimodal split, only public transport and 

private car are usually included in the calculation. Thus, the resulting figure (e.g. “60-40”) should be 

presented as a public transport–private car ratio, rather than a modal split of all trips in the 

researched sample. It is because the shares of other transport modes (such as walking and cycling) 

are not included and their omitting is lowering the calculation base, making the result very different 

from what it should be (BRUNN, 2013). 

Even in the case of multimodal split, the calculation base must be described. On one hand, the 

multimodal split includes more modes and thus limits the number of trip omitted from the 

calculation base, on the other hand, there might be a tendency to omit some unusual transport 

modes with negligible share from the calculation. In such case, these total shares of omitted modes 

should be transparently stated, or these residual modes should be aggregated as ‘others’ and kept in 

the modal split calculation, making the calculation base equal to the total number of trips 

(UNGVARAI, 2019). 

An essential part of any customized definition of the modal split should be the number of modes 

used on a journey in line with Matulin et al. (2009) and Ungvarai (2019). The above-mentioned 

‘number of modes distinguished in the sample’ does not predetermine the ‘number of modes used 

on a journey’. There could be a multimodal split calculated based on a sample including journeys, 

which are each consisted of only one trip using single transport mode. The example of that is when a 

respective methodology takes only one, ‘the main’, transport mode for each journey but allows for 

choosing the main one from multiple modes (UNGVARAI, 2019). 

However, unless the research focuses on the purely walking trips only, there is never only one 

transport mode used for the real-world journey, simply because every journey always includes some 

walking, either to a car parking or a public transport stop (UNGVARAI, 2019). Also combining other 

modes besides walking, e.g. commuter train and tramway in one journey, is nothing extraordinary. 

Thus, multimodal split allowing for multimodal journeys is often used in the traffic engineering 

practise. The following explanatory examples are inspired by the work of Matulin et al. (2009). 
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As stipulated above, each part of a multimodal journey completed by a different transport mode is a 

new trip. In the example number 1, a commuter is walking from home to a train station A, then 

taking a train to a train station B, then walking to a nearby tramway stop 1, then taking a to tramway 

to tramway stop 2 and then finally walks to work; thus in the end taking five trips and using three 

transport modes. The walking mode has counted three uses and the remaining two just one. The 

modal split of such journey is 60 % walking, 20 % train and 20 % tramway. However, the definition of 

such modal split must be added to provide the necessary context – such modal split is a multimodal 

split including absolutely all trips taken with different transport modes regardless of their importance 

to the journey in terms of distance travelled, travel time spent, or cost incurred. 

In the example number 2, let’s add another journey to the sample, connecting exactly the same 

origin (home) and destination (workplace), but this time composed of three following trips: walking 

from home to a nearby bus stop α, taking a direct bus to a bus stop β located on the tramway stop 2 

and finally walking to work. To make it even more complex, let’s say the walking distance from home 

to bus stop α is shorter than the walking distance from home to the train station A, covered in the 

previous example 1. The modal split of the second journey is 66.7 % walking and 33.3 % bus, which 

means, the share of bus on the second journey (33.3 %) is smaller than the sum of the shares of train 

and tramway (40 %) on the first one, despite the fact the bus has covered a longer distance. Vice 

versa with the mode walking, which has higher share on second journey despite the fact it has 

covered a shorter distance than in the case of the first journey. 

These discrepancies do not necessarily prove the shortcomings of the modal split concept, but they 

definitely do point out the necessity of the clearly stated definition of the calculation methodology of 

the modal split as stated by Matulin et al. (2009) and Ungvarai (2019). This can be best explained by 

applying different definition to the above-mentioned journey examples. But first, let’s calculate the 

modal split of the sample (first and second journey together) according to the above-stated 

definition of the modal split (multimodal split including absolutely all trips taken with different 

transport modes). That is going to be based on 5 walking trips, 1 train trip, 1 tramway trip and 1 bus 

trip, making it in total 8 trips (the calculation base). Share of the mode walking will be 5/8 = 62.5 %, 

and for the other modes it will be 1/8 = 12.5 %.  

Alternative modal split definition could be a multimodal split including all trips taken with transport 

modes different from walking. In such case, the first journey is composed of 2 trips (1 train trip and 1 

tramway trip) and the second one is composed of 1 bus trip. The calculation base is 3 trips and the 

share of each transport mode is 1/3 = 33.3 %. The difference in modal split results based on the two 

different definitions is evident and so is the possible contradiction these results can make if 
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presented without the clearly stated definition. Similarly, to the contradictory modal split results of 

the different studies conducted multiple times in the cities Budapest and Debrecen, provided as an 

example by Ungvarai (2019).  

Since counting of walking trips plays a crucial role in the modal split calculation, the authors are 

usually trying to define some condition or threshold, which would allow to include only significant 

walking trips into the calculation. A common option is to set a distance threshold. The length of 

approximately 100 metres is recommended in the European conditions by Ungvarai (2019) as well as 

by Matulin et al. (2009). The threshold could also be based on the minimum distance generally 

acceptable for everyone to walk for the particular mode of transport, such as the 300 metres in the 

case subway stops in Manhattan (OLSZEWSKI, 2007). The other option is to define a condition 

supporting the importance of the walking trip. Typical example is that the traveller must make an 

active decision to use the walking mode (or any other mode). A short walk from the train to 

tramway at the public transport transfer hub is not a subject of decision, while a longer walk to train 

station chosen instead of a short walk to bus stop was selected intentionally based on the traveller’s 

discretion, as suggested Ungvarai (2019). In other words, the walking must be a result of modal 

choice. Which connects the definition of modal split to the original statement that the modal split is 

derivative of the modal choice. 

It should be noted that the primary goal of any modal split definition is NOT to perfectly reflect the 

real importance of the transport modes for the whole journey in terms of distance travelled, travel 

time spent, or cost incurred. The first reason is that with increasing complexity of the travel 

behaviour data gathered from the respondents, the risk of inconsistent answers increases as well 

(UNGVARAI, 2019). The second reason is that specialised variables such as passenger-distance 

[passenger-kilometre] should be used to describe the total performance of the transport modes 

(UNGVARAI, 2019). As concluded by Ungvarai (2019): “The modal split is definitely measuring 

behaviour of people and a common perception of travellers. It is connected to local circumstances, 

mostly to the traffic system of the region. But it is definitely not measuring environmental protection 

or carbon dioxide emissions, neither distances travelled.” The modal split is measuring the 

traveller’s decisions made in favour of the various transport modes. 

2.1.5 Modal shift 

The theoretical backing of the modal shift (modal change) was summed up by Rodrigue (2020): “The 

technological evolution in the transport industry aims at adapting transport infrastructures to 

growing needs and requirements. When a transport mode becomes more advantageous than 

another over the same route or market, a modal shift is likely to take place. (…) A modal shift 
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involves the growth in the demand of a transport mode at the expense of another, although a modal 

shift can involve an absolute growth in both concerned modes.” Which means that even in the case 

of long term stable modal split, an absolute growth in all concerned modes is taking place if the total 

demand for transport is growing. 

Rodrigue (2020) also covers the course of the modal shift process: “A modal shift occurs when one 

mode has a comparative advantage in a similar market over another. (…) Comparative advantages 

can involve the difference in cost, time, level of service or reliability between two modes. The higher 

it is, the more there is an incentive to switch from one mode to the other. Modal shift often takes 

place over three phases: 

 

Figure 3: Phases of the modal shift process for the bimodal split according to Rodrigue (2020) 

 Inertia phase. Initially, a strong level of inertia makes the modal shift a slow and sometimes 

difficult to perceive process. Only a few users may experiment with modal shift, often as part 

of a publicly subsidized initiative (e.g. government providing the initial funding to develop 

services). Inertia implies that the modal shift is often much less significant than expected, 

leading to a situation of underperformance. The reasons behind inertia are linked to 

accumulated investments and assets in the existing mode and its terminals. Thus, a 

corporation will be reluctant to relinquish those assets even if the comparative advantages of 

the other mode are significant. Management preferences also play a role as expertise was 

developed to manage flows on the previous mode and may be difficult to adapt to the new 

mode. (…) 

https://transportgeography.org/?page_id=1823
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 Modal shift phase. This phase represents a fast transition from one mode to the other as the 

advantages are now acknowledged by the industry. The new transport mode evolves from a 

situation of underperformance to one of over performance. As inertia involved a modal shift 

taking place at a rate lower than expected, during the modal shift phase the transition rate is 

faster than expected. This can take users and authorities by surprise with a rush to cope with 

additional infrastructure investments. A significant drop in comparative advantages triggers 

the end of this phase, as the new mode gets increasingly congested and/or as the previous 

mode loses traffic (closing of some routes, rationalization, price cutting, etc.). 

 Maturity phase. At this point the market potential is reached with a new equilibrium in 

modal shares. Their respective comparative advantages are of lesser variance, implying 

limited incentives to shift cargo or passengers. The focus becomes modal rationalization; 

using more effectively modal assets.” 

The modal shift represents the progressive change in modal choice of travellers over the time in a 

given sample and as such is influenced by similar factors as the modal choice itself, as pointed out 

by Pastori (2018): “The number of factors influencing modal shift and the choice of transport modes 

is widespread. Key determinants for passenger transport are linked to spatial patterns (e.g. urban 

density and the proximity to infrastructure and services and journey characteristics) and socio-

demographic characteristics (e.g. car ownership, household size, occupation and wage levels).” See 

chapter 2.1.3 for more determinants of modal choice. 

The change of the modal choice, or simply the modal shift, to desirable modal split is a common part 

of various transport policies. A typical goal of contemporary policies is the shift to more sustainable 

transport systems, as for example mentioned in the work of Kii, Hirota and Minato (2005): “Modal 

shift from private car to public transport is recognized as one of the key strategy for reduction of 

energy consumption and CO2 emission in transport sector.” The relief from the negative 

environmental, social and healthcare impacts of car use are often seen in shifting the modal split 

from mode car to active travel modes such as walking and cycling as stated by Cools, Moons, 

Janssens and Wets (2009) and Marshall and Banister (2000). The advantages of such modal shift 

were summed up in review by Song, Preston and Ogilvie (2017): “A modal shift towards active travel 

modes such as walking, and cycling has various potential positive impacts. It could reduce air 

pollution from burning fossil fuels, mitigate traffic congestion, increase levels of physical activity and 

lead to more sustainable communities (Banister 2008; Rissel 2009; Giles-Corti, Foster, Shilton and 

Falconer 2010).” 
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2.2 Analytical methods 

The purpose of the use of the presented analytical methods is to search the dependencies of the 

modal split figures (explained variables or simply the ‘Y’) and the modal split determinants 

represented by the explanatory variables (or simply the ‘X’). 

2.2.1 Decision tree regression 

“Decision Trees are a non-parametric supervised learning method used for classification and 

regression. The goal is to create a model that predicts the value of a target variable by learning 

simple decision rules inferred from the data features.” (DecisionTrees) “As the name suggests, we 

can think of this model as breaking down our data by making a decision based on asking a series of 

questions.” (LI, 2019) 

Advantages of the decision trees include: 

 The Decision trees are easy to understand and to interpret as they can be visualised in the 

form of diagrams including easy to read decision rules reached by the model (DecisionTrees) 

 A Decision tree model is a kind of a white box model. Any condition of the model can be 

explained by the Boolean logic. On the contrary, the so-called black box model (employed for 

example in artificial neural networks) is often much more difficult to understand and to 

interpret (DecisionTrees) 

 The Decision trees are less demanding for data pre-processing as they do not require scaling 

of data (DHIRAJ, 2019), data normalisation nor any dummy variables to be created 

(DecisionTrees) 

 The cost of using the tree for data prediction is logarithmic in the number of data points used 

to train the tree (DecisionTrees) 

Disadvantages of the decision trees include: 

 There is a high risk of overfitting the decision tree model, i.e. creating over-complex trees, 

which perfectly fit the training data thanks to a complex (overly customized) model 

structure, but do not represent the general trends in the data (DecisionTrees), see example 

in Figure 4. The risk of overfitting can be mitigated by pruning the tree, setting the minimum 

number of samples required at a leaf node or setting the maximum depth of the tree 

 Decision tree models are relatively demanding in time needed for the training (DHIRAJ, 2019) 

 Instability of the decision tree model, i.e. even a small change in the training data can result 

in large change of the tree produced (DHIRAJ, 2019) 
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Figure 4: Comparison of two decision tree models learning from an approximate sine curve data. The greater 

the maximum depth of the tree, the more complex the decision rules and the fitter the model (DecisionTrees) 

The visualisation of decision tree model is the decision tree diagram (graph), see an example in 

Figure 5. Following terms are used to describe the elements of the diagram: 

 “Root Node. It represents entire population or sample, and this further gets divided into two 

or more homogeneous sets. 

 Splitting. It is a process of dividing a node into two or more sub-nodes. 

 Decision Node. When a sub-node splits into further sub-nodes, then it is called decision 

node. 

 Leaf / Terminal Node. Nodes do not split is called Leaf or Terminal node (…) 

 Branch / Sub-Tree. A sub section of entire tree is called branch or sub-tree. 

 Parent and Child Node. A node, which is divided into sub-nodes is called parent node of sub-

nodes whereas sub-nodes are the child of parent node” (BRID, 2018) 
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Figure 5: Illustrative example of decision tree diagram by (ANALYTICS VIDHYA, 2016), the top blue tree node is 

the root node 

The decision tree model can use various decision tree algorithms, such as ID3, C4.5, C 5.0 or CART. 

The algorithm, which is typically used for the decision tree regression is CART, which stands for 

‘Classification and Regression Trees’. The CART algorithm supports the numerical target variables 

used in regression. CART constructs binary trees (parent node has always two child nodes) using the 

feature and threshold yielding the largest information gain at each node. (DecisionTrees) 

Advantage of the CART algorithm include: 

 “CART can easily handle both numerical and categorical variables 

 CART algorithm identifies the most significant variables and eliminate non-significant ones 

 CART can easily handle outliers” (RONAGHAN, 2018) 

Disadvantages of the CART algorithm include: 

 “CART may have unstable decision tree 

 CART splits by one by one variable” (RONAGHAN, 2018) 

The calculation process of the decision tree model using the CART algorithm can be briefly 

summarized as follow: “A decision tree is constructed by recursive partitioning — starting from the 

root node (known as the first parent), each node can be split into left and right child nodes. These 

nodes can then be further split and they themselves become parent nodes of their resulting children 

nodes. (…) Starting from the root, the data is split on the feature that results in the largest 

information Gain 𝐺, (explained in more detail below). In an iterative process, we then repeat this 

splitting procedure at each child node (…) In practice, this can result in a very deep tree with many 

nodes, which can easily lead to overfitting. Thus, we typically want to prune the tree by setting a limit 

for the maximal depth of the tree.” (LI, 2019) 
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The mathematical formulation of the decision tree regressor model is taken from the webpage of 

scikit-learn community, which is producing the script and documentation for decision tree modelling 

in Python programming language: 

“Given training vectors 𝑥𝑖 ∈  𝑅
𝑛, 𝑖 = 1,… , 𝑙 and a label vector 𝑦 ∈  𝑅𝑙, a decision tree recursively 

partitions the space such that the samples with the same labels are grouped together. 

Let the data at node 𝑚 be represented by 𝑄. For each candidate split 𝜃 = (𝑗, 𝑡𝑚) consisting of a 

feature 𝑗 and threshold 𝑡𝑚, partition the data into 𝑄𝑙𝑒𝑓𝑡(𝜃) and 𝑄𝑟𝑖𝑔ℎ𝑡(𝜃) subsets 

 𝑄𝑙𝑒𝑓𝑡(𝜃) = (𝑥, 𝑦) ∣ 𝑥𝑗 ≤ 𝑡𝑚 (1) 

 𝑄𝑟𝑖𝑔ℎ𝑡(𝜃) = 𝑄 ∖ 𝑄𝑙𝑒𝑓𝑡(𝜃) (2) 

The impurity at 𝑚 is computed using an impurity function 𝐻(), the choice of which depends on the 

task being solved (classification or regression) 

 𝐺(𝑄, 𝜃) =
𝑛𝑙𝑒𝑓𝑡

𝑁𝑚
𝐻 (𝑄𝑙𝑒𝑓𝑡(𝜃)) +

𝑛𝑟𝑖𝑔ℎ𝑡

𝑁𝑚
𝐻 (𝑄𝑟𝑖𝑔ℎ𝑡(𝜃)) (3) 

Select the parameters that minimises the impurity 

 𝜃*= 𝑎𝑟𝑔𝑚𝑖𝑛𝜃𝐺(𝑄, 𝜃) (4) 

Recurse for subsets 𝑄𝑙𝑒𝑓𝑡(𝜃*) and 𝑄𝑟𝑖𝑔ℎ𝑡(𝜃*) until the maximum allowable depth is reached, 

𝑁𝑚 < 𝑚𝑖𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠 or 𝑁𝑚 = 1.” (DecisionTrees) 

The impurity function 𝐻() used in the decision tree regression is based on variance reduction using 

the least squares (Mean Squared Error). “If the target is a continuous value, then for node 𝑚, 

representing a region 𝑅𝑚 with 𝑁𝑚 observations, common criteria to minimise as for determining 

locations for future splits is Mean Squared Error, which minimizes the L2 error using mean values at 

terminal nodes… 

 �̅�𝑚 =
1

𝑁𝑚
∑ 𝑦𝑖
𝑖∈𝑁𝑚

 (5) 

 𝐻(𝑋𝑚) =
1

𝑁𝑚
∑ (𝑦𝑖 −

𝑖∈𝑁𝑚

�̅�𝑚)
2 (6) 

Where (𝑋𝑚) is the training data in node 𝑚“. (DecisionTrees) 

One of the key outputs of the decision tree model is the feature importance (also referred to as 

variable importance in line with (VariableImportance)), which is describing the contribution of each 
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explanatory variable to information gain of the decision tree model. (RONAGHAN, 2018) “Feature 

importance is calculated as the decrease in node impurity weighted by the probability of reaching 

that node. The node probability can be calculated by the number of samples that reach the node, 

divided by the total number of samples. The higher the value the more important the feature.” 

(RONAGHAN, 2018) The first step in calculation of the feature importance is to calculate the node 

importance (RONAGHAN, 2018):  

 𝑁𝐼𝑚 = 𝑤𝑚𝐻𝑚 −𝑤𝑙𝑒𝑓𝑡(𝑚)𝐻𝑙𝑒𝑓𝑡(𝑚) −𝑤𝑟𝑖𝑔ℎ𝑡(𝑚)𝐻𝑟𝑖𝑔ℎ𝑡(𝑚) (7) 

𝑁𝐼𝑚 =  the importance of node 𝑚 

𝑤𝑚 =  weighted number of samples reaching node 𝑚 

𝐻𝑚 =  the impurity value of node 𝑚 

𝑙𝑒𝑓𝑡𝑚 =  child node from left split on node 𝑚 
a binary tree is assumed (only two child nodes) 

𝑟𝑖𝑔ℎ𝑡𝑚 =  child node from right split on node 𝑚 

The importance of a feature (variable X) is then calculated as according to (RONAGHAN, 2018): 

 𝐹𝐼𝑗 =
∑ 𝑁𝐼𝑚𝑚:𝑛𝑜𝑑𝑒 𝑚 𝑠𝑝𝑙𝑖𝑡𝑠 𝑜𝑛 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑗

∑ 𝑁𝐼𝑛𝑛∈𝑎𝑙𝑙 𝑛𝑜𝑑𝑒𝑠
 (8) 

𝐹𝐼𝑗 =  the importance of feature 𝑗 

𝑁𝐼𝑚 =  the importance of node 𝑚 

The feature importance can then be normalised to a value between 0 and 1 if divided by the sum 

importance values of all features (RONAGHAN, 2018): 

 𝑛𝑜𝑟𝑚𝐹𝐼𝑗 =
𝐹𝐼𝑗

∑ 𝐹𝐼𝑘𝑘∈𝑎𝑙𝑙 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠
 (9) 

2.2.2 Linear regression 

“Linear regression models are used to show or predict the relationship between two variables or 

factors. The factor that is being predicted (the factor that the equation solves for) is called the 

dependent variable. The factors that are used to predict the value of the dependent variable are 

called the independent variables. In linear regression, each observation consists of two values. One 

value is for the dependent variable and one value is for the independent variable. In this simple 

model, a straight line approximates the relationship between the dependent variable and the 

independent variable.” (ANDERSON, et al., 2002) The dependent variable is also being referred to as 

explained variable and the dependent variable as the explanatory variable. (BONINI, et al., 2018) 
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The mathematical formulation of the simple linear regression model is based on the following 

formula stated in Bonini, et al. (2018): 

 𝑌𝑖 = 𝛽0 + 𝛽1𝑋𝑖 + 𝜀𝑖  (10) 

where: 

𝑌𝑖 =  dependent variable 

𝛽0 =  population 𝑌 intercept 

𝛽1 =  population slope coefficient 

𝑋𝑖 =  independent variable 

𝜀𝑖 =  random error term 

A graphical representation of the simple linear regression analysis can be seen in Figure 6: 

 

Figure 6: Graphical representation of the simple linear regression analysis (BONINI, et al., 2018) 

In this simple linear regression model, a regression line (represented by the red line in Figure 6) is 

fitted to the data. As stated in Bonini, et al. (2018): “The simple linear regression equation provides 

an estimate of the population regression line: 

 �̂�𝑖 = 𝑏0 + 𝑏1𝑋𝑖 (11) 

where:  

�̂�𝑖 =  estimated (or predicted) 𝑌 value for observation 𝑖 

𝑏0 =  estimate of the regression intercept 

𝑏1 =  estimate of the regression slope 

𝑋𝑖 =  value of 𝑋 for observation 𝑖” 
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The estimates of 𝑏0 and 𝑏1 can be found by minimizing the sum of the squared differences between 

𝑌 and �̂�, i.e. using the least squares method. The respective formula is provided in Bonini, et al. 

(2018): 

 𝑚𝑖𝑛∑(𝑌𝑖 − �̂�𝑖)
2 = 𝑚𝑖𝑛∑(𝑌𝑖 − (𝑏0 − 𝑏1𝑋𝑖))

2 (12) 

The derived formulas for estimates of 𝑏0 and 𝑏1 are then also concluded in Bonini, et al. (2018):  

 𝑏1 =
∑ (𝑋𝑖 − �̅�)(𝑌𝑖 − �̅�)
𝑛
𝑖=1

∑ (𝑋𝑖 − �̅�)
2𝑛

𝑖=1

 (13) 

 𝑏0 = �̅� − 𝑏1�̅� (14) 

where: 

�̅� =  mean value of the independent variable 

�̅� =  mean value of the dependent variable 

𝑛 =  number of observations 

The properties of the regression line were summarized by (StatTrek): “When the regression 

parameters (𝑏0 and 𝑏1) are defined as described above, the regression line has the following 

properties: 

 The line minimizes the sum of squared differences between observed values (the 𝑌𝑖  values) 

and predicted values (the �̂�𝑖  values computed from the regression equation). 

 The regression line passes through the mean of the 𝑋 values (�̅�) and through the mean of 

the 𝑌 values (�̅�). 

 The regression constant (𝑏0) is equal to the y intercept of the regression line. 

 The regression coefficient (𝑏1) is the average change in the dependent variable (𝑌) for a 1-

unit change in the independent variable (𝑋). It is the slope of the regression line.” 

One of the key outputs of the linear regression is the Pearson correlation coefficient (𝒓), which is 

indicating the strength of linear correlation between the two variables. It is calculated as a 

covariance (𝑐𝑜𝑣(𝑋, 𝑌)) between the variables 𝑋 and 𝑌 ‘standardized’ by their standard deviations (𝜎) 

(SPSStutorials). Thus, the general formulation of the Pearson correlation coefficient is given by the 

following equation from (RASCHKA, n.d.): 

 𝑟𝑋,𝑌 =
𝑐𝑜𝑣(𝑋, 𝑌)

𝜎𝑋𝜎𝑌
 (15) 

where: 

𝜎𝑋 =  standard deviation of the variable 𝑋 

𝜎𝑌 =  standard deviation of the variable 𝑌 
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After plugging in the formulas for covariance of both variables and their standard deviations, the 

complex formula for 𝑟 is then as provided by (SPSStutorials): 

 
𝑟𝑋,𝑌 =

∑ (𝑋𝑖 − �̅�)(𝑌𝑖 − �̅�)
𝑛
𝑖=1

√∑ (𝑋𝑖 − �̅�)
2𝑛

𝑖=1 √∑ (𝑌𝑖 − �̅�)
2𝑛

𝑖=1

 
(16) 

The linear regression model can show a positive linear relationship, a negative linear relationship, or 

no relationship of the two variables (MIT, 2006). These relationships can be read either from the 

fitted regression line (MENDENHALL, et al., 2006) or the Pearson correlation coefficient (𝑟) 

(RASCHKA, n.d.), in these ways: 

 No relationship: 

o regression line: the fitted line is flat (not sloped) 

o 𝑟 = 0 

 Positive relationship (value of one variable increases with the increase of the other one): 

o regression line: the line slopes upward 

o 0 < 𝑟 ≤ 1 

 Negative relationship (value of one variable increases, while the other one decreases): 

o regression line: the line slopes downward 

o −1 ≤ 𝑟 < 0 

It is often useful to produce a correlation matrix showing the correlations of multiple pairs of 

variables. However, “Keep in mind that correlations apply to pairs of variables. If you are interested 

in more than 2 variables, you will probably want to take a look at the correlations between all 

different variable pairs. These correlations are usually shown in a square table known as a correlation 

matrix.” (SPSStutorials) Example of such correlation matrix can be seen in Figure 7. 

 

Figure 7: Example of a correlation matrix from (SPSStutorials) 

“Note that the diagonal elements (in red) are the correlations between each variable and itself. 

Therefore, they are always 1. Also note that the correlations beneath the diagonal (in grey) are 

redundant because they are identical to the correlations above the diagonal. Technically, we say that 
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this is a symmetrical matrix. Finally, note that the pattern of correlations makes perfect sense: 

correlations between yearly incomes become lower insofar as these years lie further apart.” 

(SPSStutorials) 

Another key output of linear regression is the coefficient of determination (𝑅2). According to 

(StatTrek): “It is interpreted as the proportion of the variance in the dependent variable that is 

predictable from the independent variable. 

 The coefficient of determination ranges from 0 to 1. 

 An 𝑅2 of 0 means that the dependent variable cannot be predicted from the independent 

variable. 

 An 𝑅2 of 1 means the dependent variable can be predicted without error from the 

independent variable. 

 An 𝑅2 between 0 and 1 indicates the extent to which the dependent variable is predictable. 

An 𝑅2 of 0.10 means that 10 % of the variance in 𝑌 is predictable from 𝑋; an 𝑅2 of 0.20 

means that 20 % is predictable; and so on. 

The formula for computing the coefficient of determination for a linear regression model with one 

independent variable is given below: 

 𝑅2 =

{
 

 ∑ (𝑋𝑖 − �̅�)(𝑌𝑖 − �̅�)
𝑛
𝑖=1

√∑ (𝑋𝑖 − �̅�)
2𝑛

𝑖=1 √∑ (𝑌𝑖 − �̅�)
2𝑛

𝑖=1 }
 

 
2

= 𝑟𝑋,𝑌
2 (17) 

If you know the linear correlation (𝑟) between two variables, then the coefficient of determination 

(𝑅2) is easily computed using the following formula: 𝑅2 = 𝑟2.“ 

StatQuest with Josh Starmer (2019) reminds one of the advantages of using the 𝑅2 over the  𝑟, which 

is that: “𝑅2 can quantify relationships that are more complicated than simple straight lines.” Thus, it 

can be used for comparison of strengths of variable relationships, which were generated by different 

models. 

However, the use of simple linear regression model has some limitation in terms of the following 

assumptions of linear model, reminded by Bonini, et al. (2018):  

 Linearity. The relationship between 𝑋 and 𝑌 is linear. 

 Independence of errors. Error values are statistically independent. 

 Normality of error. Error values are normally distributed for any given value of 𝑋. 

 Homoscedasticity of error (equal variance of error). The probability distribution of the errors 

has a constant variance. 
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Chambers and Dinsmore (2014) have summarized the advantages and disadvantages of linear 

regression in the following manner: “The principal advantage of linear regression is its simplicity, 

interpretability, scientific acceptance, and widespread availability. Linear regression is the first 

method to use for many problems. (…) Its principal disadvantage is that many real-world phenomena 

simply do not correspond to the assumptions of a linear model; in these cases, it is difficult or 

impossible to produce useful results with linear regression.” 
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[3] Review and evaluation of related research 

The search of suitable research sources was conducted using several methods. Besides the well-

known Google search engine, two search engines specialised in the scientific research were 

employed. First of them was Summon research engine, which is a type of ‘web scale discovery 

services’ for the academic community. It searches across CTU library catalogues, academic databases 

such as Web of Science, SCOPUS, ScienceDirect etc., electronic libraries and free access academic 

databases. The other one was EBSCO search engine, used mainly for searching the literature in the 

Czech language from local sources. 

3.1 Travel behaviour research in Czechia on the national level 

The need for deeper research of the travel behaviour in Czechia on the national level was already 

argued by Šenk and Kouřil (2014). They took into consideration the mobility surveys done up to that 

point in Czechia as well as the travel behaviour research conducted in the neighbouring countries. In 

they work, they have stated the reasons, why mobility surveys and travel behaviour analysis in sub-

areas, such as municipalities and regions, cannot substitute the nationwide survey and analysis. Their 

reasoning is mainly based on the methodological inconsistency of all those past surveys and 

researches, procured by various governmental bodies and delivered by multiple vendors, which were 

not bounded by any common binding methodological guidance. According to their findings, the 

travel behaviour surveys were done in Czechia mostly on the level of towns, exceptionally cities and 

only in one case on the regional level. However, different methodologies of these surveys make them 

nearly impossible to compare. Moreover, any generalisation for the nationwide use is difficult. 

The list of locations of local mobility surveys done in Czechia nowadays contains several tens of 

towns and cities, also thanks to the conducted sustainable urban mobility plans in cities like Ostrava 

(2014), Olomouc (2016), Brno (2017) etc. However, the regional survey remain only the one done in 

the South Moravian Region in 2013 (CDV, 2020a). 

The first nationwide research of the travel behaviour in Czechia based on a national mobility survey 

has been started in 2017 under the leadership of Transport Research Center (CDV), which is a public 

research institution under the jurisdiction of the Ministry of Transport. This research project was 

named ‘Česko v pohybu’ (Czechia in motion). The related mobility surveys were conducted in stages 

within years 2017 and 2018 – 2019. The first results were published in March 2020 (shortly before 

submission of this thesis) and results of further analyses should be expected later on (CDV , 2020b). 
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The mobility surveys under the Czechia in motion project were done according to the new national 

‘Methodology of active-travel survey’ prepared by Biler, Kouřil, Rusý, Staněk and Šenk (2014). The 

new national methodology was delivered as an outcome of the project ‘Increasing the efficiency and 

accuracy of traffic surveys using information and communication technologies’, supported by the 

Technology Agency of the Czech Republic within the public research competition. Thanks to it, the 

Czechia in motion surveys and results should be comparable with similar travel behaviour research 

works like Austrian ‘KOMOD’ and German ‘Mobilität in Deutschland’ (CDV, 2020a). 

The Czechia in motion surveys work with responses from 9 419 randomly selected households from 

all over the country. The travel behaviour data were gathered on 22 122 persons (household 

members) and 51 434 of their trips. In order to be publishable, the resulting data were anonymised 

to assure the personal data protection of the participating households (CDV , 2020b). Thus, the 

publicly available data and results are aggregated, describing the travel behaviour on the country 

and the regional level only, not on any smaller area. 

3.2 Alternative approaches to travel behaviour research 

According to Vanoutrive (2015), the “travel behaviour is explained by factors at the trip, personal, 

household, workplace, neighbourhood and city level.” This gives the ground to look at the travel 

behaviour phenomenon from all these perspectives. Vanoutrive in his work (2015) explores the 

possibilities, opportunities and limitations of the workplace perspective: “Instead of conceptualising 

cities as a concentration of residents, the present paper focuses on workplaces and compares the 

commuting modal split of workplaces that can be found in most cities, such as hospitals banks and 

supermarkets.” In modelling calculations in his paper, he finds some portion of the modal split 

dependency variations to be explained by the workplace and some also by the cities. This supports 

the idea of looking at the travel behaviour from the city, or generally the municipality perspective. 

The tendencies to label the research approaches as macro and micro analysis can be found in other 

research fields. A well related example is the traffic accident analysis undertaken at the macroscopic 

and microscopic levels, defined for example by Cai (2017): “At the macroscopic level, crashes from a 

spatial aggregation (such as traffic analysis zone or county) are considered to quantify the impacts of 

socioeconomic and demographic characteristics, transportation demand and network attributes so 

as to provide countermeasures from a planning perspective. On the other hand, the microscopic 

crashes on a segment or intersection are analyzed to identify the influence of geometric design, 

lighting and traffic flow characteristics with the objective of offering engineering solutions (such as 

installing sidewalk and bike lane, adding lighting).” 
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3.3 Managing the mobility 

As Santos, Maoh, Potoglou and von Brunn (2013) reminds, “…there is consensus that the private car 

does not enhance sustainability, whereas public transport and non-motorised modes, such as 

walking and cycling, do.” The sustainability is nowadays an imperative in current strategies for future 

mobility, such as the sustainable and smart mobility chapter of the European Green Deal (EUROPEAN 

COMMISSION, 2019). The definition of the sustainable development can be drown from Privitera 

(2015): “The development that meets the needs of the present generations without compromising 

the ability of future generations to meet their own needs. The definition is the integration of 

economic efficiency, ecological stability and social equity.” 

However, mobility management does not necessarily mean high-cost investments. Even soft 

measures such as information campaigns can have positive impact on the travel behaviour of citizens 

as well as the infrastructural investments (SZAKONYI, et al., 2014). 

In regard to the influence of investments, Mendiola, González and Cebollada (2014), report that 

“…municipalities which have access to aboveground / underground rail transport (…) show the 

highest shares of public transport, thus reducing the proportion of the modal split accounted for by 

private cars.” Which is in line with the findings of Litman and Steele (2013). More examples of 

stimulation of the travel behaviour by public investments or publicly guaranteed monetary 

motivation, can be found in chapter 3.6.10. 

However, improper stimulation of traffic can grow in such dimensions that it massively influences 

other fields, like land use planning, which then have negative influence back on the travel behaviour. 

An example of that is discussed in De Vos and Witlox (2013): “Long-distance travel (by car or public 

transportation) in most western countries is rather cheap due to a number of reasons. First of all, 

travel costs are low since people do not pay full costs. Car users, for instance, only pay for the 

internal costs of their travel (e.g., purchase of the car, fuel, insurance), but do not pay the costs they 

cause to third parties. These external costs, such as congestion, air and noise pollution are paid by all 

taxpayers and not only by those people who cause them (especially car users). (…) Furthermore, 

nearly all countries of the world have incorporated social objectives in their public transportation 

policy (e.g. low transportation rates for labourers living in the countryside), further increasing long-

distance travel. Public transportation prices are also often regressive (prices per kilometre are lower 

for long distances than for short distances), stimulating long-distance travel (e.g. Blauwens et al., 

2008; Button, 2010). Since people do not pay full price for car use and public transportation use, an 

overconsumption of long-distance travel occurs, partly explaining the urban sprawl that has occurred 

in most western countries in the past decades.” 
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3.4 Defining the major part of the travelling 

Travelling to work is generally the most common purpose of the travel. Based on works from 

Antipova, Wang and Wilmot (2011) and from Habib, Tian and Zaman (2011); Santos et al. (2013) 

were able to summarize the importance of commute for work as a “major component of daily travel 

demand and an important source of congestion and pollution”, which makes the commute to work 

desirable for further research. 

Looking at the first results of Czechia in motion – the first nationwide mobility survey (CDV , 2020b), 

the trips to work have the second highest share (17.9 %) among all trips, the first being the home 

trips (40.8 %). Thus, if taking into consideration only the trips for purposes different from ‘getting 

back to home’, the share of trips to work would be about 30 %. 

As Czechia in motion gathers only trips on daily basis and does not provide any details about how 

many trips were within one municipality and how many were inter-municipal, it is necessary to look 

for these details in the result of the Population and Housing Census 2011 (CSO , 2013). According to 

the census, about 85 % of all trips to work or school were made daily and about 55 % of all trips were 

leaving the municipality of residence. Relying on population census data is actually quite common 

even abroad, for example Mendiola et al. (2014) were using data from the Spanish Population and 

Housing Census aggregated at the municipal level. 

3.5 Processing the modal split data 

The number of travellers commuting from the municipality of origin to the municipality of 

destination – the origin-destination flows – can be in a way considered as some kind of relationship 

or a tie of those two municipalities. The need for classification of such ties is stipulated in the work of 

Afonso and Venâncio (2016), allowing (among other things) to define the groups of municipalities 

with mutually strong commuting ties. They are assessing the strength of the commuting tie of each 

origin-destination pair of municipalities (variable Tij) based on the ratio of number of travellers 

between municipalities (the origin-destination flow) and the lesser number of inhabitants of the two 

municipalities. Their assessment is then governed in following way: “As defined in (DORN, 2009), 

municipalities with stronger ties are the ones with an average value of Tij above 0.02.” This method 

will be presented in more details in chapter 4.1.7.1. 

Another method for assessment of importance of commuting flows is presented in Mulíček, 

Seidenglanz, Franke and Malý (2013). They are looking at the five largest flows from each 

municipality in the South Moravian Region and in the Vysočina Region based on the data from the 
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Population and Housing Census 2011. These five origin-destination flows are then corelated with all 

model distributions to find whether the municipality has 1, 2, 3, 4 or 5 significant origin-destination 

flows. Mulíček et al. (2013) then counted the significant flows from municipalities of the above-

mentioned regions to the respective regional capitals. Based on their finding, 388 municipalities out 

of the 673 of the South Moravian Region have a significant commuting flow to the regional capital, 

the City of Brno. As for the Vysočina Region, 130 municipalities out of the 704 have a significant 

commuting flow to its regional capital, the Town of Jihlava. 

A proven method of determining the natural centres and size of commuting catchment areas 

(commuting hinterlands) is described in the doctoral thesis of Čekal (2006). His work is dedicated to 

the commuting and migration in the South Bohemian Region. To determine the centre of work 

commute, he verifies the criterion of 2 500 of occupied jobs in the municipality, first proposed by 

Řehák (1984) and adds the criterion of positive in-commuting / out-commuting balance and the 

criterion of at least 10 municipalities in the commuting hinterland of the potential centre. In the end, 

16 municipalities in the region have passed these criteria, all being at the same time a municipality 

with extended powers (MEP). Thus, only one MEP out of the total 17 in the South Bohemian Region 

was not classified as a natural centre of work commute. This shows high correlation of the MEP 

status and the role of the natural work commute centre. However, the comparison of the extent of 

administrative districts of these MEPs and their commuting hinterland is not so straightforward, only 

in one case the administrative districts of MEP includes the same municipalities as its commuting 

hinterland. The average number of municipalities in the commuting hinterland of the MEP in the 

South Bohemian Region is 31 (regional capital NOT included among MEPs), while the number of 

municipalities in commuting hinterland of the regional capital České Budějovice is 120. 

The large disproportion between the size of commuting hinterland of regional capitals and 

subordinate centres (such as MEPs) is reflected in the work by De Vos and Witlox (2013). In their 

study on transportation policy as spatial planning tool, they divides the municipalities into the 

following categories: “Large cities (cities with more than 100,000 inhabitants); Regional cities (cities 

with more than 50,000 and less than 100,000 inhabitants); Suburbs (suburban municipalities of big 

and regional cities); Small cities (cities with less than 50,000 inhabitants) and Countryside.” Then the 

regional capitals in Czechia with average population size of approx. 133 500 inhabitants (2011, 

excluding the national capital) fall into the category ‘Large cities’, while the MEPs with average 

population size of approx. 16 000 inhabitants (2011, excluding the regional capitals, which have dual 

status) fall into the category ‘Small cities’, different from the regional capitals. 
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Much larger commuting hinterlands of the regional capitals is an example of extremely large values 

in the data. The opposite are the extremely small values, offering limited information value. For 

example, Ruda and Pavlíková (2017) are dealing in their work with basic settlements units with no or 

extremely small population, which is causing distortion of the data set. They have proposed to set a 

population threshold (100 residents) and exclude the basic settlements units not passing this 

threshold from their study. They defend this method by the total information value remaining in the 

data set (99.5 %) after filtering out the sparsely populated basic settlements units. 

Last but not least, it is necessary for the modal split research to define the set of studied transport 

modes. When comparing multiple studies, each working with a different set of modes, it is necessary 

to aggregate the specific transport modes into general categories (e.g. bus and train into public 

transport) or select only the representative (mostly used) transport modes. Then, the review can 

consist of only few basic transport modes. For example, Santos et al. (2013) is providing an overview 

for only 5 key modes (Private car, Public transport, Motorcycle, Bicycle and Foot). On the other hand, 

the resulting number of transport modes used in the Czechia in motion project (CDV, 2020a) is 

determined by the number of suggested modes and their allowed combinations in the respective 

travel behaviour survey. With respect to the frequency of various combinations of transport modes, 

these main modes were selected for further analysis within the Czechia in motion project: Walking, 

Bicycle, Mass City Transport, Bus, Train, Car Driver, Car Passenger and Other. 

3.6 Explanatory variables (X) 

Based on the review of various authors, a large number of explanatory variables was found 

potentially useful for the modal split research. In order to avoid multiple presentation and discussion 

of often similar variables, the variables will be reviewed in groups, including the suggestions of the 

authors, who have experience with their use. The occasionally missing influence of the variable on 

the modal split is given by the fact that some of the variables are taken from land use and local 

development oriented research works, which are close to the travel behaviour research, but do not 

study the dependencies of the modal split in particular. 

The groups of variables are covering most of the socio-demographic indicators, spatial indicators and 

journey characteristic indicators and are listed more or less in this order. No socio-psychological 

indicators are included as these are relevant to traveller perspective, but the proposed macroscopic 

analysis of travel behaviour has the municipality and journey perspective. The groups make a room 

for the additional variables, recommended by the local development studies. 
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But first, let’s remind the criteria of suitable transport indicators (explanatory variables), 

recommended by Geurs and van Wee (2004): “… first criterion is theoretical backing, namely, a good 

understanding of what is actually measured is necessary. The second criterion is operationalization, 

that is, how easily can the indicator be measured in practice. Relevant items are data availability, 

time and budget. It is clear that a conflict can arise between operational criteria and requirements 

from theory. Third, an indicator must be understandable and interpretable by researchers, but also 

by planners and policymakers. Fourth, the impact of trends or policy measures on the phenomenon 

under study should be readable from the indicator.” 

3.6.1 Age structure of the population 

The usual variable describing the age structure of the population is the average age, used for 

example by De Vos and Witlox (2013). However, this variable does not tell much about the age 

distribution and thus the extreme age groups are used more commonly as a variable. Typical 

example is the share of people with age 65+, which was used in works by Santos et al. (2013) and 

Afonsoa and Venâncio (2016). The opposite example is the share of children aged 0-14, which was 

used by Ruda and Pavlíková (2017), Maier and Franke (2015) and Bernard (2012). The way how to 

combine these two variables together is the ratio of people with age 65+ and children aged 0-14, 

proposed by Novák and Netrdová (2011). 

In regard to the influence of the age structure of the population on the modal split, Santos et al. 

(2013) in the discussion of their results state, that: “…share of public transport is found to decrease 

with the proportion of elderly population (ELDERLY), in line with Sabir (2011), who finds a negative 

association between people over 60 and public transport as a mode to travel to work in the 

Netherlands, and Kim and Ulfarsson (2008), who also find a negative association for people over 65 

and public transport for short home-based trips in the Puget Sound region of Washington State in the 

US.” Moreover, Sabir (2011) and Kim and Ulfarsson (2008) both report positive association between 

the share of people over 60 and 65, respectively and car as well as negative association between the 

share of elderly and bicycle and walking. 

3.6.2 Educational attainment 

Just like with the age structure, the inhabitants can be divided into groups according to their highest 

completed level of education. The completed education level, which most commonly serves as an 

explanatory variable is represented by the share of adults who have earned a university degree. 

This variable is used by Escalona-Orcaoa et al. (2018), De Vos and Witlox (2013), Maier and Franke 

(2015), Novák and Netrdová (2011) and Ruda and Pavlíková (2017). The latter ones are also using the 

share of adults with only elementary education. 
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One can also encounter combined parameters trying to describe the education level of the 

population of the municipality as a whole, not just one group. Jandová (2016) is using the average 

length of the education attendance. Bernard (2012) suggests the so called educational index, which 

is based on scoring each inhabitant according to his/her highest completed level of education and 

then summing the scores of all inhabitants in the municipality. 

An indirect influence of the age structure can be seen in the relation between the groups of 

inhabitants with different level of completed education and their availability of car, reported among 

the results of the Czechia in motion project (CDV , 2020b). The results show higher availability of car 

in groups with higher level of completed education. The higher car availability might, similarly to 

higher car ownership, lead to higher share of mode car, see chapter 3.6.7 for more details. 

3.6.3 Economic activity of inhabitants 

The typical variables describing the economic activity of inhabitants are share of students, share of 

economically active (working) people, share of unemployed people and share of retired citizens. 

The unemployment rate (share of unemployed people in the work capable population) is a well-

known factor, widely used in many research projects, telling a lot about the state of local economy, 

demography and job market. It was also used as an explanatory variable in works of De Vos and 

Witlox (2013), Novák and Netrdová (2011), Jandová (2016) and Bernard (2012). 

The share of students is used in works by Santos et al. (2013) and De Vos and Witlox (2013). The 

latter ones are also using the share of employed people and the share of retired people. The share 

of retired inhabitants is probably the most commonly used variable, suggested also in Ruda and 

Pavlíková (2017) and Bernard (2012). A variation on these variables is the annual average number of 

working people, used by Zhikharevich et al. (2015). A special approach is to use the ratio of 

economically inactive to active people, proposed by Jandová (2016). 

The share of economically active people (the workers) can be further divided according to the basic 

sectors. The share of people working in primary sector and the share of people working in 

quaternary sector are used in works by Ruda and Pavlíková (2017) and Novák and Netrdová (2011). 

The share of economically active people can also be put into relation to the state of the labour 

market. For instance, Bernard (2012) proposes the number of occupied jobs per 100 economically 

active inhabitants, while Novák and Netrdová (2011) propose the ratio of number of job vacancies 

to number of economically active inhabitants. 
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To express the entrepreneurship of the municipalities as a whole and of their inhabitants working 

within the primary sector, Novák and Netrdová (2011) follow the share of entrepreneurs per 1 000 

inhabitants and the share of independent farmers per 1 000 inhabitants. 

3.6.4 Average income of inhabitants 

Mendiola et al. (2014) are using the average income of an inhabitant, Josselin, Rocaboy and Tavéra 

(2009) worked with the average income of a voter, while in the works from Zhikharevich et al. (2015) 

and from Martarelli and Nagano (2016), the average wage is used. A slightly different approach can 

be seen in the work of De Vos and Witlox (2013) as they decided to use the number of inhabitants 

with an income above average. 

Regarding the influence of the income of inhabitants on the modal split, according to the results of 

Mendiola et al. (2014), the share of private cars is larger in those municipalities where the per capita 

income is higher. 

3.6.5 Gross domestic product 

The authors tend to use the gross domestic product per capita (GDP per capita) of the municipalities 

(if available) like in the work of Agovino, Cerciellob and Musella (2019), or GDP per capita of the 

countries, when comparing the modal split of cities in various countries, like Santos et al. (2013). An 

alternative to the GDP per capita could be the volume index of industrial output, used by 

Zhikharevich, Rusetskaya and Mladenović (2015). 

Regarding the influence of the gross domestic product on the modal split, according to the results of 

Santos et al. (2013), car share is likely to increase with the GDP per capita. 

3.6.6 Tax revenues 

Josselin et al. (2009) have used two variables, the tax base of a median voter and the total tax base 

per inhabitant, while Bernard (2012) has used the tax base of self-employed inhabitants. He 

highlights the information value of the tax base of self-employed inhabitants over the simple number 

of self-employed inhabitants in the municipality (see chapter 3.6.3), because besides the information 

about their number, it also contains the information about their profitability. 

3.6.7 Car ownership 

A review of use of the car ownership as an explanatory variable in the modal split research is 

provided in the work from Santos et al. (2013). 
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Regarding the influence of the car ownership on the modal split, Santos et al. (2013) in the discussion 

of their results state, that: “…city-level share of car is likely to increase as the number of registered 

cars per 1000 residents (CAR RATE) increases, as expected and in line with Chen et al. (2008), Kain 

and Liu (2002), Kim and Ulfarsson (2008), Kitamura (2009), Paulley et al. (2006), Pinjari et al. (2007), 

Sabir (2011), Scheiner (2010), and White (2009).” 

3.6.8 Population size 

The number of inhabitants is used in research works of Santos et al. (2013), Zhikharevich et al. 

(2015) and Josselin et al. (2009). However, according to Vanoutrive (2015), the population density 

has proved to be a better predictor then population size. 

Regarding the influence of the population size on the modal split, Santos et al. (2013) in the 

discussion of their results state, that: “The share of public transport (T SHARE) increases with 

population size, in line Schwanen (2002) and Susilo and Maat (2007)”. The latter ones are at the 

same time reporting negative association of the usage of car with the population size. 

3.6.9 Population density 

The gross population density, calculated from the number of inhabitants and the total area of all 

municipal grounds is widely used, for example in works of Vanoutrive (2015), Mendiola et al. (2014), 

De Vos and Witlox (2013) and Gisbert, Martí and Gielen (2017). The latter ones are also using the net 

population density in the same work. Based on the comparison of usage of gross and net population 

density in one model, Gisbert et al. (2017) consider the net population density to be better 

performing as an explanatory variable of modal split. 

Regarding the influence of the gross population density on the modal split, according to Vanoutrive 

(2015), the population density is negatively associated with the car use. Mendiola et al. (2014) also 

report that the share of the commute accounted for by the private cars is larger in municipalities 

with lower population densities. Moreover, they have stated that: “… the share of public transport in 

commuting is greater in those municipalities where the population density is higher”. 

The influence of the net population density on the modal split was summarized in the review from 

De Witte et al., (2013): “Urban areas (higher density) are usually better served with public transport 

than rural areas (lower density). One can conclude that public transport is more used in high density 

areas compared to lower ones (Camagni et al., 2002; Limtanakool et al., 2006).” 
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3.6.10 Transport services and networks 

Variables in this section will generally deal with the accessibility of transport services and networks. 

In connection with this topic, Vanoutrive (2015) points out: “Measures of accessibility can be seen as 

a special type of spatial characteristics and give an indication of the ease with which an activity can 

be reached (Geurs and van Wee, 2004). Accessibility depends on mode, location and time and is 

considered as a crucial determinant of travel behaviour.” 

A typical parameter of the accessibility of public transport services in the municipality is the distance 

to a stop or station of the public transport. The distance to the closest stop of the public transport 

(other than train) and distance to the closest train stop or station are variable used by De Vos and 

Witlox (2013). On the other hand, Vanoutrive (2015) is specifically focusing on the metro, tram or 

bus stop within 500 metres from the workplace and the railway station within 1km from the 

workplace. 

A common parameter is the number of connections by public transport daily. This variable is used 

by Santos et al. (2013), Novák and Netrdová (2011) and Mulíček, Seidenglanz, Franke and Malý 

(2013). 

A special parameter of transport services of any kind is their reliability. An attempt to use some 

reliability metrics can be seen in the work of Vanoutrive (2015). He uses the presence of congestions 

on roads to workplace reported by larger employers in Belgium within their mandatory questionnaire. 

The price of the public transport service can be expressed in many ways, depending on the pricing 

schemes of the operators. Santos et al. (2013) tried to use the price of monthly ticket for the public 

transport. 

When it comes to variables describing the length of some transport network, Santos et al. (2013) 

were looking at the length of the cycling network. 

Also, the distance to superior transport network could be the explanatory variable. Pecher et al. 

(2013) are using the travel time to the closest motorway, while Vanoutrive (2015) is specifically 

focusing on the motorway within 1 km from the workplace. 

A simplified variable describing the access to some transport services in a binary way was shown by 

Mendiola et al. (2014), who used the variable “…access to rail transport, which (…) takes a value of 1 

if the municipality has a rail or underground service, and 0 otherwise.” 
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The influences of infrastructure and services on the modal split were reported by Vanoutrive (2015): 

“As expected, accessibility is a major determinant of mode choice. A railway station in proximity of a 

workplace decreases car commuting with 5 to 6 per cent, while workplaces located near highways 

attract 6 per cent more car commuters.” De Witte et al. (2013) in their review note: “According to 

Limtanakool et al. (2006), the availability of a public transport-stop increases public transport use, 

although for the modal choice decision the proximity to a public transport-stop at the destination 

side is of greater importance and determining than at the origin side.” 

The influences on some other variables were reported by Santos et al. (2013), firstly: “…bicycle share 

(B SHARE) is positively associated with length of the bicycle network (BIKE NETWORK), in line with 

Pucher et al. (2011).” Secondly: “The share of public transport (T SHARE) … decreases with the cost of 

a monthly ticket (TRANSIT FARE), in line with Cervero (1998), Chen et al. (2008), Paulley et al. (2006), 

and Zhang (2004).” 

Based on the review of Santos et al. (2013), the public transport service frequency is negatively 

associated with the share of car and positively associated with share of public transport, which was 

both reported by Cervero (1998), Kitamura (2009), Paulley et al. (2006) and White (2009). 

Last but not least, Mendiola et al. (2014) report that: “…the share of the commute accounted for by 

private cars is larger in those municipalities with (…) lower availability of public transport…”. 

3.6.11 Parking 

The variable parking is usually describing the availability or easiness of finding the parking place in 

the researched area. 

The influence of the availability of parking on the modal split was summarized in the review from De 

Witte et al., (2013): “The availability of parking has an important impact on modal choice, especially 

in highly dense areas (Kajita et al., 2004). People are stimulated to use their car (…) when they are 

guaranteed of having a (free) parking space at work (Kenworthy and Laube, 1996; Kaufmann, 2002; 

Ye et al., 2007; Vasconcellos, 2005; O’Fallon et al., 2004).” 

3.6.12 Real estate 

Maier and Franke (2015) in their work suggest using the share of unoccupied dwellings. Another 

variable worth considering is the property value, mentioned for example by Mulíček, Seidenglanz, 

Franke and Malý (2013), Jandová (2016) or Escalona-Orcaoa, Sáez-Pérezb and Sánchez-Valverde 

García (2018). The importance of land prices was discussed in a great depth by De Vos and Witlox 

(2013): “According to micro-economic location theories, especially developed in the 1960s (see for 
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example, Alonso, 1964; Wingo, 1961), households trade off transportation costs and land prices in 

order to find their ideal residential location, whereby living close to a city centre is characterised by 

high land prices and low transportation costs and living farther away from a city centre with low land 

prices and high transportation costs.” 

3.6.13 Geomorphology 

These variables are generally describing the terrain and altitude in the municipalities, which could 

have a major effect on modes such as bike or walking. Pecher, Tasser, Walde and Tappeiner (2013) 

are using the following variables: altitude of centre of settlement, mean altitude and mean slope. 

3.6.14 Climate 

The climate in the municipality can be described by long-term averages of climatic variables such as 

precipitation or temperature. Concerning the precipitation, Santos et al. (2013) are using the annual 

average number of rainy days, while Čarský and Šatra (2019) are using the annual average 

precipitation. The latter ones are also using the annual average temperature. 

Regarding the influence of the precipitation on the modal split, Santos et al. (2013) have described 

their experience with annual average number of rainy days as follow: “We did not include RAIN in the 

specification of bicycle utility because it returned a non-significant parameter. Nonetheless, the 

evidence regarding the link between rain and cycling is not strong. Sabir (2011) finds a negative 

association while Pucher et al. (2011) do not report any association.” 

Čarský and Šatra (2019) report the following influences of climate on modal split: “1) The usage of 

transport mode Car Driver is decreasing with the decreasing temperature, 2) The usage of mode Car 

Driver is decreasing with the increasing precipitation, 3) The usage of mode Bus is increasing with the 

decreasing temperature, 4) The usage of mode Urban Public Transport is decreasing with the 

increasing temperature.” 

3.6.15 Travel distance 

The variable travel distance can be referring to journey or trip distance. The journey distance comes 

in place if the distance between the points of origin and destination is considered. The trip distance 

is relevant to the distance covered by the used transport mode. The trip distance is used when the 

travel cost is also a subject of research as it is closely related to the distance covered by the used 

transport mode. 

Regarding the influence of the trip distance on the modal split, according to Kim and Ulfarsson 

(2008), Sabir (2011) and Sheiner (2010), the trip distance is positively associated with the public 
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transport use and negatively associated with the use of walking. Sabir (2011) and Sheiner (2010) also 

unanimously report positive association of the trip distance with the private car use. On the other 

hand, in terms of Bike use, Sabir (2011) reports negative association with the trip distance, while 

Sheiner (2010) reports positive association up to the distance of 1 500 m and negative association 

pass this threshold. In terms of thresholds, Rietveld (2000) reports that walking is prevailing up to 

1 200 m, bike in the interval 1 200 to 3 700 m and public transport for distance over 3 700 m. 

3.6.16 Travel time 

The variable travel time is closely related to the variable trip distance, based on the average speed of 

the used transport mode. As Minal and Sekhar (2014) reminds: “… travel time is one of the highly 

rated factors considered in mode choice and is widely used concept in transportation analysis.” As 

with the modal split, the exact definition of the travel time is necessary, as in-vehicle travel time is 

used in some papers, while others use total travel time, including for example public transport access 

and waiting times. According to Bhat (1998), the travellers are more sensitive to the public transport 

waiting time that the in-vehicle travel time. 

3.7 Discussion of the review and recommendation for the methodology 

The presented works indicate the complexity of the travel behaviour phenomenon, generally too 

difficult to be described in full depth in the given space. Many of the works depict the influences of 

multiple variables, out of which many are under direct or indirect control of the local governments. 

These are the outer stimuli, which the travel behaviour is sensitive to and which can be used for 

proper management of development and operation of local transport systems. 

It should be noted that the regions are not responsible for management of the local train tracks, but 

the level of maintenance of these is more or less connected to the amount of train traffic on them, 

which is in terms of the prevailing passenger traffic primarily on the decision of the regions, i.e. their 

order of passenger trains operating under the public service obligation contracts. 

As outlined in the introduction, the primary focus of this research should be the modal split of local 

daily commute to work or school. It is the local governments which are responsible for the transport 

systems used mainly for the local commute. Thus, the researched data set of origin-destination pairs 

should be limited to only pairs relevant to the local commute. As reported by Čekal (2006), in Czech 

conditions, the MEPs (municipalities with extended powers) approximately meet the role of natural 

centres of local commute. Thus, any origin-destination flow, which demonstrably crosses the 

commuting hinterland of one MEP can be removed from the data set. 
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It was also stipulated in the introduction, that this research should assist the governments, which are 

lacking the resources to sustain the necessary teams of specialists on the travel behaviour. Thus, the 

cities and large towns are not the main priority. Moreover, the size of commuting hinterlands of 

regional capitals is disproportionally larger than the size of commuting hinterland of an average MEP, 

as depicted by Čekal (2006). The larger extend of commuting hinterlands of regional capitals prolongs 

the daily commute trips to regional capitals to a level where these can be considered as long distance 

trips, with all the consequences discussed by De Vos and Witlox (2013). The low priority of cities and 

large towns and large proportion of long-distance trips among daily commute to regional capitals 

gives a ground to remove the regional capitals from the data set of origin-destination flows, despite 

the fact that the regional capitals also have de jure the status of MEP. The same, perhaps only on a 

larger scale, applies to the national capital, the City of Prague. 

There are some large towns in Czechia, which only have the status of MEP, but about the same 

population size as smaller regional capitals. Should these also be removed from the data set like the 

regional capitals? The answer can be given based on the study of Mulíček, Seidenglanz, Franke and 

Malý (2013) dedicated to Vysočina Region, whose capital Town of Jihlava is the second smallest 

regional capital in the country with population of only about 50 000 inhabitants. The other large 

towns in the region are in their population size close to the regional capital, however in the number 

of the occupied jobs in the town, the Town of Jihlava dominates to the region, thus proving the 

leading position of the regional capital over the other large towns of the region in terms of the work 

commute attractivity. Since the other large towns are missing this extra portion of attractivity 

accounted to only regional capitals, they can be claimed as centres of local importance and stay in 

the data set. 

Last but not least, it is the time to outline the differences in classification of macroscopic and 

microscopic analysis of the travel behaviour for the needs of this thesis. From the research 

perspectives outlined by Vanoutrive (2015), the personal and household perspective will be 

considered as microanalysis, while the workplace (further elaborated by Vanoutrive), the 

neighbourhood and the municipal level will be labelled as macroanalysis. The perspective of trip 

should be considered independently, as the trips are taken by both members of households (micro 

units) and members of areas such as workplaces, neighbourhoods and municipalities (macro units). 

The subject of this research will be the macroanalysis of travel behaviour on journeys between 

municipalities.  
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3.7.1 Hypotheses of the influence of explanatory variables on the modal split 

The works devoted to modal split have suggested 26 variables in 12 groups, including: age structure 

of the population, educational attainment, average income of inhabitants, gross domestic product, 

car ownership, population size, population density, transport services and networks, parking, 

climate, travel distance and travel time. 

Moreover, works devoted to the local development of municipalities and regions have also been 

included into the review, since these have the same beneficiary (local governments), detail 

(municipality) and the ultimate goal of the research, which is to contribute to the local development. 

These works have enriched the range of suggested variables by another 30 variables in 9 groups: age 

structure of the population, educational attainment, economic activity of inhabitants, average 

income of inhabitants, gross domestic product, tax revenues, real estate and geomorphology. 

The suggested variables are summarized in Table 1. The associations of shares of selected transport 

modes with explanatory variables suggested by the reviewed works are also provided there. Based 

on that, associations expected by the author (hypotheses) are stated next to the suggested 

associations. In the case of available, unambiguous suggestions from the literature, the hypotheses 

are marked accordingly. In the case of missing suggestions or inconsistent reports of influence, some 

hypotheses were set at the discretion of the author, based on similarities of the variable or intuitively 

based on the common sense. The associations, which were not set in accordance with the suggested 

association, are commented below. It was not possible to set the hypotheses to various combined 

variables (e.g. Educational index) and variables suggested by the local development studies. 

Hypotheses were also not set in the case of variables, which were on one hand suggested by the 

modal split oriented works, on the second hand no data are available on them in the case of this 

research (more details in chapter 4.2). Thus, a considerable part of the variables remains with no set 

expectation regarding the influence to modal split. 

The expected association (hypothesis) were set at the author’s discretion for the following variables, 

based on the outlined assumption:  

 Property values and Land Prices – as the real estate prices in a municipality have high 

correlation with its population size (see correlation matrix of municipal related explanatory 

variables in annex [B]), the expected associations were set accordingly to the suggested 

associations with the variable population size 

 Total tax base per inhabitant – this variable is generally expected to be strongly determined 

by the variable average income of an inhabitant and therefore, its associations were set 

accordingly to the suggested associations with the average income of an inhabitant 
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 Gross population density – the positive association of the Walking share with this variable 

was set intuitively 

 Net population density – the positive association of the Walking share with this variable was 

set intuitively 

 Unemployment rate – the positive association of the Public transport share with this variable 

was set intuitively 

 Share of students – the positive association of the Public transport share with this variable 

was set intuitively 

 Share of employed – the positive association of the Passenger car share with this variable 

was set intuitively 

 Share of the retired – as the Share of the retired in a municipality has high correlation with 

the local share of people with age 65+ (see correlation matrix of municipal related 

explanatory variables in annex [B]), the expected associations were set accordingly to the 

suggested associations with the share of people with age 65+ 

 Share of entrepreneurs per 1 000 inhabitants – the positive association of the Passenger car 

share with this variable was set intuitively 
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Table 1: Associations of the shares of selected transport modes with the explanatory variables suggested by the reviewed works 

Associations of suggested explanatory variables with shares of 
selected transport modes 

Passenger car Public transport Bicycle Walking 

Group Variable 
Suggested 

assoc. 
Expected 

assoc. 
Suggested 

assoc. 
Expected 

assoc. 
Suggested 

assoc. 
Expected 

assoc. 
Suggested 

assoc. 
Expected 

assoc. 

Age structure Average age na na na na na na na na 

Age structure Share of people with age 65+ + + - - - - - - 

Age structure Share of children aged 0-14 na na na na na na na na 

Age structure 

Ratio of people with age 65+ and children aged 
0-14 

na na na na na na na na 

Education 

Share of adults who have earned a university 
degree + + 

na na na na na na 

Education Share of adults with only elementary education - - na na na na na na 

Education Average length of the education attendance na na na na na na na na 

Education Educational index na na na na na na na na 

Economic activity Unemployment rate  na na na + na na na na 

Economic activity Share of students  na na na + na na na na 

Economic activity Share of employed  na + na na na na na na 

Economic activity Share of the retired na + na - na - na - 

Economic activity Annual average number of working people na na na na na na na na 

Economic activity Ratio of economically inactive to active people na na na na na na na na 

Economic activity Share of people working in primary sector na na na na na na na na 

Economic activity Share of people working in quaternary sector na na na na na na na na 

Economic activity 

Number of occupied jobs per 100 economically 
active inhabitants 

na na na na na na na na 

Economic activity 

Ratio of number of job vacancies to number of 
economically active inhabitants 

na na na na na na na na 

Economic activity Share of entrepreneurs per 1 000 inhabitants na + na na na na na na 
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Associations of suggested explanatory variables with shares of 
selected transport modes 

Passenger car Public transport Bicycle Walking 

Group Variable 
Suggested 

assoc. 
Expected 

assoc. 
Suggested 

assoc. 
Expected 

assoc. 
Suggested 

assoc. 
Expected 

assoc. 
Suggested 

assoc. 
Expected 

assoc. 

Economic activity 

Share of independent farmers per 1 000 
inhabitants 

na na na na na na na na 

Income of inhab. Average income of an inhabitant + na ~ na - na + na 

Income of inhab. Average income of a voter na na na na na na na na 

Income of inhab. Average wage na na na na na na na na 

Income of inhab. 

Number of inhabitants with an income above 
average 

na na na na na na na na 

GDP Gross domestic product per capita  + na ~ na na na na na 

GDP Volume index of industrial output na na na na na na na na 

Tax revenues Tax base of a median voter  na na na na na na na na 

Tax revenues Total tax base per inhabitant na + na na na - na + 

Tax revenues Tax base of self-employed inhabitants na na na na na na na na 

Car ownership Car ownership + + - - ~ na ~ na 

Population size Number of inhabitants - - + + ~ na ~ na 

Population density Gross population density - - + + na na na + 

Population density Net population density  na na + + na na na + 

Transport services 

Distance to the closest stop of the public 
transport  

na na - - na na na na 

Transport services Distance to the closest train stop or station  na na - - na na na na 

Transport services 

Metro, tram or bus stop within 500 metres from 
the workplace 

na na na na na na na na 

Transport services Railway station within 1km from the workplace - na + na na na na na 

Transport services 
Number of connections by public transport daily 

- - + + 
na na na na 

Transport services Presence of congestions  na na na na na na na na 
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Associations of suggested explanatory variables with shares of 
selected transport modes 

Passenger car Public transport Bicycle Walking 

Group Variable 
Suggested 

assoc. 
Expected 

assoc. 
Suggested 

assoc. 
Expected 

assoc. 
Suggested 

assoc. 
Expected 

assoc. 
Suggested 

assoc. 
Expected 

assoc. 

Transport services Price of monthly ticket for the public transport + + - - na na na na 

Transport services Length of the cycling network na na na na + + na na 

Transport services Travel time to closest motorway na na na na na na na na 

Transport services Motorway within 1 km from the workplace + na na na na na na na 

Transport services Access to rail transport + na na na na na na na 

Parking Availability of parking place and facilities + na - na na na na na 

Real estate Share of unoccupied dwellings na na na na na na na na 

Real estate Property values na na na na na na na na 

Real estate Land prices na na na na na na na na 

Geomorphology Altitude of centre of settlement na na na na na na na na 

Geomorphology Mean altitude  na na na na na na na na 

Geomorphology Mean slope na na na na na na na na 

Climate Annual average number of rainy days na na na na ~ na na na 

Climate Annual average precipitation - - na na na na na na 

Climate Annual average temperature + + - - na na na na 

Travel distance Trip distance + + - - ~ na - - 

Travel time Total travel time na na na na na na na na 

 

Variables suggested by modal split oriented research works  + positive association 

Variables suggested by local development oriented research works  - negative association 

  ~ inconsistent reports of influence 
  na no association available 
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[4] Research approach and methodology 

As discussed earlier, the research of the travel behaviour will be mainly focused on the research of 

dependencies of the modal split on the selected explanatory variables. Finding and describing such 

dependencies could lay foundation for creation of a decision-making tool for transport policies 

adopted by the self-governing units such as regions and municipalities. This chapter present the 

procedures and methods developed or selected by the author of the thesis for the purpose of finding 

the dependencies, including the data pre-processing methods, which were a key prerequisite for the 

dependency research. 

4.1 Collection and pre-processing of explained variable data set 

The modal split data will be set as explained variable and as such, its dependency on the explanatory 

variables will be modelled. But first, the explained variable data set needs to be pre-processed. 

4.1.1 Data gathering and description 

The raw data on travel behaviour of all Czech citizens were gathered in March 2011 during the last 

national Population and Housing Census 2011 organized by the Czech Statistical Office. The decisive 

moment was the midnight from March 25 to March 26. The questions related to travel behaviour 

(number 21 through 24) were included in the so-called Census Form – Persons (CSO , 2011a). The 

example of such is included in the annex [A] along with its translation into English. 

The questions in the form were introduced as follows: “Questions 21, 22, 23 and 24 about commuters 

to work or school are to be filled out only by employees and pupils, students and apprentices. Working 

students and apprentices are to answer according to the commute to school.” 

The question 21 was dedicated to finding the address of Location of place of work or school. There 

was also option to state a ‘job without permanent workplace’. 

The questions 22 and 23 were specifically introduced as follows: “In regard to daily commuting to work 

or school, state:” The question 22 on the modal split had a following wording: “Mode of transport. 

State the mode of transport which you usually use for one journey to work or school.” The wording of 

available check boxes in the question 22 was as follows: 

o bus (other than city transport) 

o mass city transport 

o car – driver 
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o car – co-traveller 

o train 

o bicycle 

o motorcycle 

o other 

o none (on foot only) 

The question 23 on the travel time had a following wording: “Time spent on daily journey. State how 

long one journey to work or school takes you.” The wording of available check boxes in the question 

23 was as follows: 

o up to 14 min. 

o 15 – 29 min. 

o 30 – 44 min. 

o 45 – 59 min. 

o 60 – 89 min. 

o 90 and more min. 

The question 24 on the journey frequency had a following wording: “Frequency of journey to work or 

school. State how often you commute from your municipality of residence to the municipality of your 

workplace.” The wording of available check boxes in the question 24 was as follows: 

o daily 

o weekly 

o 1 – 2 times per month 

o other 

The Census Form – Persons was accompanied by a document with self-explanatory name: 

Explanations for the Census Form – Persons (CSO , 2011b), which can be found in annex [A]. To be 

able to provide an exact definition of the modal split data, the wording of explanation related to 

question 21 through 24 will be presented in full: 

“Questions 21,22,23 and 24 on commuting to work or school are filled out by persons who stated in 

the question on economic activity that they are employed or are pupils, students and apprentices 

(within the scope of economically inactive persons). 

‘Working students and apprentices’ concerns information about commuting to school, not information 

about commuting to work. Commuting is also considered to be commuting within a town or city. 
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21. LOCATION OF PLACE OF WORK OR SCHOOL 

State the address of the place of work (not, for example, the company headquarters). 

Persons who have no workplace but start work at the same address (e.g. transport workers - drivers, 

pilots; artisans-repairers etc.), state where they start work. 

Persons who often change their place of work (e.g. assembly and construction workers, marketplace 

sales people etc.), or travel but do not come to the same address daily (travelling businesspeople, taxi 

drivers, truck drivers etc.) should indicate ‘employed without permanent workplace’. 

Persons working or studying abroad should state the name of the state. 

Persons whose workplace address (schools) is the same as the address of their (actual) residence, 

and employees without a permanent workplace do not fill out any further questions on commuting. 

Questions 22 and 23 relate to daily journey to work or school (from home or from a place of 

temporary accommodation). Persons working in shifts enter information regarding a single journey to 

work even if they do not commute regularly every day. 

22. MODE OF TRANSPORT 

Bus (other than city transport) is stated by persons using bus transport which crosses the border of a 

municipality/city. It includes suburban transport. 

Mass city transport is mass public transport operated for the satisfaction of the transport 

requirements for a city area. In Prague, it includes the metro. 

Other means of transport includes all others, namely those not listed on the form. 

None (on foot only) is stated by persons who walk to work or school, i.e. they do not use any means of 

transport. 

23. TIME SPENT ON DAILY JOURNEY 

State the duration of one normal journey to work or school. The time in minutes includes the total 

time which elapses from leaving home (or a place of temporary accommodation) to entry to the 

workplace or entry to school (‘door to door’), i.e. including the walk to a public transport station and 

from a station, waiting for arrival, change etc. 

24. FREQUENCY OF JOURNEY TO WORK OR SCHOOL 

States how often a person commutes from their municipality of residence to the municipality of their 

workplace or school. Persons whose workplace or school is in the same town of (actual) residence do 

not answer the question. 

Daily is stated by persons who commute directly from their place of (actual) residence and do not use 

temporary accommodation at the site of the workplace or school (rental, boarding house, student 
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hostel, school hostel, etc.). They may also be persons working in shifts or for a shortened time if they 

meet the stated conditions, even if they do not commute regularly every day.”  

The answers were collected and processed by the Czech Statistical Office (hereinafter CSO). The CSO 

offers more variants of the resulting files, which differ by the information value and the number of 

journeys included and described in the data files. The difference originates in the fact that not all 

questionnaires were completely answered by the respondents. Thus, the more information about the 

journeys is required, the lesser is the set of journeys, for which all the required information was 

provided. For instance, there is nothing else known about all the 3 920 953 journeys to work and 

1 354 979 journeys to school, besides the simple fact these journeys were taken for these purposes. 

Those are the total numbers of journeys, which can be seen in the row 1 in Table 2. On the other hand, 

the subset on the row 2 consist of 2 024 876 work journeys and 775 901 school journeys, which are all 

supplemented by the information about their destination, at least. Besides the row 1, which includes 

all journeys without any further distinction, all other rows are including only the journeys, which had 

their origin and destination in Czechia (no travel abroad included). At the time of the national 

population census, there were 10 436 560 inhabitants residing in Czechia. 

Table 2: Comparison of files available from CSO and produced within the research, Info = information value, W+O 

muni = within and outside the municipality, Out muni = outside the municipality, All freq's = all frequencies, Upon 

req = Upon request, Incompl R = incomplete records in terms of travel time and transport mode, Compl R = 

complete records 

 

The data corresponding to the rows 1 through 3 of the Table 2 are publicly available. However, for the 

purpose of this research, it is critically important to distinguish the frequency of the travel. Such data 

set was obtained from the CSO upon a special request. The data set was provided in MS Excel format. 

The structure of the obtained data can be seen on the Figure 8 below. The CSO refers to this type of 

data set as a ‘daily inter-municipal in- and out-commuting flows’ or simply ‘the flows’. The number of 

journeys within Czechia included in the flows can be seen in the row 4 in Table 2 (emphasised by a red 

rectangle). However, the flows were provided including the redundant travel abroad. So, the original 

size of the flows (as obtained from CSO) was 447 640 data rows (records). The number of commuters 

# Info Destination Frequency Availability Selection Reduction Filtration

1 Basic Unknown Unknown Public - - - 3 920 953 1 354 979

2 Extra W+O muni All freq's Public - - - 2 024 876 775 901

3 Extra Out muni All freq's Public - - - 1 099 928 421 683

4 Extra Out muni Daily Upon req Incompl R National Nonfilter 943 334 301 081

5 Extra Out muni Daily Self-made Compl R National Nonfilter 926 471 295 650

6 Extra Out muni Daily Self-made Compl R Local Nonfilter 528 413 164 353

7 Extra Out muni Daily Self-made Compl R Local Filtered 418 687 140 978

Commute data options from CSO Data pre-processing methods

Work School

Journeys
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to work was 962 057, while the number commuters to school was 304 873. That in total makes 

together 1 266 930 commuter journeys.  

 

Figure 8: Preview of the original ‘daily inter-municipal in- and out-commuting flows’ data set from CSO 

The meaning of the table heading is as follows:  

OBECOP_KOD – code (ID) of the municipality of origin (out-commuting) 

OKRESOP_KOD – code (ID) of the district of origin (out-commuting) 

OBECPS_KOD – code (ID) of the municipality of destination (in-commuting) 

OKRESPS_KOD – code (ID) of the district of destination (in-commuting) 

PROSTR – mode of transport 

DOBA – travel time 

ZAM – number of commuters to work 

SKOLA – number of commuters to school 

CELKEM – number of commuters to work or school (total) 

The code of municipality (and district) are unique and standardised ID used by the CSO for 

unambiguous identification of these administrative units across all the information resources of CSO. 

The mode of transport is numbered according to specific code list. The list includes 94 values 

representing one of the 94 combinations of transport modes recognised by the CSO. The code list is 

discussed further in chapter 4.1.3. 

The travel time is numbered according to specific code list. The list includes 7 values representing one 

of the 7 travel time intervals recognised by the CSO. The code list is discussed further in chapter 4.1.4. 
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The number of commuters is the same as the number of journeys, it is the number of individual 

persons making a single journey to work or school daily, leaving their municipality of residence (home 

or a place of temporary accommodation). 

The key attribute of this data set (daily inter-municipal in- and out-commuting flows) is that it is NOT 

YET structured in a way one origin-destination pair (further abbreviated as O-D pair) would be 

described in a single data record (a row of the data set). On the contrary, the number of commuter 

journeys from one municipality to another (within one O-D pair) can be recorded in more rows if the 

transport mode or travel time differs. A new row is provided for every unique combination of 

transport mode and travel time used by the commuters in the O-D pair. For example, the rows 3 and 4 

of the data (see Figure 8) are both related to commuting from the municipality 500011 to municipality 

541630. The row 3 is showing the number of commuters, who stated their travel time is within the 

interval number 3, while the row 4 is showing the number of commuters, who stated their travel time 

is within the interval number 5. Similarly, the rows 9 through 15 are showing use of different transport 

modes (coded as 30, 39, 4, 5, 7 and 9) taken from the municipality 500011 to municipality 549622. 

4.1.2 Data selection 

The original ‘daily inter-municipal in- and out-commuting flows’ data set is not fully suitable for further 

analysis, because it consists unknown values. Typically, the code 999999 represents an unknown 

municipality, while the code 888888 represent a destination abroad. In regard to the travel time, the 

code 9 represents an unknown travel time, meaning it was not possible to abstract the travel time 

information from the census form. Similarly, the code 999 represents an unknown mode of transport, 

which was not possible to abstract. All the rows with any of the above-mentioned unknown values 

were deleted from the data set. 

After deleting the incomplete records, the data set has shrunk to 419 516 rows and 1 222 121 

commuting journeys, losing only about 3.4 % of the commuting journeys. 

4.1.3 Aggregation of transport modes 

As mentioned before, the question 22 in the census form offers 9 basic options for the transport 

mode. However, the form does not set a limit for their mutual combination. Thus, the interviewed 

citizens could select multiple transport modes to create combinations of transport modes. In the end, 

the CSO recognises 93 transport modes codes within the data set. (The transport mode code 999 was 

deleted it in the previous step, thus reducing the number of transport mode codes from 94 to 93.) The 

codes represent either one of the 9 single basic modes; or one of the 28 combination of 2 modes; or 

one of the 56 combinations of 3 modes. As the basic single modes are building stones for the 
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combinations, it is necessary to introduce the abbreviations for them to limit the length of the 

combined names. The abbreviations are presented in Table 3. 

Table 3: List of abbreviations for the 9 basic transport modes 

Transport mode Abbreviation 

Bus (other than city transport) Bus 

Train Train 

Mass City Transport MCT 

Car – Driver Driver 

Car – Co-traveller CarPass 

Motorcycle Moto 

Bicycle Bike 

Other Other 

None (on foot only) Walk 

To rationalise the modal split research, it is necessary to aggregate these 93 transport mode options 

into much smaller number of representative transport modes. As can be seen in the figures below, the 

9 single basic modes are altogether having the largest modal share, while the combinations have a 

minor share. On the other hand, some of the single modes (typically the Moto) have much smaller 

share on its own then the aggregated share of the combinations. The figures below include the 

number of commuter journeys per each slice and their share on the total number of journeys. 

 

Figure 9: Modal split of work commute journeys before aggregation 
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Figure 10: Modal split of school commute journeys before aggregation 

The aim of the aggregation is to create a set of representative transport modes, which will have more 

even distribution of the modal share while distinguishing all specific transport options. All 93 options 

were included into the aggregation process, so no journeys were lost. This is the advantage over the 

methodologies, where multiple transport options with negligible share are omitted, despite those 

have a significant share altogether. The proposed aggregation scheme is presented in Table 4 below. 

The original 93 options on the left are aggregated to 10 new modes on the right. Commuter journeys 

to work and to school are presented separately. 

Table 4: Scheme for aggregation of 93 original transport modes into 10 new modes 

93 ORIGINAL TRANSPORT MODES → 10 NEW AGGREGATED TRANSPORT MODES 

# Abbreviation Work School   # Abbreviation Work School 

1 Bus 127 740 122 559   1 Bus 127 860 122 662 

16 Bus+Other 120 103           

2 Train 37 173 25 380   2 Train 37 252 25 424 

22 Train+Other 79 44           

3 MCT 36 513 28 352   3 MCT 36 626 28 427 

27 MCT+Other 113 75           

4 Driver 461 799 9 200   4 Driver 466 435 9 481 

6 Moto 1 762 203 
    

  

29 Driver+Moto 2 719 73 
    

  

31 Driver+Other 123 3 
    

  

36 Moto+Other 8 2 
    

  

88 Driver+Moto+Other 24 0           

5 CarPass 74 946 27 077   5 CarPass 74 998 27 104 

34 CarPass+Other 52 27           
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93 ORIGINAL TRANSPORT MODES → 10 NEW AGGREGATED TRANSPORT MODES 

# Abbreviation Work School   # Abbreviation Work School 

12 Bus+Driver 12 822 1 101   6 PTplus 76 364 24 437 

13 Bus+CarPass 9 669 7 629 
    

  

14 Bus+Moto 300 270 
    

  

15 Bus+Bike 3 709 1 002 
    

  

18 Train+Driver 4 399 407 
    

  

19 Train+CarPass 1 664 882 
    

  

20 Train+Moto 76 57 
    

  

21 Train+Bike 1 675 330 
    

  

23 MCT+Driver 5 407 639 
    

  

24 MCT+CarPass 2 778 2 029 
    

  

25 MCT+Moto 55 43 
    

  

26 MCT+Bike 973 205 
    

  

39 Bus+Train+Driver 2 782 536 
    

  

40 Bus+Train+CarPass 1 717 1 573 
    

  

41 Bus+Train+Moto 63 96 
    

  

42 Bus+Train+Bike 840 388 
    

  

44 Bus+MCT+Driver 4 349 1 087 
    

  

45 Bus+MCT+CarPass 2 469 2 066 
    

  

46 Bus+MCT+Moto 45 73 
    

  

47 Bus+MCT+Bike 405 143 
    

  

49 Bus+Driver+CarPass 5 145 589 
    

  

50 Bus+Driver+Moto 528 80 
    

  

51 Bus+Driver+Bike 3 350 81 
    

  

52 Bus+Driver+Other 46 4 
    

  

53 Bus+CarPass+Moto 141 154 
    

  

54 Bus+CarPass+Bike 1 356 367 
    

  

55 Bus+CarPass+Other 52 31 
    

  

56 Bus+Moto+Bike 112 29 
    

  

57 Bus+Moto+Other 1 1 
    

  

58 Bus+Bike+Other 44 19 
    

  

59 Train+MCT+Driver 2 839 703 
    

  

60 Train+MCT+CarPass 1 082 942 
    

  

61 Train+MCT+Moto 27 37 
    

  

62 Train+MCT+Bike 679 285 
    

  

64 Train+Driver+CarPass 964 109 
    

  

65 Train+Driver+Moto 170 19 
    

  

66 Train+Driver+Bike 959 33 
    

  

67 Train+Driver+Other 33 3 
    

  

68 Train+CarPass+Moto 33 17 
    

  

69 Train+CarPass+Bike 216 44 
    

  

70 Train+CarPass+Other 13 11 
    

  

71 Train+Moto+Bike 31 4 
    

  

72 Train+Moto+Other 3 3 
    

  

73 Train+Bike+Other 20 7 
    

  

74 MCT+Driver+CarPass 947 139 
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93 ORIGINAL TRANSPORT MODES → 10 NEW AGGREGATED TRANSPORT MODES 

# Abbreviation Work School   # Abbreviation Work School 

75 MCT+Driver+Moto 157 27 
    

  

76 MCT+Driver+Bike 847 46 
    

  

77 MCT+Driver+Other 29 3 
    

  

78 MCT+CarPass+Moto 22 27 
    

  

79 MCT+CarPass+Bike 246 46 
    

  

80 MCT+CarPass+Other 20 7 
    

  

81 MCT+Moto+Bike 27 3 
    

  

82 MCT+Moto+Other 1 0 
    

  

83 MCT+Bike+Other 27 11           

7 Bike 17 933 904   7 Bike 18 002 910 

37 Bike+Other 69 6           

10 Bus+Train 8 037 11 369   8 PTcom 52 786 50 604 

11 Bus+MCT 22 754 18 259 
    

  

17 Train+MCT 15 927 13 326 
    

  

38 Bus+Train+MCT 5 830 7 431 
    

  

43 Bus+Train+Other 52 39 
    

  

48 Bus+MCT+Other 94 75 
    

  

63 Train+MCT+Other 92 105           

9 Walk 9 949 5 773   9 Walk 9 949 5 773 

8 Other 2 056 278   10 Rest 26 199 828 

28 Driver+CarPass 11 761 306 
    

  

30 Driver+Bike 7 761 40 
    

  

32 CarPass+Moto 187 28 
    

  

33 CarPass+Bike 1 241 118 
    

  

35 Moto+Bike 124 8 
    

  

84 Driver+CarPass+Moto 455 22 
    

  

85 Driver+CarPass+Bike 1 427 9 
    

  

86 Driver+CarPass+Other 50 2 
    

  

87 Driver+Moto+Bike 943 7 
    

  

89 Driver+Bike+Other 108 1 
    

  

90 CarPass+Moto+Bike 61 2 
    

  

91 CarPass+Moto+Other 1 1 
    

  

92 CarPass+Bike+Other 16 6 
    

  

93 Moto+Bike+Other 8 0           

The key ideas behind the proposed aggregation scheme are as follows: 

1) The combinations of any transport mode with only transport option Other was aggregated 

with the particular transport mode as it is the decisive one. This way, the traditional modes 

Bus, Train, MCT, Driver, CarPass and Bike were enlarged by their combination with mode 

Other. However, this enlargement should have no significant impact on the structure of these 

modes as the combinations with mode Other are in every case a fraction of percent. 
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2) The sparsely used transport mode Moto was aggregated with mode Driver. The mode Moto 

simply has not the modal share large enough compared to the other modes. Modes Driver and 

Moto are both private, motorised modes of transport, which gives the ground for their 

aggregation. It should not have any significant impact on the structure of the mode Driver as 

the mode Moto makes only about 1 % of it in the case of work commute and about 3 % of it in 

the case of school commute. 

3) There was no transport mode suitable for aggregation with the transport mode Walk, so it was 

not aggregated in any way. 

4) Two new transport mode consisted of many various combinations were created. 

a. PTplus – combinations of public transport modes (Bus, Train, MCT) with private 

transport modes (Driver, Moto, CarPass, Bike). This mode represents the option, 

where the private transport is used for easing the access to the public transport from 

the origin, or to the final destination from the public transport stop. Thus, the public 

transport (PT) has a benefit (plus) from the private transport. 

b. PTcom – combination of only public transport (PT) modes (Bus, Train, MCT). 

5) The remaining combinations and the single mode Other were aggregated into new mode 

named ‘Rest’ to avoid confusion with the original mode Other. However, the purpose of the 

mode Rest is the same as in the case of the mode Other – to aggregate the sparsely used 

modes, which do not have the modal share large enough for independent study and which do 

not show similarities with any other mode, but need to be kept in the computation base of the 

modal split to avoid its distortion. 

The final modal split after the aggregation of the 93 original transport mode options into 10 new 

aggregated modes can be seen in the figures below. 
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Figure 11: Modal split of work commute journeys after aggregation 

 

Figure 12: Modal split of school commute journeys after aggregation 

The numbers of aggregated modes 1 through 10 were then added to the original ‘flows’ data set and 

will play a role during the transformation of the O-D pairs described in chapter 4.1.5. 

4.1.4 Preparation for travel time averaging 

As mentioned in chapter 4.1.1, the travel time in the original data set is recorded in a form of six 

codes, each representing a given time interval of travel times from the census form. The structure of 

the original ‘flows’ data set can include multiple different travel time codes in one O-D pair per one 

transport mode. To obtain a single travel time per O-D pair and one transport mode, the travel times 
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need to be averaged. But before it can be done so, it is necessary to replace the travel time intervals 

(represented by the codes) with interval mean time, reflecting the varying length of the intervals. The 

overview of travel intervals, travel time codes and proposed interval means can be seen in Table 5. 

Table 5: Overview of travel time averaging parameters 

Travel time 
interval 

code 

Travel time 
interval 

Interval 
mean 
time 

Boundary 
between 
intervals 

Average of the 
adjacent interval 

means 
Difference 

1 up to 14 min. 7.5 min. 
  

  

15 min. 15 min. 0 min. 

2 15 – 29 min. 22.5 min. 

30 min. 30 min. 0 min. 

3 30 – 44 min. 37.5 min. 

45 min. 45 min. 0 min. 

4 45 – 59 min. 52.5 min. 

60 min. 63.5 min. 3.5 min. 

5 60 – 89 min. 74.5 min. 

90 min. 97 min. 7 min. 

6 90 and more min. 119.5 min. 
      

The key ideas behind the interval mean time selection are as follows: 

1) Chose the mean as close as possible to the centre of the interval 

2) Chose the mean in a way the average of the two adjacent interval means would be equal to 

the boundary between the intervals in the case of the intervals of the same length 

3) Choose the mean of the longer intervals in a way the resulting average mean of the adjacent 

intervals will be closer to the mean of the longer interval 

4) Choose the mean in a way the difference between the boundary of the adjacent intervals and 

the average of their means gradually increases with prolonging of the longer intervals 

Once the travel time codes in the original ‘flows’ data set are replaced by the interval mean times, it is 

than possible to average the travel times, which are related to the same O-D pair and the same 

transport mode. The interval mean time added to the original ‘flows’ data set will play a role during 

the transformation of the O-D pairs described in chapter 4.1.5. 

4.1.5 Transformation of origin-destination pairs 

The Aggregation of the transport modes and the travel time averaging were both a prerequisite for 

the transformation as they added important imputes to the original ‘flows’ data set. As can be seen in 

Figure 13, the column D was now added to the data set as a result of transport mode aggregation. 

Moreover, the column E, which is a result of the travel time averaging, has replaced the column with 

the travel time codes, which are no longer needed. 
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Figure 13: Preview of the ‘flows’ data set with new columns D and E 

The meaning of the table heading is as follows:  

ORIGIN_MUNI – code (ID) of the municipality of origin (out-commuting) 

DESTIN_MUNI – code (ID) of the municipality of destination (in-commuting) 

MODE 93 – 93 original transport modes 

AGR 10 – 10 new aggregated transport modes 

MIN – averaged travel time in minutes 

WORK – number of commuters to work 

SCHOOL – number of commuters to school 

TOTAL – number of commuters to work or school 

The goal of the transformation is to organise all the records related to one O-D pair to one row of the 

data set. Example can be seen in the comparison of Figure 13 and Figure 14. The transport mode and 

travel time information regarding the O-D pair from the municipality 500011 to the municipality 

549622 was in the Figure 13 recorded in seven rows number 9 through 15 (marked by a red rectangle), 

while the same information is in the Figure 14 solely in row number 9. The Figure 14 only shows half of 

the transformed row with the work commute related information, because the O-D pair from the 

municipality 500011 to the municipality 549622 does not include any journey to school. The structure 

of the transformed data set allows simple split of the data set into work commute and school 

commute part later on. 

 

Figure 14: Preview of the transport mode and travel time data regarding the O-D pair from the municipality 

500011 to the municipality 549622 organised into one row 
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The transformation of the transport mode information is based on summing the number of journeys 

taken by each of the 10 aggregated modes over all records related to the respective O-D pair. The 

transformation of the travel time information is based on averaging the travel times by each of the 10 

aggregated modes over all records related to the respective O-D pair. 

As a result of the transformation, information about each O-D pair is recorded only in one data row 

and vice versa. Thus, information about every O-D pair is recorded in a data space of the same size, 

which significantly eases the following analyses. After the transformation, the number of the O-D pairs 

and the number of journeys in the data set remain unchanged. The difference is in the number of 

recognised transport modes, which has decreased from 93 to 10 (transport mode aggregation); in 

averaging the travel time per each of the 10 aggregated modes in one O-D pair; and in the number of 

data rows in the data set, which has decreased from 419 516 to 126 902. The latter one is also the 

number of O-D pairs in the data set. 

4.1.6 Reduction of origin-destination pairs 

The need for a reduction of the data set by some O-D pairs is given by the primary focus of the 

research, which was specifically set to the local commute. Based on the literature review, the 

municipalities with extended powers (hereinafter MEP) are the natural centres of the local commute 

in the Czech environment. The commuting catchment areas of the superior regional capitals as well as 

the national capital are much broader, having partially character of long-distance travel. Thus, O-D 

pairs to and from regional capitals and the Capital City of Prague were removed from the data set. To 

further diminish the journeys on longer distances, the mutual connections of the MEPs were also 

removed. This should keep in the data set predominantly the journeys to the local commute centres 

from their commuting hinterland and vice versa. 

A preparation for the reduction involves adding the code for a level of government to every 

municipality. The MEPs are in the Czech governmental hierarchy labelled as the level 3. The regional 

capitals are level 4; and the Capital City of Prague is the only 5. Reduction was then practically done by 

deleting the O-D pairs (data rows), which are from, to or between the municipalities (cities) of level 4 

or 5; and then deleting the O-D pairs between the municipalities (towns) of level 3. 

As a result of the reduction, the number of the origin-destining pairs has decreased from 126 902 to 

105 577, the number of work commute journeys has decreased from 926 471 to 528 413 and similarly 

the number of school commute journeys from 295 560 to 164 353. The vast number of deleted 

journeys is a pity, however it is given by the high average number of travels within O-D pairs to and 

from the national and regional capitals, which were excluded from the local level, if you wish, from the 

rural level commute. 
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4.1.7 Filtration of origin-destination pairs 

The introduction to filtration was made in a previous work of Šatra and Čarský (2020) on the filtration 

of O-D pairs in the following matter: “After the initial reduction, the starting data set for our research 

is including O-D pairs from 193 MEPs to municipalities on subordinate levels and vice versa plus O-D 

pairs between the municipalities on the subordinate levels. This data set will be further referred as 

“Nonfiltered”. It includes all the O-D pairs on the required local level. (…) All the 193 included MEPs are 

having status of town, ranging approx. from 2 800 to 76 700 inhabitants with average population size 

of approx. 16 000 inhabitants. (…) Average area size of administrative district of MEP in the Czech 

Republic is about 385 km2.” 

The ‘Nonfiltered’ data set, which was the result of the reduction is consisted of 105 577 O-D pairs. 

However, 55 505 of them are pairs with only one traveller, which is over 52 % of all O-D pairs. In other 

words, in the case of 55 505 municipality pairs, there is only one traveller between them in one 

direction. “Whichever transport mode the one traveller choses, will be the only transport mode used 

within that O-D pair. Then the modal split, describing the distribution of shares of transport modes 

within this O-D pair, is only consisted of the one used transport mode, which has share of 100 % and all 

the other modes have share of 0 %. This is an extreme distortion of the modal split in favour of only 

one transport mode. 

Considering the number of O-D pairs with one traveller causing the distortion, one can consider the 

whole data set to be misleading about the overall modal split. The solution is to remove the O-D pairs 

of lesser importance from the data set. It is assumed that most of the O-D pairs with one traveller are 

of lesser importance. Similarly, all other O-D pairs with small number of travellers, but the O-D pairs 

with one traveller were chosen to be the monitored key performance indicators as they cause the 

greatest distortion. 

But how to assess the importance of the O-D pairs? Which O-D pairs must stay in the data set to keep 

its informative value? Starting with the latter one, the requirements were set as follows: 

A. As this research should serve to the municipal and regional level of government, first of the 

requirements is to sustain all the municipalities in the data set. In other words, there should 

not be a municipality, whose O-D pairs will be all removed from the data set and so the 

municipality with them. 

B. Second requirement is to maximize the number of the travellers in the data set. This is driven 

by the will to conduct a research, which will have an impact to maximum of travellers. 

Practically, this is about minimizing the loss of travellers from the data set caused by removing 

of O-D pairs. 
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Simple removing all O-D pairs with one traveller does not meet the criterion of sustaining all the 

municipalities in the data set because it results in removing 13 municipalities from it. This is due to the 

specific municipal structure of the Czech Republic. 

At the time of the census, there were 6251 municipalities in the country, ranging from 17 to 1 268 796 

inhabitants, having on average 1 670 inhabitants. Since the municipalities can have so small 

population as 17 inhabitants, it is then expectable, the O-D pairs originating or terminating in such 

municipality will have only one traveller. At the same time, the O-D pair with one traveller is an 

important O-D pair for this municipality as it was used by over 5 % of population of municipality and 

perhaps by more than 10 % of the workers and pupils residing in it. This gives the preview how the 

importance of the O-D pairs can be assessed.” (ŠATRA and ČARSKÝ, 2020) 

Before the filtration, the ‘Nonfiltered’ data set was divided into two separate data sets, first 

containing only O-D pairs of work commute and the other one with only O-D pairs of school commute. 

Some municipal pairs are in both data set, but there are also pairs of municipalities, between which 

only work or only school journeys are taken. For example, the above-mentioned O-D pair from the 

municipality 500011 to municipality 549622 does not include any journey to school, so it is included 

only in the journey to work data set. 

The new ‘Nonfiltered work’ data set consists of 98 084 O-D pairs from 6 232 municipalities of origin to 

5 587 municipalities of destination and it includes 528 413 journeys in total. The new ‘Nonfiltered 

school’ data set is smaller. It consists of only 28 100 O-D pairs from 6 171 municipalities of origin to 

2 344 municipalities of destination and it includes 164 353 journeys in total. 

4.1.7.1 𝑻𝒊𝒋  filtration method 

The theoretical background for the first filtration method was set by Afonso and Venâncio (2016), 

who propose the following formula for assessment of the O-D pair importance: 

 𝑇𝑖𝑗 =
𝐶𝑖𝑗

min (𝑟𝑖, 𝑟𝑗)
 (18) 

where: 

𝑇𝑖𝑗  – strength of commuting tie between two municipalities 𝑖 and 𝑗 

𝐶𝑖𝑗 – number of travellers (workers or school attendees) residing in the municipality 𝑖 and commuting 

to municipality 𝑗 to work or school 

𝑟𝑖 – number of all workers or school attendees residing in municipality 𝑖 

𝑟𝑗 – number of all workers or school attendees residing in municipality 𝑗 
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“The parameter 𝑻𝒊𝒋  can be used for assessment of the O-D pair importance. Afonso and Venâncio 

recommend considering the O-D pairs with 𝑇𝑖𝑗  above 0.02 to be ‘stronger’ (important from the 

perspective of this research). 

For example, if there would be a municipality 𝑖, where in total 100 workers are residing and two 

travellers are commuting from there to municipality 𝑗, where in total 500 workers are residing. Then, 

the 𝐶𝑖𝑗 is 2 and smaller of the two 𝑟 is 𝑟𝑖, which is 100. By dividing 2/100 we get that the 𝑇𝑖𝑗 of this O-D 

pair is 0.02; just below the set criteria, thus it is an unimportant O-D pair sentenced to be removed 

from the data set.” (ŠATRA and ČARSKÝ, 2020) 

However, the experience with using the 𝑻𝒊𝒋 filtration method is that the level of importance of 0.02 

(i.e. 2 %) is overly strict, removing too much of O-D pairs and even some municipalities with them. This 

means, less strict threshold needs to be found to sustain all the municipalities in the data set. This is 

practically done by finding the maximum 𝑇𝑖𝑗 for each municipality over all its O-D pairs, which start or 

terminate in the municipality, and then the threshold will be the least of all the municipal 𝑇𝑖𝑗 

maximums. This approach can be applied separately to origin municipalities and destination 

municipalities. The destination municipalities tend to have smaller 𝑇𝑖𝑗 importance level, thus, to keep 

all origin municipalities and destination municipalities in the data set, the threshold from destination 

municipalities should be used. For the work commute data set, the resulting 𝑇𝑖𝑗  threshold is 

0.001709402 (0.17 %). In terms of the school data set, the threshold is 0.000493097 (0.05 %). The 

performance of the 𝑇𝑖𝑗 filtration method can be seen in Table 6 and Table 7. The tables also show 

comparison with the 𝑉𝑖𝑗 filtration method introduced further. 

Table 6: Key attributes of the data sets (Files) related to filtration of O-D pairs of work commute, O-D pair = 

origin-destination pair, %↓ = decrease in %, number of Travellers = number of Journeys, Pw1T = O-D pair with 

only 1 Traveller, Pw1T/T = ratio of number of O-D pairs with only 1 Traveller to the total number of Travellers, 

Pw1T/P = ratio of number of O-D pairs with only 1 Traveller to the total number of O-D pairs, Nationwide work = 

data set of work commute journeys before reduction of O-D pairs to local commute 

File \ Parameter O-D Pairs %↓ Travellers %↓ Pw1T %↓ Pw1T/T Pw1T/P 

Nationwide work 116 069   926 471   60 702   6.55% 52.30% 

Nonfiltered work 98 084 base 528 413 base 53 484 base 10.12% 54.53% 

Tij filtered work 82 200 -16.2% 509 271 -3.6% 39 798 -25.6% 7.81% 48.42% 

Vij filtered work 37 406 -61.9% 418 687 -20.8% 11 333 -78.8% 2.71% 30.30% 
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Table 7: Key attributes of the data sets related to filtration of O-D pairs of school commute, see Table 6 for legend 

File \ Parameter O-D Pairs %↓ Travellers %↓ Pw1T %↓ Pw1T/T Pw1T/P 

Nationwide school 40 253   295 650   16 953   5.73% 42.12% 

Nonfiltered school 28 100 base 164 353 base 11 700 base 7.12% 41.64% 

Tij filtered school 27 451 -2.3% 163 673 -0.4% 11 076 -5.3% 6.77% 40.35% 

Vij filtered school 14 731 -47.6% 140 978 -14.2% 2 654 -77.3% 1.88% 18.02% 

The 𝑇𝑖𝑗 filtration method did filter out much larger number of O-D pairs with only 1 traveller from the 

work commute data set than in the case of the school commute data set (25.6 % over 5.3 %), however, 

the large number of these remain in both data sets, about 48 % of all O-D pairs in the work commute 

data set and about 40 % in the school commute data set. If nearly half of the data set is still distorted 

(because of 100 % share of a transport mode in O-D pairs with only one traveller), there is a ground to 

consider the whole data set misleading. This stimulates the need to develop another filtering method, 

which would remove larger number of O-D pairs with only one traveller. 

4.1.7.2 𝑽𝒊𝒋 filtration method 

“The 𝑇𝑖𝑗 method focuses on the assessing the importance of the O-D pairs based on the proportion of 

the travellers using the O-D pairs to the travellers (workers or school attendees) residing in the smaller 

of two municipalities. The drawback is that it does not deal with the proportion of the travellers using 

the O-D pair to the total number of travellers leaving the municipality of origin to work or school.” 

(ŠATRA and ČARSKÝ, 2020) This can be changed by introducing the parameter 𝑽𝒊𝒋, which takes into 

consideration the total number of travellers leaving the municipality of origin for the particular 

purpose (work or school) as well as the total number of travellers entering the municipality of 

destination for one of the purposes. The parameter 𝑉𝑖𝑗 was designed as an analogy to 𝑇𝑖𝑗 with a 

following formula: 

 𝑉𝑖𝑗 =
𝐶𝑖𝑗

min (∑ 𝐶𝑖𝑥
𝑚
1 , ∑ 𝐶𝑦𝑗

𝑛
1 )

 (19) 

where: 

𝑉𝑖𝑗 – strength of commuting tie between two municipalities 𝑖 and 𝑗 

𝐶𝑖𝑗 – number of travellers (workers or school attendees) residing in the municipality 𝑖 and commuting 

to municipality 𝑗 to work or school 

𝐶𝑖𝑥  – number of travellers (workers or school attendees) residing in the municipality 𝑖 and commuting 

to municipality 𝑥 to work or school, where 𝑥 = (1…𝑚) 

1 – the first O-D pair from municipality 𝑖  

𝑚 – the last O-D pair from municipality 𝑖  
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𝐶𝑦𝑗 – number of travellers (workers or school attendees) residing in the municipality 𝑦 and commuting 

to municipality 𝑗 to work or school, where 𝑦 = (1…𝑛) 

1 – the first O-D pair to municipality 𝑗  

𝑛 – the last O-D pair to municipality 𝑗  

The threshold for the 𝑽𝒊𝒋 importance level, which would keep all the origin municipalities and 

destination municipalities in the data set, can be found in the same way as in the case of the 𝑇𝑖𝑗 

parameter. For the work commute data set, the resulting 𝑉𝑖𝑗 threshold is 0.0667 (6.67 %). In terms of 

the school data set, the threshold is 0.125 (12.5 %).  

The performance of the 𝑽𝒊𝒋 filtration method can be seen in Table 6 and Table 7. Based on the 

comparison with the 𝑇𝑖𝑗 filtration method, the 𝑉𝑖𝑗 method has removed much larger number of O-D 

pairs with only one traveller from the data set. Moreover, the number of removed pairs is similar for 

both data set of work commute and school commute, about 79 %, 77 % respectively. The drawback of 

the 𝑉𝑖𝑗 filtration method is that removes more of the O-D pairs with multiple travellers and thus large 

portion of all the travellers from the data set. However, the percentage decrease in the total number 

of O-D pairs as well as the percentage decrease in the number of travellers in the data set are smaller 

than the percentage decrease in the number of O-D pairs with only one traveller. Another control 

attribute is the ratio of number of O-D pairs with only 1 traveller to the total number of travellers 

(Pw1T/T), which is in the case of 𝑉𝑖𝑗 filtration method significantly better than in the case of the 𝑇𝑖𝑗 

method. This attribute in fact specifies, how many percent of all travellers are travelling on all O-D 

pairs with only 1 traveller. This attribute is also favouring the 𝑉𝑖𝑗 filtration method. 

The resulting number of journeys remaining in the work and school commute data sets after the 

application of the 𝑉𝑖𝑗 filtration method can be seen in in the row 7 of the Table 8. 

Table 8: Comparison of files available from CSO and produced within the research, Info = information value, W+O 

muni = within and outside the municipality, Out muni = outside the municipality, All freq's = all frequencies, Upon 

req = Upon request, Incompl R = incomplete records in terms of travel time and transport mode, Compl R = 

complete records 

 

# Info Destination Frequency Availability Selection Reduction Filtration

1 Basic Unknown Unknown Public - - - 3 920 953 1 354 979

2 Extra W+O muni All freq's Public - - - 2 024 876 775 901

3 Extra Out muni All freq's Public - - - 1 099 928 421 683

4 Extra Out muni Daily Upon req Incompl R National Nonfilter 943 334 301 081

5 Extra Out muni Daily Self-made Compl R National Nonfilter 926 471 295 650

6 Extra Out muni Daily Self-made Compl R Local Nonfilter 528 413 164 353

7 Extra Out muni Daily Self-made Compl R Local Filtered 418 687 140 978

Commute data options from CSO Data pre-processing methods Journeys

Work School
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The total number of journeys remaining for further research within this thesis is 559 665 journeys to 

work or school. That is about 54 journeys per 1 000 inhabitants. On the other hand, the Czechia in 

motion project, which was conducting the mobility survey of selected households, is working with 

51 434 individual trips, not journeys. Since the trips can be further chained into complex journeys, the 

number of journeys in Czechia in motion is most likely even smaller. In any case, if dividing the number 

of trips by the number of inhabitants, there was about 5 trips per 1 000 inhabitants. 

The total number of O-D pairs remaining in the work commute data set is 37 406, thus the average 

number of journeys in one O-D pair is 11.19. In the school commute data set remained 14 731 O-D 

pairs and the average number of journeys in one O-D pair is 9.57. 

4.1.8 Modal split calculation 

The last step of data pre-processing which directly precedes any further modal split analysis or 

modelling is a calculation of modal split of O-D pairs. The Figure 15 is providing an example of a 

calculated modal split of the pair from the municipality 500011 to the municipality 549622, which have 

been used as an example in other pre-processing methods too. The Figure 15 also provides a preview 

of the calculation process. The modal share of each transport mode is calculated as a number of 

journeys taken by this mode (6 in the case of Driver) divided by the total number of journeys taken 

within the O-D pair (𝐶𝑖𝑗 = 16). The resulting modal share of transport mode Driver (0.375) can also be 

read as a share of 37.5 %. The sum of shares of all transport mode gives 1 (100 %); and the set of all 

mode shares is the modal split of the O-D pair. 

 

Figure 15: Preview of modal split data of the O-D pair from the municipality 500011 to the municipality 549622 

Note that the O-D pair from the municipality 500011 to the municipality 549622 is now in row 3 but 

used to be in a row 9 in the previous example. This is because the pairs, which used to be in rows 3-8 

in the previous example are now included in the school commute data set only or were removed 

entirely during the filtration process (𝑉𝑖𝑗 filtration method). 

The exact definition of the above presented modal split is as follows: modal split of O-D pair from the 

municipality 500011 to the municipality 549622 calculated based on all daily journeys to work 

recorded within the O-D pair. It could also be added that this O-D pair is a part of the local commute 

and has been found important by the 𝑉𝑖𝑗 filtration method (importance level 𝑉𝑖𝑗 > 0.0667). 
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4.2 Collection and pre-processing of explanatory variables data set 

The modal split dependency research will be based on models described in detail in chapter 4.3. About 

the models in short. The modal split will be the explained variable (dependent or Y variable), while the 

various characteristics of either municipalities or the connections between them will be the 

explanatory variables (independent or X variables). 

As already indicated, municipality-related models will work with explanatory variables related to the 

municipalities of origin or destination such as demography, car ownership, real estate, geomorphology 

or availability of transport services in the municipality. The connection-related models will process the 

explanatory variables related to the connections such as travel distance, travel time or frequency of 

the transport services within the connection. 

The explained variable (modal split) was collected to the decisive moment of the population census, 

which was on the midnight from 25. 03. to 26. 03. 2011. To search the dependency of the explained 

variable on a time relevant explanatory variable, it is desirable to obtain the explanatory variables 

collected or valid to date as close as possible to the decisive moment. Most of the explanatory 

variables are also coming from the census, so their time match is perfect. The others are to some other 

date during 2011 (typically 01. 01. 2011) or represent the overall data for all year 2011. Exceptions are 

described and explained further. 

4.2.1 Variables related to municipalities 

The list of all municipality-related explanatory variables used in the municipality-related models of 

modal split dependency can be seen in Table 9. The final list contains 39 explanatory variables. The 

table distinguishes different demands on data pre-processing (preparation) and availability of the data 

sources. The variables marked as ‘taken’ were extracted from the source as they were and assigned to 

each municipality. The variables marked as ‘calculated’ required some processing (typically summing, 

averaging or multiplying) based on the data in the referred sources. Specific calculation details are 

described in chapter 4.2.2.2. The variables marked as ‘generated’ involved either a manual generation 

of new data set based on an internet research or a GIS assisted creation of new shape files and a 

subsequent export to table files. Specific details on the data generation are described in chapter 

4.2.1.2. Regarding the data availability, some data sources were available only upon request, some 

even had to be officially purchased, but the majority of the data are available online. 

The green colouring marks the variables, which were added to the set of explanatory variables in 

comparison to the Table 1 in chapter 3.7.1. Further comments on the added variables can be found in 
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chapter 4.2.1.3. The explanatory variables, which were omitted in comparison to the Table 1 are 

obviously not recorded in  Table 9, but will be commented in chapter 4.2.1.4. 

Table 9: List of all municipality-related explanatory variables used in the municipality-related models (A and B) 

Code Group Explanatory variable Preparation Available Source tag 

x100 Age structure Average age of inhabitants taken online CSO_6 

x110 Age structure Share of children aged 0-14 taken online CSO_6 

x120 Age structure Share of inhabitants aged 15-64 taken online CSO_6 

x130 Age structure 
Share of inhabitants with age 
65+ 

taken online CSO_6 

x140 Age structure Age index (x130/x110) calculated online CSO_6 

x200 Education 
Share of employees with 
elementary education 

taken online CSO_8 

x210 Education 
Share of employees with 
apprenticeship certificate 

taken online CSO_8 

x220 Education 
Share of employees without 
high school diploma 

calculated online CSO_8 

x230 Education 
Share of employees with high 
school diploma 

taken online CSO_8 

x240 Education 
Share of employees with 
completed extension study 

taken online CSO_8 

x250 Education 
Share of employees with tertiary 
technical education 

taken online CSO_8 

x260 Education 
Share of employees with 
university degree 

taken online CSO_8 

x270 Education 
Share of employees with high 
school diploma or higher 

calculated online CSO_8 

x280 Education 
Average length of the education 
attendance of employees 

calculated online CSO_8 

x300 Econ. activity Unemployment rate  taken online CSO_7 

x310 Econ. activity 
Share of economically active 
inhabitants 

taken online CSO_7 

x320 Econ. activity Share of the retired  taken online CSO_7 

x330 Econ. activity 
Share of pupils, students and 
apprentices 

taken online CSO_7 

x340 Econ. activity 
Ratio of economically inactive to 
active inhabitants 

calculated online CSO_7 

x350 Econ. activity 
Ratio of self-employed to 
economically active inhabitants 

calculated online CSO_9 

x360 Econ. activity 
Ratio of occupied jobs to 
economically active inhabitants 

calculated request CSO_5 

x370 Econ. activity 
Ratio of inhabitants employed in 
key sectors (T+/PS-) 

calculated online CSO_8 

x400 Tax revenue 
Share of municipal inhabitant on 
national tax revenue 

calculated online MF_14 

x410 Car ownership Car ownership calculated online MT_15 

x420 Population size Number of inhabitants taken online CSO_7 
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Code Group Explanatory variable Preparation Available Source tag 

x430 Population size 
Total number of workers, pupils, 
students and apprentices 

calculated online CSO_7 

x500 Pop. density Gross population density calculated online CSO_11 

x510 Pop. density Net population density  calculated online CSO_11 

x600 Trans. services 
Municipality organizing Mass 
City Transport 

generated online Internet 

x610 Trans. services 
Distance to the closest train stop 
or station 

generated request ArcData_1 

x700 Real estate Average purchase price of house taken request CSO_2 

x710 Real estate 
Average purchase price of 
apartments 

taken request CSO_3 

x720 Real estate 
Average purchase price of 
building land 

taken request CSO_4 

x730 Real estate Share of unoccupied dwellings taken online CSO_10 

x800 Geomorphology Mean altitude of municipality generated request ArcData_1 

x810 Geomorphology 
Mountainousness of 
municipality 

generated request ArcData_1 

x820 Geomorphology 
Mountainousness of 
municipality relative to its area 

calculated request ArcData_1 

x905 Climate Annual average precipitation generated purchase CHMI_12 

x915 Climate Annual average temperature generated purchase CHMI_13 

The last column of the Table 9 consist Source tags, which are the key for finding more information 

about the data sources of explanatory variables in the table below. The Table 10 provides the 

information about the organisation providing the data, name of the data source (data file) and if 

possible, also the URL for downloading the data [accessed: 09. 06. 2020]. For most of the data 

available only upon request, at least a preview of the source heading is provided. The names of the 

data sources and their headings were kept in the original language (Czech) to ease their search and 

possible communication with the data providers for those interested in obtaining the same sources. 

Table 10: List of all data sources for the explanatory variables supplementing the Table 9 

Source tag Heading Source details 

ArcData_01 

Name of 
provider 

ARCDATA PRAHA, s.r.o. 

Source name ArcCR500_v30.gdb 

URL/Preview not available 

CSO_02 

Name of 
provider 

Czech Statistical Office 

Source name 
Průměrné ceny rodinných domů v ČR v letech 2010 - 2012 v závislosti 
na velikosti obcí a stupni opotřebení (v Kč/m3) 
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Source tag Heading Source details 

Source 
heading 
preview 

 

CSO_03 

Name of 
provider 

Czech Statistical Office 

Source name 
Průměrné ceny bytů v ČR v letech 2010 - 2012 podle okresů v závislosti 
na velikosti obcí a stupni opotřebení (v Kč/m2) 

Source 
heading 
preview 

 

CSO_04 

Name of 
provider 

Czech Statistical Office 

Source name 
Průměrné kupní ceny stavebních pozemků v ČR dle okresů a velikosti 
obcí v letech 2010 - 2012 (v Kč/m2) 

Source 
heading 
preview 

 

CSO_05 

Name of 
provider 

Czech Statistical Office 

Source name prac_mista.xlsx 

Source 
heading 
preview 

 

CSO_06 

Name of 
provider 

Czech Statistical Office 

Source name 
Tab. 112 Obyvatelstvo podle pohlaví a podle věku, rodinného stavu a 
nejvyššího ukončeného vzdělání v obci 

URL https://vdb.czso.cz/vdbvo2/faces/cs/index.jsf?page=vystup-objekt-
parametry&pvo=OTOB112&sp=A&pvokc=&katalog=30710&z=T 

CSO_07 

Name of 
provider 

Czech Statistical Office 

Source name Tab. 113 Obyvatelstvo podle pohlaví a podle ekonomické aktivity v obci 

URL 
https://vdb.czso.cz/vdbvo2/faces/cs/index.jsf?page=vystup-objekt-
parametry&pvo=OTOB113&sp=A&pvokc=&katalog=30713&z=T 

CSO_08 

Name of 
provider 

Czech Statistical Office 

Source name 
Tab. 114 Zaměstnaní podle pohlaví a podle odvětví ekonomické činnosti 
a podle nejvyššího ukončeného vzdělání v obci 

URL 
https://vdb.czso.cz/vdbvo2/faces/cs/index.jsf?page=vystup-objekt-
parametry&pvo=OTOB114&sp=A&pvokc=&katalog=30712&z=T 

do 1999 

2000 - 

9999 

10000 - 

49999 

50000

a více

Název kraje Název okresu

Období 2010 - 2012

VELIKOST OBCÍ (obyvatelé)

Kupní cena

do 1999 

2000 - 

9999 

10000 - 

49999 

50000

a více

Název kraje Název okresu

Období 2010 - 2012

VELIKOST OBCÍ (obyvatelé)

Kupní cena

Název okresu Velikost obcí
2010 2011 2012

Kupní ceny v letech

Kód 

obce

Obec místa 

obvyklého 

pobytu

Zaměstnaní Dojíždějící Vyjíždějící
Saldo 

dojížďky

Obsazená 

pracovní 

místa

Obsazená 

pracovní místa 

na 1 000 

zaměstnaných 

obvykle 

bydlících v obci
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Source tag Heading Source details 

CSO_09 

Name of 
provider 

Czech Statistical Office 

Source name 
Tab. 116 Zaměstnaní podle postavení v zaměstnání a podle věku a 
pohlaví v obci 

URL 
https://vdb.czso.cz/vdbvo2/faces/cs/index.jsf?page=vystup-
objekt&pvo=OTOB116&z=T&f=TABULKA&katalog=30713&u=v185__VU
ZEMI__43__554979 

CSO_10 

Name of 
provider 

Czech Statistical Office 

Source name Tab. 118 Bytový fond v obci 

URL 
https://vdb.czso.cz/vdbvo2/faces/cs/index.jsf?page=vystup-
objekt&pvo=OTOB118&z=T&f=TABULKA&katalog=30731&u=v61__VUZ
EMI__43__554979 

CSO_11 

Name of 
provider 

Czech Statistical Office 

Source name Vybrané ukazatele pro územně analytické podklady za obec 

URL 
https://vdb.czso.cz/vdbvo2/faces/cs/index.jsf?page=vystup-
objekt&pvo=UAP01&z=T&f=TABULKA&katalog=31716&c=v94~3__RP20
11&u=v4__VUZEMI__43__554979 

CHMI_12 

Name of 
provider 

Czech Hydrometeorological Institute 

Source name SRA_shape.shp 

URL/Preview not available 

CHMI_13 

Name of 
provider 

Czech Hydrometeorological Institute 

Source name T_shape.shp 

URL/Preview not available 

MF_14 

Name of 
provider 

Ministry of Finance of the Czech Republic 

Source name 
Podíl jednotlivých obcí na stanovených procentních částech 
celostátního hrubého výnosu daně z přidané hodnoty a daní z příjmů 

URL 
https://www.mfcr.cz/cs/legislativa/legislativni-
dokumenty/2012/vyhlaska-c-281-2012-sb-6529 

MT_15 

Name of 
provider 

Ministry of Transport of the Czech Republic 

Source name Druh pro jednotlivé obce 

URL 

https://www.mdcr.cz/getattachment/Statistiky/Silnicni-
doprava/Centralni-registr-vozidel/Statistika-2-2016-(k-1-7-
2016)/Statistiky-vyplyvajici-z-Centralniho-registru-vozi/20-
obec_dr.xls.aspx?lang=cs-CZ 
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The correlation matrix of municipality-related explanatory variables can be seen in annex [B], their box 

and whisker plots then in annex [C]. 

4.2.1.1 Commentary on calculated variables 

This chapter names the inputs to the calculation and describes how the selected explanatory variables 

were calculated. Further notes are added if needed. 

Age index (x140) – The Share of inhabitants with age 65+ (x130) divided by the Share of children aged  

0-14 (x110) 

Share of employees without high school diploma (x220) – The Share of employees with elementary 

education (x200) plus the Share of employees with apprenticeship certificate (x210) 

Share of employees with high school diploma or higher (x270) – A sum of the following variables: 

 Share of employees with high school diploma (x230) 

 Share of employees with completed extension study (x240) 

 Share of employees with tertiary technical education (x250) 

 Share of employees with university degree (x260) 

Average length of the education attendance of employees (x280) – A sum of the following products: 

 Number of employees with elementary education times 8.5 year 

 Number of employees with apprenticeship certificate times 11.5 year 

 Number of employees with high school diploma times 12.5 year 

 Number of employees with completed extension study times 14.5 year 

 Number of employees with tertiary technical education times 14.5 year 

 Number of employees with university degree times 18 year 

divided by the total sum of: 

 Number of employees with elementary education 

 Number of employees with apprenticeship certificate 

 Number of employees with high school diploma 

 Number of employees with completed extension study  

 Number of employees with tertiary technical education 

 Number of employees with university degree 

Ratio of economically inactive to active inhabitants (x340) – The Number of economically inactive 

inhabitants divided by the number of economically active inhabitants 
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Ratio of self-employed to economically active inhabitants (x350) – The Number of self-employed 

inhabitants divided by the number of economically active inhabitants 

Ratio of occupied jobs to economically active inhabitants (x360) – The Number of occupied jobs 

divided by the number of economically active inhabitants 

Ratio of inhabitants employed in key sectors (x370) – The Total number of employees in economic 

activity groups:  

 Wholesale and retail; repair and maintenance of motor vehicles 

 Transport and storage 

 Accommodation, catering, hospitality 

 Information and communication activities 

 Finance and insurance 

 Real estate activities 

 Professional, scientific and technical activities 

 Administrative and support service activities 

 Public administration and defence; compulsory social security 

 Education 

 Health and social care 

(These economic activity groups are representing the tertiary and partially also the quaternary 

and quinary sectors, thus the abbreviation ‘T+’) 

divided by the total number of employees in economic activity groups: 

 Agriculture, forestry, fishing 

 Manufacturing industry 

 Construction  

(These economic activity groups are representing the key part, but not all of the economic activity 

groups of the primary and the secondary sectors, thus the abbreviation ‘PS-’). 

The reason for using only partial sectors is that the source table (Tab. 114 Zaměstnaní podle pohlaví a 

podle odvětví ekonomické činnosti a podle nejvyššího ukončeného vzdělání v obci) does not include 

numbers of employees in the less frequent economic activity groups such as: 

 Mining and quarrying 

 Production and distribution of electricity, gas, heat and air conditioning 

 Water supply; sewerage, waste management and remediation activities 

 Cultural, entertainment and recreational activities 

 Other activities 
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 Activities of households as employers; Undifferentiated goods- and services-producing 

activities of households for own use 

 Activities of extraterritorial organizations and bodies 

The reason for using aggregated sectors is that some of the smallest municipalities do not have any 

employee employed either in the partial primary sector or the tertiary sector, which hindrances the 

calculation. Thus, the partial primary and the partial secondary sectors were aggregated into PS- and 

the tertiary sector was aggregated with the partial quaternary and the partial quinary sector into T+. 

Share of municipal inhabitant on national tax revenue (x400) – The Percentage share of the 

municipality in the tax revenue according to § 4 par. 1 let. b) to f) of the Act on Budgetary 

Determination of Taxes divided by the number of inhabitants of the municipality. The shares come 

from the attachment of the Decree No. 281/2012 Coll. with effect from 1 September 2012 issued by 

the Ministry of Finance of the Czech Republic. However, attachment is based on tax revenue from 

previous period, thus reflecting the time of the national population census. 

Car ownership (x410) – The Number of passenger cars (personal automobiles) in the municipality 

divided by the number of inhabitants of the municipality times 1 000. The data on number of 

passenger cars is to date 08. 02. 2013 as this is the closest to the decisive moment on midnight from 

25. 03. to 26. 03. 2011, which can be found in the archive of the Ministry of Transport. 

Total number of workers, pupils, students and apprentices (x430) – The Number of employed 

inhabitants plus the total number of pupils, students and apprentices 

Gross population density (x500) – The Number of inhabitants in the municipality divided by the total 

area of the municipality 

Net population density (x510) – The Number of inhabitants in the municipality divided by the total 

size of built-up areas within the municipality 

Mountainousness of municipality relative to its area (x820) – The Mountainousness of municipality 

(x810) divided by the total area of the municipality. See chapter 4.2.1.2 for details how the 

mountainousness of municipality was generated. 

4.2.1.2 Commentary on generated variables 

This chapter describes how the selected explanatory variables were generated. Further notes are 

added if needed. 
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Municipality organizing Mass City Transport (x600) – This is the only discrete binary explanatory 

variable used in this research. Value 1 was manually added to all municipalities (towns or cities), which 

are organising a municipal system of mass city transport on their premises. In the case of mass city 

transport systems or companies jointly belonging to multiple municipalities (e.g. the Transport 

company of the towns of Most and Litvínov), 1 was marked at all organising municipalities (thus at 

both towns). List of municipalities organising their own mass city transport was made based on a 

research of various Internet sources to verify the existence of the mass city transport systems in 2011. 

Value of 0 was recorded in the case of all other municipalities. 

Distance to the closest train stop or station (x610) – This variable was generated in the GIS software 

ArcMap using the source database ArcCR500 version 3.0, relevant to 2011, kindly provided by the 

company ARCDATA PRAHA, s.r.o. The database includes a layer of singular points for all railway stops 

and stations in Czechia as well as layer of singular points for all municipalities in Czechia existing in 

March 2011. The layer of train stops and stations required modification to include only stops and 

stations used for passenger transport in March 2011 during work days, thus usable for daily commute 

to work or school at the time of national population census. Thus, archive version of the train tables 

from year 2010/2011 (VYKA, 2010) were used to verify if any passenger trains were stopping at the 

stops and station there during weekdays in March. Redundant stops and stations were removed from 

the layer. A function ‘Near’ of ArcMap was then used to find the closest stop or station to each 

municipality and record the mutual distance. The distance is an air distance between the point of 

stop/station and the point of municipality. Positions of the points were not edited. The last step was to 

export the table of municipalities with the distance to the closest train stops or stations and name of 

the respective stop or station. 

Mean altitude of municipality (x800) – This variable was calculated as an average of the pseudo-

lowest and the pseudo-highest altitude in the municipality – see x810 below for description. 

Mountainousness of municipality (x810) – This variable was generated in the GIS software ArcMap 

using the source database ArcCR500 version 3.0, relevant to 2011, kindly provided by the company 

ARCDATA PRAHA, s.r.o. The database includes a layer of 5-metre interval contour lines and a layer of 

polygons of all municipalities in Czechia as existed in March 2011. The polygons were representing the 

total area of the municipalities. A function ‘Intersect’ of ArcMap was used to find the lowest and the 

highest contour line intersecting the municipality polygons, thus finding the pseudo-lowest altitude 

within the municipality limits and the pseudo-highest altitude in the municipality. It was necessary to 

find the lowest and the highest altitude manually in the case of municipalities, which were not 

intersect by any or by only one contour line. A manual search was done using a free map portal 
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www.mapy.cz. It was also necessary to manually correct the pseudo-lowest altitude in municipalities, 

which have deep brown coal mine (open pit mine). The pseudo-lowest altitude of such municipalities 

was set to altitude of the upper edge of the mine pit. Once each municipality had the pseudo-lowest 

altitude and the pseudo-highest altitude, these were exported as a table. The mountainousness was 

then calculated as difference between the pseudo-lowest altitude and the pseudo-highest altitude. 

The greater the difference between these two, the greater the mountainousness of municipality is. 

Annual average precipitation (x905) – This variable was generated in the GIS software ArcMap using 

the source database ArcCR500 version 3.0, relevant to 2011, kindly provided by the company 

ARCDATA PRAHA, s.r.o. and the source shape file SRA_shape.shp purchased from the Czech 

Hydrometeorological Institute (CHMI). The precipitation shape file includes polygons of 10 different 

precipitation zones with annual average precipitation for the period 1991-2010. The precipitation 

zones in Czechia can be seen in Figure 16.  

 

 

Figure 16: Annual average precipitation zones in Czechia for the period 1991-2010, source CHMI 

The polygons of the precipitation zones were then intersected with the polygons of the municipalities. 

Each municipality was assigned to a precipitation zone, which was covering the majority of its total 

area. The resulting prevailing precipitation zones in every municipality were then exported in form of a 

table, where the names of the precipitation zones (the precipitation intervals) were replaced by codes 

1 through 10 as shown in Table 11. 

Table 11: Conversion table of Annual average precipitation zones to codes 

Precipitation Interval Code 

< 500 mm 1 

500 - 550 mm 2 

550 - 600 mm 3 

600 - 650 mm 4 
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Precipitation Interval Code 

650 - 700 mm 5 

700 - 800 mm 6 

800 - 1000 mm 7 

1000 - 1200 mm 8 

1200 - 1400 mm 9 

> 1400 mm 10 

Annual average temperature (x915) – This variable was generated in the GIS software ArcMap using 

the source database ArcCR500 version 3.0, relevant to 2011, kindly provided by the company 

ARCDATA PRAHA, s.r.o. and the source shape file T_shape.shp purchased from the Czech 

Hydrometeorological Institute (CHMI). The temperature shape file includes polygons of 8 different 

temperature zones with annual average temperature for the period 1991-2010. The temperature 

zones in Czechia can be seen in Figure 17. 

 

 

Figure 17: Annual average temperature zones in Czechia for the period 1991-2010, source CHMI 

Similarly to precipitation zones, each municipality was then assigned to a temperature zone, which 

was covering the majority of its total area. The resulting prevailing temperature zones in every 

municipality were then exported to a table, where the names of the temperature zones (the 

temperature intervals) were replaced by codes 1 through 8 as shown in Table 12.  

Table 12: Conversion table of Annual average temperature zones to codes 

Temperature interval Code 

< 4 °C 1 

4 - 5 °C 2 

5 - 6 °C 3 

6 - 7 °C 4 

7 - 8 °C 5 
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Temperature interval Code 

8 - 9 °C 6 

9 - 10 °C 7 

> 10 °C 8 

4.2.1.3 Commentary on additional variables 

Since the decision tree regression can process mutually dependent explanatory variables, there was no 

restriction to add more variables from the same group if it was easy to do or if influence to modal split 

was expected. 

Share of inhabitants aged 15-64 (x120) – variable simply taken from the source completing the range 

of age groups in the data set of explanatory variables 

Employee education explanatory variables x210, x230, x240 and x250 – variables simply taken from 

the source completing the range of employee education groups in the data set of explanatory variables 

Share of employees without high school diploma (x220) and Share of employees with high school 

diploma or higher (x270) – variables simply calculated from the source data. The reason for adding 

these aggregated variables is to research, whether the high school diploma is the breaking point, 

which has the influence to the local travel behaviour 

Municipality organizing Mass City Transport (x600) – variable generated because it is expected to 

have positive association with the use of the transport mode Mass city transport 

Mountainousness of municipality variables x810 and x820 – variables generated because these are 

expected to have negative association with the use of the transport mode Bike 

4.2.1.4 Commentary on omitted variables 

Some of the explanatory variables included in the review were not included in the final set of 

explanatory variables, typically due to absence of relevant data, eventually due to redundancy. 

Gross domestic product per capita and/or Volume index of industrial output – such data are not 

available on the municipal level 

Average income of inhabitant/voter, Average wage and Number of inhabitants with an income 

above average – data not available on the municipal level 

Tax base of a median voter – the median voter is not defined in the Czech statistics system 
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Tax base of self-employed inhabitants – data not available on the municipal level 

Annual average number of working people – data not available on the municipal level 

Ratio of number of job vacancies to number of economically active inhabitants – data not available 

on the municipal level 

Share of independent farmers per 1 000 inhabitants – data not available on the municipal level 

Educational index – this variable was assessed redundant since the variable Average length of the 

education attendance of employees (x280) is based on similar, but more detailed data inputs 

Altitude of centre of settlement – similar variable Mean altitude of municipality (x800) was prioritized 

over this one due to much easier generation 

Mean slope – data not publicly available 

Variables on accessibility to transport hubs and networks – only the locations of train stops and 

stations were available 

Presence of congestion – data not publicly available 

Price of monthly ticket for the public transport – this variable makes sense for travelling inside of a 

city or area, where a traveller can freely move for the one price paid on a time basis. The local 

intermunicipal commute is not the case as the price vary according to the travelled distance 

Annual average number of rainy days – similar variable Annual average precipitation (x905) was 

prioritized over this one due to available data 

4.2.2 Variables related to connections of municipalities 

Each O-D pair of two municipalities can be (and mostly is) connected by multiple transport 

connections. It is because multiple transport modes can be used for journeys in one O-D pair. Different 

modes then use various routes and timeslots, which further diversifies the set of options how to move 

in time and space between the municipalities of origin and destination. Different criteria were used for 

distinguishing the connections made by public transport and individual transport modes. 

The connections using the single public transport modes Bus, Train and MCT were distinguished 

based on the used transport mode and timeslot. The municipalities of origin and destination are 

assumed to be connected daily by multiple connections of each mode. To find the frequency of 

connections by each single public transport mode, following conditions apply: 
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 the frequency of the public transport connections is represented by a number of connections 

per day, which is given by the number of unique arrivals to the municipality of destination 

found in the publicly available timetables; 

 in the case of multiple connections arriving at the same time, only the connection with the 

shortest travel time was counted; 

 in the rare case, when one connection (C1) departs after the other (C2) but is faster and 

manages to arrive before the C2, then only the connection C1 is counted; 

 both direct connections and connections requiring transfer were counted if the above 

conditions were fulfilled. 

The connections using the combined public transport modes PTplus and PTcom were not 

distinguished in any way, because the transfer points between the modes and the order in which the 

modes were used, were not recorded by the national population census. Thus, it is not possible to 

deduce, for which part of the journey, the public transport was used, which makes it impossible to find 

any further details about the connections in the timetables or the maps. 

The connections made by the individual transport modes (Driver, CarPass, Bike, Walk) were 

distinguished based only on the used transport mode. There is no point of further distinguishing them 

based on the timeslots as there are no given timeslot nor timetables for the individual transport. The 

times of departure and arrival were not recorded by the national population census. Nor were 

recorded the details about the used routes. Thus, an assumption on the most likely route was made 

for each individual transport mode based on the publicly available maps. Within the above provided 

framework, the connections made by private transport within one O-D pair were defined as follows: 

 Driver – the municipalities of origin and destination are assumed to be connected by one 

Driver type connection, which is routed on the shortest road connection of the two 

municipalities; 

 CarPass – only one CarPass type connection analogical to Driver type connection; 

 Bike – the municipalities of origin and destination are assumed to be connected by one Bike 

type connection, the bike connection is assumed to be routed on the shortest road connection 

of the two municipalities if no cycle path is available between them or on the available cycle 

paths, if the routing via cycle paths does not significantly prolong the travelled distance; 

 Walk – only one Walk type connection analogic to Bike type connection, only employing 

pedestrian paths and combined pedestrian and cycling paths, if possible. 

All the journeys are taken using one of the possible connections between the municipalities of origin 

and destination. The connections are then a framework or an envelope for the journeys taken by the 
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respective transport modes within specified timeslots. Therefore, the journey characteristic indicators 

reviewed in chapter 2.1.3. describing the journeys can be also used for describing the characteristics of 

the connections. Therefore, the explanatory variables related to connections between municipalities 

will be based on the journey characteristic indicators such as travel distance, travel time and weather 

conditions. 

However, some of the spatial indicators will be used as the connection-related explanatory variables, 

typically the availability and proximity of private transport networks, the availability and proximity of 

public transport hubs, and frequency of the public transport connections. The private transport 

networks are primarily the public roads, cycle paths and pedestrian paths, eventually the combined 

pedestrian and cycling paths. 

Most of the characteristics related to the connections between the municipalities must have been 

manually extracted from the publicly available sources one by one. Due to such enormous data 

collection burden, the characteristics were collected only for a limited sample of O-D pairs. The 

sample includes the O-D pairs related to an administrative district of one municipality with extended 

powers (MEP), which is reported as a natural centre of daily commute catchment area. Only O-D pairs 

having either origin or destination in the administrative district were included into the sample along 

with the ones having there both origin and destination. 

The selected administrative district of MEP is Šternberk in the Olomouc region. The reasons for 

choosing Šternberk are as follows: 

 the administrative district includes both flat land (Upper Moravian valley) and mountainous 

terrain (Low Jeseník Mountains); 

 the administrative district includes areas with both high and low population density; 

 sufficient number of independent municipalities within the administrative district – 21 

municipalities with all together 23 288 inhabitants (by the time of population census 2011); 

 the capital of the administrative district – the Town of Šternberk – is a mid-size MEP with 

13 574 inhabitants (2011); 

 each of the two regional railway lines passing through the administrative district has a 

significantly different daily frequency of trains; 

 the author can rely on an excellent knowledge of the local environment. 

The final list of all connection-related explanatory variables used in the connection-related models of 

modal split dependency can be seen in Table 13. The list contains 33 explanatory variables. The table 

distinguishes different demands on data pre-processing and availability, already described in chapter 

4.2.1 on municipality-related explanatory variables. Specific details on data generation and calculation 
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are described in chapters 4.2.2.1 and 4.2.2.2. Regarding the data availability, some data sources were 

available only upon request, some even had to be officially purchased, but the majority of the data are 

available online, unfortunately not in machine-readable format. 

The green colouring marks the variables, which were added to the set of explanatory variables in 

comparison to the Table 1 in chapter 3.7.1. The variables, which were omitted in comparison to the 

Table 1 are obviously not recorded in  Table 13, but will be commented in chapter 4.2.2.3.  

Table 13: List of all connection-related explanatory variables used in the connection-related models (C) 

Code Group Explanatory variable Preparation Available Source tag 

x10 transport Distance to Bus stop generated online MAPY_01 

x11 transport Distance from Bus stop generated online MAPY_01 

x12 transport Total distance to and from Bus stops calculated online MAPY_01 

x13 transport Number of connections by Bus generated online IDOS_02 

x20 transport Distance to Train stop or station generated online MAPY_01 

x21 transport Distance from Train stop or station generated online MAPY_01 

x22 transport 
Total distance to and from Train 
stops or stations 

calculated online MAPY_01 

x23 transport Number of connections by Train generated online VYKA_03 

x31 transport Distance by I. class road generated online MAPY_01 

x32 transport Distance by II. or III. class road generated online MAPY_01 

x34 transport 
Proportion of distance by I. class 
road 

calculated online MAPY_01 

x40 transport Shortcut / prolonging by Bike calculated online MAPY_01 

x41 transport 
Shortcut / prolonging by Bike 
relative  

calculated online MAPY_01 

x42 transport Distance by rural cycle path generated online MAPY_01 

x43 transport Distance by rural cycle path relative calculated online MAPY_01 

x44 transport Total elevation of Bike route generated online MAPY_01 

x45 transport Total elevation of Bike route relative calculated online MAPY_01 

x60 travel distance Air distance generated online MAPY_01 

x61 travel distance Total distance by roads generated online MAPY_01 

x62 travel distance Total distance by Bike generated online MAPY_01 

x63 travel distance Level of neighbouring generated online MAPY_01 

x70 travel time Travel time by Bus calculated request CSO_11 

x71 travel time Travel time by Train calculated request CSO_11 

x73 travel time Travel time by Driver calculated request CSO_11 

x74 travel time Travel time by CarPass calculated request CSO_11 

x76 travel time Travel time by Bike calculated request CSO_11 

x80 travel time Travel time share of Bus calculated request CSO_11 

x81 travel time Travel time share of Train calculated request CSO_11 

x83 travel time Travel time share of Driver calculated request CSO_11 

x84 travel time Travel time share of CarPass calculated request CSO_11 

x86 travel time Travel time share of Bike calculated request CSO_11 

x90 climate 
Averaged annual average 
precipitation 

calculated purchase CHMI_12 
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Code Group Explanatory variable Preparation Available Source tag 

x91 climate 
Averaged annual average 
temperature 

calculated purchase CHMI_13 

The last column of the Table 13 consist Source tags, which are the key for finding more information 

about the data sources of explanatory variables in the table below. The Table 14 provides the 

information about the organisation providing the data, name of the data source (data file) and if 

possible, also the URL for downloading the data [accessed: 15. 06. 2020]. For the data available only 

upon a request, at least a preview of the source is provided. The names of the data sources and their 

headings were kept in the original language (Czech) to ease their search and possible communication 

with the data providers for those interested in obtaining the same sources. 

Table 14: List of all data sources for the connection-related explanatory variables supplementing the Table 13 

Source tag Heading Source details 

MAPY_01 

Name of provider Seznam.cz, a.s. 

Source name mapy.cz 

URL https://mapy.cz 

IDOS_02 

Name of provider CHAPS s.r.o. 

Source name idos.cz 

URL https://idos.idnes.cz 

VYKA_03 

Name of provider Miroslav Vyka 

Source name Železniční jízdní řád 2010/2011 

URL http://www.jizdni-rady.nanadrazi.cz/ 

CSO_11 

Name of provider Czech Statistical Office 

Source name vyj_doj_mimoobecni_denni_vystup.xlsx 

Preview see Figure 8 on page 65 

CHMI_12 

Name of provider Czech Hydrometeorological Institute 

Source name SRA_shape.shp 

URL/Preview not available 

CHMI_13 

Name of provider Czech Hydrometeorological Institute 

Source name T_shape.shp 

URL/Preview not available 

The correlation matrix of connection-related explanatory variables can be seen in annex [B], their box 

and whisker plots then in annex [C]. 
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4.2.2.1 Commentary on generated variables 

This chapter describes how the selected explanatory variables were generated. Further notes are 

added if needed. The explanatory variables are described in a logical order, not in order of appearance 

in Table 13. 

Distance to Bus stop (x10) and Distance to Train stop or station (x20) – These 2 explanatory variables 

were both generated the same way using the Planning tool at the map portal ‘mapy.cz’, which can 

provide distance measurements of routes on transport infrastructure. As a Start point was entered the 

name of the municipality of origin. As an End point was entered the location of the stop or station 

selected in the map. The transport mode was selected ‘By foot’ and its setting to ‘Short’. The result 

was the shortest walking distance from the centre of municipality of origin to the respective stop or 

station. The centre of the municipality is predefined by the portal. The distance was mostly measured 

to stop or station closest to the centre of municipality. Exceptionally, the stop or station providing 

higher frequency of public transport connections was selected, if it did not cause a significant 

prolonging of the walking distance. 

Distance from Bus stop (x11) and Distance from Train stop or station (x21) – These 2 explanatory 

variables were both generated analogically to the previous two, only with an opposite selection of 

Start and End points in the Planning tool. 

Number of connections by Bus (x13) – Number of connections was counted using ‘Bus’ timetables at 

the public transport timetables portal ‘idos.cz’. In idos.cz, it is not possible to ask questions on public 

transport connection regarding the past, thus it was not possible to ask for the connections available 

at the time of the national population census (March 2011). A search for an archive timetables for all 

Bus connection in the area was not successful either (unlike the Train timetables). Thus, present Bus 

connection were searched in idos.cz, neglecting the changes that could happen to Bus services 

between 2011 and 2020. The search in idos.cz was done in February 2020, thus in similar season as the 

last national population census. Luckily, it was done before the state of emergency was declared in 

Czechia in mid-March 2020 due to COVID-19, which has affected the public transport services. 

Number of connections by Train (x23) – Number of connections was counted using archive versions of 

Train timetables 2010-2011, which were valid at the time of the last national population census. 

Distance by I. class road (x31) and Distance by II. or III. class road (x32) – These 2 explanatory 

variables were both generated the same way using the Planning tool at the map portal ‘mapy.cz’. As a 

Start point was selected the point, where the car route entered the I., II. or III. class road and the End 

point was the point, where the car route left the road of the respective class. The transport mode was 
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selected ‘By car’ and its setting to ‘Short’. Distances by II. and III. class roads were aggregated. This is 

because the II. and III. class roads are owned and managed by the self-governing regions, while the 

I. class roads by the national government (Road and motorway directorate of the Czech Republic). 

Moreover, distinguishing the II. and III. class roads would disaggregate those variables too much. 

Air distance (x60) – This explanatory variable was generated using the Planning tool at the map portal 

‘mapy.cz’. As a Start point was entered the municipality of origin. As an End point was entered the 

municipality of destination. The Planning tool then pointed out the centres of both municipalities used 

in the mapy.cz geographical information system. The air distance between these two points was then 

measured using the tool ‘Distance and Area measurement’. 

Total distance by roads (x61) – This explanatory variable was generated using the Planning tool at the 

map portal ‘mapy.cz’. As a Start point was entered the municipality of origin. As an End point was 

entered the municipality of destination. The transport mode was selected ‘By car’ and its setting to 

‘Short’. The result was the shortest by road distance from the centre of municipality of origin to the 

centre of municipality of destination. 

Note: The real-world journeys of the commuters are of course not always only between the centres of 

the municipalities, but between different places within them. However, the exact routes or specific 

point of origin and destinations of the journeys were not provided, due to personal data protection, as 

these could be the home or work addresses of the citizens. Thus, the assumed origin and destination 

points in the centres of municipalities represent pseudo average location of these points within the 

urban areas of the municipalities. The possible bias caused by this assumption is partially limited by 

smaller size of municipalities in the research of local commute, from which the large towns and cities 

were removed. 

Total distance by Bike (x62) – This explanatory variable was generated using the Planning tool at the 

map portal ‘mapy.cz’. As a Start point was entered the municipality of origin. As an End point was 

entered the municipality of destination. The transport mode was selected ‘By bike’. Both settings 

‘MTB’ (Mountain bike) and ‘Road bike’ were tried out, to find out which is resulting in a shorter 

distance and this, was then recorded. The Bike route was further manually adjusted if needed to use 

cycle paths, if such use did not cause significant prolonging of the travelled distance. The result was 

the shortest distance from the centre of municipality of origin to the centre of municipality of 

destination ridable by Bike with a preferences of cycle path use. 

Total elevation of Bike route (x44) – During gathering of the variable ‘Total distance by Bike’, the 

altitude profile of the route was displayed in the feature of the same name, provided as a part of the 
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Planning tool at the map portal ‘mapy.cz’. In addition to the profile itself, the feature also displays two 

values for total accent and total descent of the route. These two values were added to obtain the Total 

elevation of Bike route. 

Distance by rural cycle path (x42) – The distance travelled by rural cycle path within the Bike route 

was measured using the Planning tool at the map portal ‘mapy.cz’. As the Start/End point were 

entered the points in a map, where the cycle path in rural area starts or where the character of the 

cycle path changes from urban to rural. Only those cycle paths were measured, whose entire rural 

section between any two municipalities were completed before the time of national population census 

(March 2011). The reasons for measuring only the rural sections of the cycle paths were as follows: 

 The average speed difference of Bike traffic and automobile traffic is much higher on the rural 

roads with speed limit of 90 km/h than in the case of the urban roads with speed limit of 50 

km/h, considering the standard speed limits of Czechia. A higher speed difference is expected 

to be associated with a higher road safety risk to the cyclists. 

 There is generally only one cycle path between two municipalities in the O-D pair and its rural 

part is thus the only (unavoidable) part of the Bike route between the two municipalities, 

which the cyclists most likely use. On the other hand, within the urban areas of the 

municipalities, the travellers can take more routes to get from their point of origin to the 

beginning of the rural cycle path. Thus, their route within the urban area is uncertain. 

Level of neighbouring (x63) – This variable describes how close neighbours are the two municipalities 

in the O-D pair. The idea behind this variable is based on the hypothesis that not only the increasing 

distance of the municipalities could have influence to the modal split, but also the increasing number 

of transport obstacles or complications on the way between them. Example of such complication could 

be another municipalities or settlements and busy roads in them. The number of such complications 

on the way would then increase with the increasing number of settlements on the way. This might be 

especially influential in the case of the active travel modes (Bike, Walk) used for school commute. The 

parents might rather let their children ride a bike to 5 km distant neighbouring municipality located 

across the field from the municipality of origin, than to 3 km distant municipality, to which the road is 

passing through another settlement, where a busy road needs to be crossed. 

However, there is no clear-cut solution how to assess the level of neighbouring of municipalities. The 

reason for that is given by the complicated governmental structure of Czechia. The shapes of the areas 

representing the municipality limits are commonly far from the perfect hexagons, which would allow 

to assess the neighbouring easily like in the honeycomb structure. On the contrary, the shapes can be 

as complicated as a shape of an area of the Town of Šternberk, which can be seen in Figure 18.  
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Figure 18: Presentation of the complicated municipal structure on the example of the Town of Šternberk, picture 

on the left is taken from the map portal mapy.cz, picture on the right is from CSO (2016) 

Moreover, not all the settlements or villages are an independent self-governing municipality. The 

Figure 19 is showing that the complicated shape of the administrative area of the Town of Šternberk 

includes another six settlements in the surroundings of the actual town. From the practical point, the 

settlements, which are geographically neighbouring the core urban area of the Town of Šternberk are 

not always an administrative neighbour and vice versa. Thus, it is clear that sharing the border does 

not make two municipalities close neighbours and the level of neighbouring cannot be assessed based 

on sharing the municipal border. 
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Figure 19: Local settlements Těšíkov, Krakořice, Dolní Žleb, Horní Žleb, Chabičov and Dalov, which are not 

independent municipalities but a part of the Town of Šternberk, source: mapy.cz 

In the end, the level of neighbouring of municipalities was generated based on the number of 

settlements on the route from one municipality to another. At first, the route from municipality of 

origin to municipality of destination was generated using the Planning tool at the map portal 

‘mapy.cz’. The generated route was then studied in the map and each settlement on the route was 

counted regardless of its status (no matter if it was an independent municipality or not). If no 

settlement was on the route, the level of neighbouring was 0. One settlement on the route means 

level of neighbouring equal 1, two settlements means level 2 and three or more counted settlements 

results in level of neighbouring equal 3. Thus, the level of neighbouring is one of the few discrete 

explanatory variables with only four possible values 0, 1, 2 and 3. 

4.2.2.2 Commentary on calculated variables 

This chapter names the inputs to the calculation and describes how the selected explanatory variables 

were calculated. Further notes are added if needed. 

Total distance to and from Bus stops (x12) – The Distance to Bus stop (x10) plus the Distance from Bus 

stop (x11). 

Total distance to and from Train stops or stations (x22) – The Distance to Train stop or station (x20) 

the plus Distance from Train stop or station (x21). 
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Proportion of distance by I. class road (x34) – The Distance by I. class road (x31) divided by the Total 

distance by roads (x61). 

Shortcut / prolonging by Bike (x40) – The Total distance by roads (x61) minus the Total distance by 

Bike (x62). 

Shortcut / prolonging by Bike relative (x41) – The Shortcut / prolonging by Bike (x40) divided by the 

Total distance by roads (x61). The Shortcut / prolonging by Bike is then relative to the Total distance by 

roads, which is a benchmark for realistic mutual distance of municipalities. 

Distance by rural cycle path relative (x43) – The Distance by rural cycle path (x42) divided by the ‘Total 

rural length of the Bike route’. The total rural length of the Bike route was measured using the 

Planning tool at the map portal ‘mapy.cz’. The total rural length of the Bike route could have been 

composed of multiple sections going through rural areas (outside of urban areas). As the Start/End 

points were entered the points in map representing the change from urban to rural environment and 

vice versa. The total rural length of the Bike route was measured only for the O-D pairs with non-zero 

value of the variable Distance by rural cycle path (x42), thus it is not available for all O-D pair and it is 

not used as an explanatory variable on its own. 

Total elevation of Bike route relative (x45) – The Total elevation of Bike route (x44) divided by the 

Total distance by Bike (x62). The Total elevation of Bike route is then relative to the Total distance by 

Bike. 

Travel time by Bus (x70) – The Travel time in minutes averaged over all journeys taken by Bus on the 

respective O-D pair, see chapters 4.1.4 and 4.1.5 for more details. The explanatory variables x71, x73, 

x74 and x76 were calculated analogically. 

Travel time share of Bus (x80) – The ‘Travel time share’ of transport mode is a newly introduced 

explanatory variable. The idea behind it is to make an analogy to the modal share. The Travel time 

share (TTS) is calculated according to one of the three following simple formulas. Boundary conditions 

deciding on which formula to use are based on a number of transport modes used (𝑛) within the O-D 

pair and if the mode in question was used within the O-D pair – if it has any average travel time. 

 𝑇𝑇𝑆𝑖 = 1 −
𝐴𝑇𝑇𝑖
𝑆𝐴𝑇𝑇

, 𝑓𝑜𝑟 𝑛 > 1 𝑎𝑛𝑑 𝐴𝑇𝑇𝑖  > 0 (20) 

 𝑇𝑇𝑆𝑖 = 1, 𝑓𝑜𝑟 𝑛 = 1 (21) 

 𝑇𝑇𝑆𝑖 = 0, 𝑓𝑜𝑟 𝐴𝑇𝑇𝑖 = 0 (22) 
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where: 

𝑇𝑇𝑆𝑖 =  travel time share of transport mode 𝑖 within the O-D pair; 𝑇𝑇𝑆𝑖 ∈  〈0; 1〉; 𝑖 ∈  〈1; 𝑛〉 

𝐴𝑇𝑇𝑖 =  average travel time of transport mode 𝑖 (an arithmetic mean of travel times on all journeys 

within the O-D pair, which were taken using the transport mode 𝑖) 

𝑆𝐴𝑇𝑇 =  sum of average travel times of all transport modes used within the O-D pair 

𝑛 =  number of transport modes used within the O-D pair 

 𝑆𝐴𝑇𝑇 =∑𝐴𝑇𝑇𝑖

𝑛

1

 (23) 

Higher is the travel time share of a transport mode the better for the transport mode. The transport 

mode can achieve higher values of travel time share either by having shorter average travel time 

(𝐴𝑇𝑇) than the competitors within the O-D pair or by having more of competing transport modes 

there, which will together contribute to larger sum of average travel times (𝑆𝐴𝑇𝑇). The travel time 

share should represent how competitive is the average travel time of the transport mode in 

comparison with average travel times of the other modes within the same O-D pair. The higher is the 

travel time share of a transport mode the higher is the competitiveness of its average travel time. 

The ‘trouble’ comes with the O-D pairs where only one transport mode was used. If using the formula 

(20) for calculation of the travel time share of the only transport mode used on the O-D pair, the result 

would be equal 0. This is in direct conflict with the stipulated definition that the higher the travel time 

share of a transport mode the better. The only transport mode used within the O-D pair (a singular 

transport mode) can be perceived as so competitive, it has beaten all the other transport modes and 

won a monopoly on transport services within the O-D pair. The singular transport mode should have 

the maximum travel time share, which is 1. That is assured by using the formula (21). It is important to 

note that the travel time share can be calculated only for modes with any average travel time. Modes 

without any travel time have travel time share equal 0 according to formula (22). In the end, the 

calculated travel time share values must be normalised to 1 in each O-D pair based on the number of 

modes used within the respective O-D pair. 

The explanatory variables x81, x83, x84 and x86 were calculated analogically. 

Averaged annual average precipitation (x90) – This variable is calculated as an average of the Annual 

average precipitation (x905) related to the municipality of origin and the Annual average precipitation 

(x905) related to the municipality of destination. It is then the average of two annual average 

precipitation values. Since the administrative district of MEP Šternberk includes both lowlands and 
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mountains, the precipitation in the origin and destination can vary even by 4 zones out of 10, see 

chapter 4.2.1.2 for more details. 

Averaged annual average temperature (x91) – This variable is calculated analogically to the previous 

one. The temperature in the origin and destination can vary even by 3 zones out of 8. 

4.2.2.3 Commentary on omitted variables 

Some explanatory variables included in the review were not included in the final set of explanatory 

variables, typically because the necessary details were not collected during the national population 

census, eventually due to redundancy. 

Travel cost – the travel cost is highly interrelated with the travel distance, which is much easier to 

gather, thus the travel distance was prioritised over the travel cost 

Departure time – this information was not collected during the national population census 

Trip chaining – this information was not collected during the national population census 

Information – no records about information available to travellers before and during their commute 

were collected during the national population census 

Interchange – this information was not collected during the national population census 

4.3 Modal split dependency modelling 

Three types of models were employed in the research. The first two are municipality-related and the 

third one is related to connections between the municipalities. The type A model is modelling the 

dependency of the transport mode shares on the explanatory variables related to the municipality of 

origin – the starting point A of the commuting journey in the O-D pair. The input data sets prepared for 

the type A models have the structure illustrated in Table 15. Analogically, the type B model is 

modelling the dependency of the modal shares on the characteristics of the municipality of destination 

– the end point B of the commuting journeys in the O-D pair. The type B model input data structure is 

illustrated in Table 16. Finally yet importantly, the type C model is modelling the dependency of the 

modal shares on the characteristics of the connections between the municipalities of the O-D pair. The 

type C model input data structure is illustrated in Table 17.  

Table 15: Structure of the input data for the type A model 

Municipality Municipality Up to 39 explanatory variables Share of transport mode 𝒊 

A (origin) B (destination) X data relevant to municipality A Y data of the O-D pair A→B 
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Table 16: Structure of the input data for the type B model 

Municipality Municipality Up to 39 explanatory variables Share of transport mode 𝒊 

A (origin) B (destination) X data relevant to municipality B Y data of the O-D pair A→B 

Table 17: Structure of the input data for the type C model 

Municipality Municipality Up to 33 explanatory variables Share of transport mode 𝒊 

A (origin) B (destination) 
X data relevant to connections (C) 

between municipalities A and B 
Y data of the O-D pair A→B 

The dependency of modal share of each transport mode was modelled independently. The transport 

mode ‘Rest’ aggregating the journeys taken by negligible modes was not modelled. Thus, each version 

of the model was used 9 times for the remaining 9 aggregated transport modes. Such 9 models are 

comprising a basic set of models, which are further evaluated together. 

About the number of models to be done. Each set of consist of 9 models. The basic 3 types of models 

are the above described A, B and C. That would make 27 models. However, each of those types can be 

modelled using either filtered data set of O-D pairs or nonfiltered data set, thus increasing the number 

of required models to 54. Modelling independently the school and work commute will than again 

double the number of models to 108. Comparing the data sets of school and work commute, the work 

commute data set of O-D pairs is the larger one, thus more demanding for computing resources. 

Moreover, the nonfiltered data set is much larger and further increases the computation time. Also, 

the full set of explanatory variables is increasing the computational complexity of the model. 

Thus, it was decided to rationalise the number of models to be done as well as data inputted. The 

nonfiltered data set of O-D pairs will be modelled only by using the linear regression models, which are 

less demanding in terms of the resources. The assumption is that the models made of nonfiltered data 

set will result in dependencies with weaker strength. In the case this assumption is verified, the 

nonfiltered data set will not be used any further. 

The type B model has its own logic of selection of municipality-related explanatory variables into the 

model. It is based on the assumption that if a traveller from the municipality of origin (municipality A) 

decides on a modal choice for his/her travel to municipality of destination (municipality B), the age or 

education characteristics of the municipality B does not play any role in his/her decision-making 

process whatsoever. Thus, it is possible to avoid using the age and education relevant explanatory 

variables from the data set. 

The modelling will start with the less demanding school commute so the proposed rationalisation 

methodology can be verified on a set of models taking less time to compute. 
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4.3.1 Decision tree modelling 

The dependency of the modal split (the explained variable) on the explanatory variables was 

researched using decision tree models, theoretically described in chapter 2.2.1. The decision tree 

model provides a value of importance of each explanatory variable involved in explaining the 

dependency of modal split. 

The models used in this research were built using the Python programming language. The modelling 

script is a self-customized version of a script provided by the scikit-learn community, described in work 

of Pedregosa et al. (2011), based on optimised version of the CART algorithm. The customizations were 

mainly related to import of input data, simulation of pruning methods, implementation of grid search 

function and exports of model outputs. The preview of the used script is in the annex [F]. Scikit-learn is 

an open source machine-learning library in Python. It is developed by a world-wide community, 

including experts on statistics, algorithms and software production. The quality of scikit-learn, its 

algorithms and documentation are universally acclaimed. The scikit-learn package is an example of 

object-oriented programming. Scikit-learn gives an opportunity to use its pre-developed and tested 

functions (objects), which execute series of commands performing the mathematical operations, for 

example the ones described in the theoretical chapter on Decision tree regression. 

To be uploaded to the decision tree script in Python, the input data were saved as .csv file format. The 

first key task of the script is to split the uploaded data into the test set and training set of data. This 

split was done randomly in ratio 80 % training data and 20 % test data. No data were set aside for the 

validation data set, because the script includes cross-validation function, executing the multiple fold 

validation of the model on training data. To allow for repeatability of the modelling computation, the 

data split is set to have a constant random seed. 

The function ‘DecisionTreeRegressor’ is responsible for the calculation of the decision tree model, 

having various parameters controlling the calculation. The full list of the parameters of this function 

and their default values can be seen in its documentation (DecisionTreeRegressor). The only three 

parameters which were actively set differently from the default values were the following: 

max_depth – The maximum depth of the tree. Default = None. If None, then nodes are expanded until 

all leaves are pure or until all leaves contain less than min_samples_split samples.  

min_samples_leaf – The minimum number of samples required to be at a leaf node. Default = 1  

Both left and right child nudes must contain min_samples_leaf training samples after splitting. 

min_samples_split – The minimum number of samples required to split an internal node. Default = 2 



109 

Setting these three parameters to values different from the default settings was used for pruning the 

resulting decision tree, described further. However, for the initial run of the script, the parameters of 

the ‘DecisionTreeRegressor’ function were set to pseudo default settings to model a complex decision 

tree as a benchmark. The used pseudo default settings were as follows:  

 max_depth – pseudo default value = 6 

 min_samples_leaf – pseudo default value = default value = 1 

 min_samples_split – pseudo default value = default value = 2 

The reason for setting the pseudo default value of max_depth to 6 differently from the default value 

is that the decision trees of a higher depth were growing into a size so large, that the exported pictures 

of these trees were no longer readable at a given resolution of the pictures, thus impossible to 

interpret. Moreover, the practical experience has shown, the pruned decision trees rarely had the 

depth of more than 4. 

The Figure 20 shows the difference between un unpruned tree on the left, which is a result of a 

decision tree model with pseudo-default setting parameters versus a pruned tree on the right, from 

the same model after setting the limits on parameters for effective pruning. The examples of decision 

tree diagrams below are coming from the type A model of dependency of the transport mode Bike 

calculated from the nonfiltered school commute data, further abbreviated as A-School-Nonfiltered. 

  

Figure 20: Example of graphs of unpruned tree on the left and pruned tree on the right, both taken from the  

A-School-Filtered decision tree model of the transport mode Bike 

Description of the information in the decision tree diagram: 

 Each node is numbered. The root node has number #0. 

 The decision nodes include the decision rule – an inequality involving one of the explanatory 

variables and its respective threshold, which was calculated by the ‘DecisionTreeRegressor’ 

function to achieve the largest possible information gain at each decision node. For example: 

x810 ≤ 12.5 as in the pruned decision tree diagram in the Figure 20. Dependency intervals are 

then derived from the decision rule, for the case of pruned decision tree, value = 0.0174 for 

𝑥810 ∈ 〈0; 12.5〉 and value = 0.0024 for 𝑥810 ∈ (12.5;∞). 
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 Each node also contains the information about: 

o MSE (mean square error) of the data in the node, 

o number of samples (data rows, in this case the O-D pairs) in the node, 

o average value of all Y data (the modal share) among the samples in the node. 

 The nodes of the diagram are highlighted by a colour scale based on the value of the node 

(higher the value, the darker the colouring). 

On one hand, pruning the decision tree decreases its complexity, which has positive impact on its 

interpretability as well as its generalisation, which should increase its applicability on various data set 

with similar data. On the other hand, pruning the tree usually has a negative impact on the root mean 

square error of the model. 

The root mean square error (RMSE) is calculated simply as a square root of the mean square error 

(MSE) described in the theory (chapter 2.2.1). Square rooting the MSE is important to get 

characteristic of the model prediction error in scale comparable with the standard deviation (SD) of 

the input data. When creating or tuning the model, the general goal is to achieve: 

1) RMSE of the training data model to be smaller than the SD of the training input data 

2) RMSE of the training data model to be as small as possible 

3) Complexity of the decision tree to be as small as possible 

As already indicated, the above points 2) and 3) are commonly going against each other, thus optimal 

setting of model parameters is sometimes a result of an effort to find balance between those two. 

Example of SD of the training input data, RMSE of the training data model, depth of the tree and 

number of its leaves before and after pruning can be seen in Table 18 below. These outcomes are for 

the same model as the decision tree diagrams shown in Figure 20. In the example below, the RMSE 

after pruning is not as small as before, however, it is still smaller than the SD and results in significant 

reduction of the complexness of the decision tree. 

Table 18: Example of standard deviation (SD) of the training input data, root mean square error (RMSE) of the 

training data model, depth of the tree and number of its leaves before and after pruning, taken from the A-

School-Filtered model of the mode Bike 

A-Nonfiltered-School Pseudo-default Pruned 

Mode SD RMSE training Depth Leaves RMSE training Depth Leaves 

Bike 0.04130 0.03730 6 33 0.03859 1 2 

Another result of the tree pruning is decreasing the number of explanatory variables important within 

the model (used for explanation of the explained variable). This should be also obvious from the Figure 

20, where the unpruned tree is split multiple times based on various explanatory variables, while the 
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pruned tree has split only once based on the variable x810 (Mountainousness of municipality). The 

other side of the reduction of number of important explanatory variables playing role in explaining the 

modal share of a transport mode is the increasing importance of the remaining explanatory variables. 

An example of importance of explanatory variables before and after the pruning can be seen in Table 

19 below, again for the same model as in the previous examples. 

Table 19: Example of importance of the explanatory variables (Table 9 can be used for their identification) before 

and after the pruning, taken from the A-School-Filtered model of the transport mode Bike 

Default x110 x130 x210 x330 x360 x370 x410 x420 x430 x500 x720 x800 x810   Pruned x810 

Bike 0.11 0.03 0.02 0.31 0.08 0.11 0.21 0.01 0.06 0.00 0.01 0.00 0.05   Bike 1.00 

The pruning is practically done in several steps. Based on the goals 1) through 3) stipulated above, the 

first step is to find such parameter settings, which lead to local or absolute minimum of RMSE of the 

training data. Second step is to examine the impact of such settings to the complexness of a calculated 

decision tree. Third step is usually finding optimal settings, which balance the need for minimising the 

RMSE and pruning of the decision tree, while keeping in mind the goal to keep the RMSE of the 

training data to be smaller than the SD of the training input data. 

The search for parameter settings, which lead to local or absolute minimum of RMSE of the training 

data starts by plotting the course of RMSE of the training data during the validation based on series of 

max_depth, min_samples_leaf and min_samples_split parameters settings. The course of RMSE in the 

case of max_depth has usually overall increasing tendency, example can be seen in Figure 21. The 

course of RMSE in the case of min_samples_leaf and min_samples_split is usually having the same 

tendency, either increasing or decreasing. Example of such can be seen in Figure 22.  

 

Figure 21: Course of RMSE of the training data during the validation based on a series of max_depth parameters 

settings, taken from the A-School-Filtered decision tree model of the transport mode Bike 
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Figure 22: Course of RMSE of the training data during the validation based on series of min_samples_leaf (on the 

left) and min_samples_split (on the right) parameters settings, taken from the A-School-Filtered decision tree 

model of the transport mode Bike 

The local and absolute minimums of max_depth, min_samples_leaf and min_samples_split read from 

the respective graphs are then recorded as an input to the ‘GridSearchCV’ function, which re-

calculates the decision tree model with all mutual combinations of the recorded parameter settings 

and recommends the best combination to be used for the calculation of the pruned decision tree. The 

combination can be further adjusted if needed to find optimal settings, which balances the need for 

minimising the RMSE and pruning of the decision tree, as explained above. 

Once the parameter settings are optimised, final re-calculation of the model is run. Full set of outputs 

from the final re-calculation is exported and saved. Among others, RMSE of the test data model is also 

recorded in the end. Once RMSE of the test data model is recorded and put next to the RMSE of the 

training data model (both coming from a model with the same parameter settings used for pruning the 

tree) an additional verification of the difference between these two RMSE values can be made. If this 

final check proves the difference between the RMSE of training and test data models has decreased in 

the case of models using the optimal pruning parameters in comparison to models using the pseudo-

default parameters setting, one can assume the pruning has contributed to a higher generalisation of 

the model and thus a higher reliability of its outcomes. 

All values relevant to the pruning process of decision tree recorded during the modelling of each 

transport mode can be seen in Table 20 – the ‘pruning table’. This set of values is an overview of how 

the performance of the decision tree model has changes from using the pseudo-default parameter 

settings to using the optimal pruning parameter settings. 
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Table 20: Pruning table – values relevant to pruning of decision tree recorded during modelling of each transport 

mode, Diff = difference between the root mean square error (RMSE) of training and test data models 

A-Nonfiltered-
School 

Pseudo-default Pruned 

RMSE Tree RMSE Tree 

Mode SD Training Test Diff Depth Leaves Training Test Diff Depth Leaves 

Bike 0.04130 0.03730 0.05131 27% 6 33 0.03859 0.05052 24% 1 2 

The decision tree models can be remodelled using only the explanatory variables, which have any 

importance for the models or set of models. The remodelling with the reduced set of explanatory 

variables should be less computation time consuming and might result in change of values relevant to 

the pruning process as well as the importance of explanatory variables.  

4.3.2 Linear regression modelling 

The dependency of the modal split (the explained variable) on the explanatory variables was 

researched using linear regression models, theoretically described in chapter 2.2.2. The linear 

regression model provides a Pearson correlation coefficient (𝒓), which is indicating the strength of the 

linear correlation between the modal share and the explanatory variable. The Pearson correlation 

coefficient was calculated using the function ‘correl’ available in the MS Excel software. 

The correlation coefficient was calculated based on values of the transport mode share in all O-D pairs 

in the respective data set and values of the explanatory variable in the O-D pairs. Thus, the strength of 

the linear correlation given by the coefficient is always a dependency between some single transport 

mode share and some single explanatory variable and it is not influenced by the dependency of the 

modal share on the other explanatory variables. Thus the correlation cannot be affected by the mutual 

dependency of explanatory variables. 

The correlation coefficients were calculated for all combinations (all pairs) of transport mode shares 

and explanatory variables. The coefficients of one transport mode with all explanatory variables form a 

vector of correlation coefficients. Such a vector then describes the correlation of one transport mode 

share with all explanatory variables. One vector of correlation coefficients was filled for every 

transport mode. Multiple vectors for multiple transport modes can be then presented as a table. Such 

table was created for each filtered data set reflecting the model type (A, B or C) and commute purpose 

(work and school) and some nonfiltered data sets for comparison. 

The correlation coefficient can take values from -1 to 1. The distance of the value from 0 is describing 

the strength of the correlation, while the negative/positive signs are providing the information about 

the negative/positive association. When only the information about the strength of the correlation is 

required, the coefficient of determination (𝑹𝟐) can be used. The values of coefficient of determination 
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can be obtained by simple squaring all correlation coefficients in the vectors or tables of correlation 

coefficients. The coefficient of determination then takes values from 0 to 1. 

The key advantages of the coefficient of determination are: 

 its easier interpretation, when comparing different strengths of dependencies; 

 its non-negative values allowing averaging; 

 its range is from 0 to 1, which is a common range of ratio-based variables. 

The coefficient of determination allows for averaging the dependency strength in the vectors or tables 

of coefficient of determination. It is then possible to compare the performance of the various models 

(type A, B and C) between each other and also the performance of models of the same type, which are 

using different subsets of explanatory variables. 

On the other hand, neither of the two coefficients can provide a complex description of the modal 

share dependency on the explanatory variables, which would include the dependency intervals and 

decisive thresholds of the explanatory variables. To obtain those, the decision tree models were used. 

As the coefficient of determination describes the strength of dependency of the modal share on the 

explanatory variable, it is in some sense comparable with the importance of the explanatory variable, 

which is describing the contribution of each explanatory variable to information gain of the decision 

tree model of each transport mode. The calculation of the coefficient of determination and of the 

importance of the explanatory variable follows different principles, as can be seen in chapters 2.2.1 

and 2.2.2. However, they are both able to sort the explanatory variables according to their level of 

contribution to explanation of the modal share within the models. Thus, it is then possible, for 

example, to compare the set of most contributing variables based on both coefficient of determination 

and importance of the explanatory variable. To make such comparison meaningful, only linear 

regression and decision tree models using the same number of explanatory variables need to be 

compared. Moreover, each coefficient of determination should also be normalised to values between 

0 and 1 by dividing by the sum of coefficients of determination of all used explanatory variables. The 

importance of the explanatory variable is already normalised on a similar principle, as can be seen in 

formula (9). 
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[5] Findings 

This chapter will be devoted to a presentation, analysis and discussion of findings from the research 

stages with some findings. The stages are arranged in the order they have taken in the workflow. 

5.1 Reduction of origin-destination pairs 

The findings in this chapter are related to the change of modal split, travel time and average number 

of journeys within O-D pairs in the data sets before and after the reduction. During the reduction, O-D 

pairs from or to national and regional capitals as well as the O-D pairs between the municipalities with 

extended powers (MEP) were removed, leaving only the O-D pairs related to the local commute. The 

overview of the changes induced by removing the large towns and cities will indicate the differences 

between the local commute and commute to large towns and cities. 

5.1.1 Presentation of findings 

It is necessary to define the presented modal split first. It is the modal split of daily commute to work 

or school between known origins and destination, using known transport mode with known travel 

time. It is calculated from the total number of journeys in the data set, which is the same as the total 

number of commuters in the sample. No journeys taken by insignificant modes were removed from 

the data set, but they were aggregated into a residual transport mode ‘the Rest’. The modal share of 

each transport mode is then expressed as a percentage of total number of journeys. 

The comparison starts with the difference between modal split of work commute. The Table 21 is 

showing the modal split in data set, which includes both the local commute and the commute to large 

towns and cities. This data set was created from the original data set obtained from CSO by removing 

only a negligible number of incomplete records, see chapter 4.1.2. Whereas the Table 22 is presenting 

the modal split in data set, which includes only O-D pairs of local commute, see chapter 4.1.6. 

Table 21: Modal split of work commute in the data set including O-D pairs from all over the nation 

 

Table 22: Modal split of work commute in the data set including only O-D pairs of the local commute 

 

WORK nationwide Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest TOTAL

Number of journeys 127 860 37 252 36 626 466 435 74 998 76 364 18 002 52 786 9 949 26 199 926 471

Modal split 13.8% 4.0% 4.0% 50.3% 8.1% 8.2% 1.9% 5.7% 1.1% 2.8% 100.0%

WORK local Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest TOTAL

Number of journeys 88 019 14 847 8 980 279 425 48 842 39 100 15 195 9 154 6 854 17 997 528 413

Modal split 16.7% 2.8% 1.7% 52.9% 9.2% 7.4% 2.9% 1.7% 1.3% 3.4% 100.0%
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A comparison of difference between modal split of school commute follows. The Table 23 shows the 

modal split in the nationwide data set, while the Table 24 only in the local commute data set. 

Table 23: Modal split of school commute in the data set including O-D pairs from all over the nation 

 

Table 24: Modal split of school commute in the data set including only O-D pairs of the local commute 

 

Another travel behaviour phenomenon to be compared between the nationwide and the local data set 

is the travel time. It is important to note that the travel time went through two-stage averaging 

process. At first, the multiple travel time records relevant to one transport mode used within one O-D 

pair (coming from multiple commuters, i.e. census forms) were averaged to obtain a single average 

travel time by the one transport mode within each O-D pair, as described in chapter 4.1.4. In the 

second stage, the average travel times by the mode from all O-D pairs were averaged again to obtain 

the average travel time by the mode within the data set, which is presented in the tables below. 

Work commute average travel times will be compared first. The Table 25 shows the average travel 

times in the nationwide data set, while the Table 26 only in the local commute data set. 

Table 25: Average travel times by transport modes used for work commute on O-D pairs from all over the nation 

 

Table 26: Average travel times by transport modes used for work commute on O-D pairs of the local commute 

 

A comparison of difference between school commute average travel times follows. The Table 27 

shows the average travel times in the nationwide data set, the Table 28 of the local commute. 

Table 27: Average travel times by modes used for school commute on O-D pairs from all over the nation 

 

Table 28: Average travel times by transport modes used for school commute on O-D of the local commute 

 

SCHOOL nationwide Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest TOTAL

Number of journeys 122 662 25 424 28 427 9 481 27 104 24 437 910 50 604 5 773 828 295 650

Modal split 41.5% 8.6% 9.6% 3.2% 9.2% 8.3% 0.3% 17.1% 2.0% 0.3% 100.0%

SCHOOL local Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest TOTAL

Number of journeys 94 496 11 893 7 356 3 915 18 093 12 709 661 11 865 2 950 415 164 353

Modal split 57.5% 7.2% 4.5% 2.4% 11.0% 7.7% 0.4% 7.2% 1.8% 0.3% 100.0%

WORK nationwide Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest

Average travel time [min] 36.3 50.2 33.7 28.8 26.1 38.4 26.5 60.8 20.3 26.1

WORK local Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest

Average travel time [min] 32.5 42.0 31.2 25.7 22.5 31.7 24.4 52.4 21.4 22.8

SCHOOL nationwide Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest

Average travel time [min] 36.6 53.3 28.1 28.9 19.6 38.7 27.7 60.8 15.2 28.2

SCHOOL local Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest

Average travel time [min] 32.6 45.1 24.8 23.1 16.0 29.9 22.0 52.5 15.5 21.5
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5.1.2 Analysis of findings 

The change of modal split induced by the reduction of O-D pairs is presented in Table 29 (work 

commute) and Table 30 (school commute). The tables put the previously presented modal split figures 

into one place for easier recognition of the change between the nationwide and local data sets. 

Transport modes that have seen an increase in their modal share after the reduction are marked with 

a plus sign, decreasing modes with a minus sign.  

Table 29: Change of modal split of work commute between data sets of nationwide and local O-D pairs 

 

Table 30: Change of modal split of school commute between data sets of nationwide and local O-D pairs 

 

Except the transport modes Driver and Walk, basically all modes have shown the same trend of the 

change due to reduction in both work and school commute. However, the transport mode Walk has 

shown a minimum change in both of the cases, thus it can be considered rather invariant. This 

invariance is likely caused by an equal availability of this mode in all areas of Czechia. 

The transport modes Train, MCT, PTplus and PTcom have shown a decrease in their modal shares, 

after the O-D pairs to and from and from large towns and cities were removed from the data sets. That 

implies, those modes are of more importance when it comes to commute to and from the large towns 

and cities. This is in line with increasing passenger volumes in suburban trains, which are repeatedly 

reported in past years, as well with the fact the mass city transport systems are set up mainly in the 

large towns and cities. That would also imply that the combined modes PTplus and PTcom involve 

more trips made by Train and MCT (which are the modes with the decreased share) than by Bus 

(which is the mode with the increased share).  

On the contrary, the modes Bus, Driver, CarPass and Bike has shown an increase of their modal 

shares, after the O-D pairs to and from and from large towns and cities were removed. That implies 

higher importance of these modes for the local commute. This would be in line with their general 

availability, which is giving them the comparative advantage in areas uncovered by the Train or MCT 

services, which are typically the rural or remote areas of the country. 

WORK nationwide → local Bus Train MCT Driver CarPass PTplus Bike PTcom Walk

Modal split nationwide 13.8% 4.0% 4.0% 50.3% 8.1% 8.2% 1.9% 5.7% 1.1%

Modal split local 16.7% 2.8% 1.7% 52.9% 9.2% 7.4% 2.9% 1.7% 1.3%

Change of modal split + - - + + - + - +

SCHOOL nationwide → local Bus Train MCT Driver CarPass PTplus Bike PTcom Walk

Modal split nationwide 41.5% 8.6% 9.6% 3.2% 9.2% 8.3% 0.3% 17.1% 2.0%

Modal split local 57.5% 7.2% 4.5% 2.4% 11.0% 7.7% 0.4% 7.2% 1.8%

Change of modal split + - - - + - + - -
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In terms of the travel time changes, similarly to the modal split, the transport mode Walk is the 

distinct one. All transport modes have shown a decrease in the travel time but Walk. The decrease in 

the travel times of nearly all transport modes after the reduction of O-D pairs to and from the large 

towns and cities implies that the commute to and from large towns and cities takes more time. Based 

on the strong correlation of the travel time with the travel distance, the longer travel times also 

indicate larger catchment areas for commuting to large towns and cities, which is in line with the 

studies on their size, for instance the reviewed Mulíček et al. (2013) and Čekal (2006). 

Another comparable metric of the data sets before and after the reduction is the average number of 

journeys within one O-D pair. In the case of work commute, the average number of journeys within 

one O-D pair has dropped from 7.98 to 5.39 after removing the O-D pairs to and from the large towns 

and cities. In other words, the O-D pairs of the local commute are less busy, than the O-D pairs 

involving the large towns and cities, which makes perfect sense. It is confirmed by the decrease in the 

average number of journeys within one O-D pair of school commute from 7.35 to 5.85.  

It was necessary to remove the O-D pairs to and from the large towns and cities from the data sets to 

obtain the data set for local commute, which is the subject of this research. Moreover, the comparison 

of the nationwide and local commute has shown these two differ significantly and to do a research of 

one or another is a different discipline. This confirms the correctness of the decision to focus only one 

of them, i.e. the local commute. Therefore, the explanatory variables were tailored to the local 

commute and their dependency on the nationwide commute cannot and will not be researched. 

5.2 Filtration of origin-destination pairs 

This stage included removing selected O-D pairs from already reduced data set of O-D pairs related to 

the local commute. The reasoning for filtration is to reduce the distortion of the modal split in the 

data sets caused by the O-D pairs with small number of travellers, typically only one traveller. The 

100 % share of the transport mode used by the single traveller within the O-D pair is an extremely high 

value, which is on the other hand justified by extremely small number of travellers, namely only one. 

Thus, it is desirable to increase the ratio of modal shares supported by larger numbers of travellers 

within the data sets. This will increase the reliability of the overall modal split figures. 

The filtration was done using the 𝑽𝒊𝒋 filtration method, which is removing the O-D pairs of lesser 

importance from the data sets and which was assessed the best preforming in chapter 4.1.7. The 

importance of the O-D pairs was assessed based on the share the O-D pairs have on the total in- and 

out-commuting journeys from origin and to destination municipalities. The O-D pairs used by less 

commuters are then having higher probability to become classified unimportant, thus removable. 
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The findings in this chapter are related to the change of modal split, travel time and average number 

of journeys within O-D pairs in the data sets before and after the filtration. The overview of the 

changes, induced by removing the O-D pairs with smaller share (importance) on the total in- and out-

commuting flows in the municipalities of origin and destination, will indicate the differences between 

the nonfiltered and filtered data sets of O-D pairs. 

In this chapter, the designation ‘nonfiltered’ data set is used for the otherwise unaltered ‘local’ data 

sets from the previous chapter. They are compared with ‘filtered’ data sets (i.e. the outcome of 

filtration of the local data sets). The definitions of the presented modal split, travel time and average 

number of journeys within one O-D pair remain the same as in the previous chapter. 

5.2.1 Presentation of findings 

The comparison starts with the difference between modal splits of work commute. Table 31 is 

showing the modal split in the nonfiltered data set of O-D pairs, whereas Table 32 is presenting the 

modal split in the filtered data set of O-D pairs. 

Table 31: Modal split of work commute in the nonfiltered data set of O-D pairs 

 

Table 32: Modal split of work commute in the filtered data set of O-D pairs 

 

A comparison of difference between modal split of school commute follows. Table 33 shows the 

modal split in the nonfiltered data set, while Table 34 in the filtered data set. 

Table 33: Modal split of school commute in the nonfiltered data set of O-D pairs 

 

Table 34: Modal split of school commute in the filtered data set of O-D pairs 

 

 

WORK nonfiltered Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest TOTAL

Number of journeys 88 019 14 847 8 980 279 425 48 842 39 100 15 195 9 154 6 854 17 997 528 413

Modal split 16.7% 2.8% 1.7% 52.9% 9.2% 7.4% 2.9% 1.7% 1.3% 3.4% 100.0%

WORK filtered Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest TOTAL

Number of journeys 78 319 10 952 8 144 207 826 39 918 33 076 13 757 6 547 5 773 14 375 418 687

Modal split 18.7% 2.6% 1.9% 49.6% 9.5% 7.9% 3.3% 1.6% 1.4% 3.4% 100.0%

SCHOOL nonfiltered Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest TOTAL

Number of journeys 94 496 11 893 7 356 3 915 18 093 12 709 661 11 865 2 950 415 164 353

Modal split 57.5% 7.2% 4.5% 2.4% 11.0% 7.7% 0.4% 7.2% 1.8% 0.3% 100.0%

SCHOOL filtered Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest TOTAL

Number of journeys 84 946 8 491 6 797 2 729 16 274 10 769 618 7 798 2 226 330 140 978

Modal split 60.3% 6.0% 4.8% 1.9% 11.5% 7.6% 0.4% 5.5% 1.6% 0.2% 100.0%
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Next comparison will be devoted to travel times. Work commute average travel times will be 

compared first. Table 35 shows the average travel times in the nonfiltered data set, while Table 36 in 

the filtered data set. 

Table 35: Average travel times by transport modes used for work commute in the nonfiltered data set 

 

Table 36: Average travel times by transport modes used for work commute in the filtered data set 

 

A comparison of difference between school commute average travel times follows. Table 37 shows 

the average travel times in the nonfiltered data set, Table 38 in the filtered. 

Table 37: Average travel times by transport modes used for school commute in the nonfiltered data set 

 

Table 38: Average travel times by transport modes used for school commute in the filtered data set 

 

5.2.2 Analysis of findings 

The change of modal split induced by the filtration of O-D pairs is presented in Table 39 (work 

commute) and Table 40 (school commute). Transport modes that have seen an increase in their modal 

share after the filtration are marked with a plus sign, decreasing modes with a minus sign. 

Table 39: Change of modal split of work commute between nonfiltered and filtered data sets 

 

Table 40: Change of modal split of school commute between nonfiltered and filtered data sets 

 

The first thing to note about the change of modal split after the filtration is that it is much smaller 

than the change, which has occurred after the reduction, analysed in chapter 5.1.2.  

WORK nonfiltered Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest

Average travel time [min] 32.5 42.0 31.2 25.7 22.5 31.7 24.4 52.4 21.4 22.8

WORK filtered Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest

Average travel time [min] 27.9 33.4 26.0 18.5 18.5 25.6 23.0 42.1 22.7 19.1

SCHOOL nonfiltered Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest

Average travel time [min] 32.6 45.1 24.8 23.1 16.0 29.9 22.0 52.5 15.5 21.5

SCHOOL filtered Bus Train MCT Driver CarPass PTplus Bike PTcom Walk Rest

Average travel time [min] 26.6 35.0 22.2 18.7 14.4 24.1 20.9 41.1 19.2 18.4

WORK nonfiltered → filtered Bus Train MCT Driver CarPass PTplus Bike PTcom Walk

Modal split nonfiltered 16.7% 2.8% 1.7% 52.9% 9.2% 7.4% 2.9% 1.7% 1.3%

Modal split filtered 18.7% 2.6% 1.9% 49.6% 9.5% 7.9% 3.3% 1.6% 1.4%

Change of modal split + - + - + + + - +

SCHOOL nonfiltered → filtered Bus Train MCT Driver CarPass PTplus Bike PTcom Walk

Modal split nonfiltered 57.5% 7.2% 4.5% 2.4% 11.0% 7.7% 0.4% 7.2% 1.8%

Modal split filtered 60.3% 6.0% 4.8% 1.9% 11.5% 7.6% 0.4% 5.5% 1.6%

Change of modal split + - + - + - + - -
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Due to the relatively small change of modal split, it is difficult to clearly identify trends, which would 

be common to both work and school commute. In fact, no transport mode is showing large change in 

its modal share in both work and school commute. Also, because the modal shares of more transport 

modes are rather stagnating after the filtration. Therefore, only changes to the modal share, which are 

of a larger extent and with the same sign in both work and school commute will be analysed. 

The filtration is based on removal of the less important O-D pairs. An O-D pair has a lower importance 

if it is used by a small share of commuters, compared to the total number of commuters, either leaving 

the municipality of origin or entering the municipality of destination. A commuting tie of the two 

municipalities, which are connected by the O-D pair of lower importance is less important as well. The 

reason for lower importance of the commuting tie of the two municipalities can be given either by 

their greater mutual distance or by a lower mutual attractivity for their inhabitants. Both of these 

factors negatively affect the extent of public transport services offered between those municipalities, 

which could result in increasing use of some private transport. 

Based on the modal change comparison, the transport mode Driver is the one, which is having higher 

share in the data sets including unimportant O-D pairs and whose share decreases after filtering those 

out of the data sets. This is in line with the expected higher share of the private transport modes in the 

nonfiltered data sets including more O-D pairs of lower importance. 

Also the transport mode PTcom decreases after filtering out the unimportant O-D pairs. The average 

travel time by the mode PTcom is the longest in all assessed data sets. Based on a high correlation of 

the travel time and the travel distance, it can be assumed the mode PTcom is used for longer travel 

distances, which are the most affected by the filtering based on the lower importance. Of course, the 

travel time – travel distance relation of the mode PTcom could be biased by the transfer waiting time, 

which is included in the total travel time of the combined mode PTcom. 

The public transport modes are generally expected to increase in the filtered data set of more 

important (more used) O-D pairs. However, the mode Train is decreasing, which was rather 

unexpected. The reason for that could be in a low flexibility of the mode Train. Most of the railway 

network in Czechia was built before the World War I, thus over a hundred years ago. Since that time, 

the importance of some local commuting ties might have changed, however, unlike the other public 

transport modes, the Train services cannot be easily rerouted due to high cost of rebuilding its 

infrastructure. 

Modal shares of public transport modes Bus and MCT has increased after the filtration as expected. 
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The private transport modes are generally expected to decrease after filtering out the less important 

(less used) O-D pair, where public transport is not available or less competitive. However, the mode 

Bike is increasing, which was rather unexpected. The explanation could be related to the factors, 

which are influencing the use of mode Bike. The research of dependencies of modal shares of 

transport modes on explanatory variables has shown that the modal share of mode Bike is increasing 

with the increasing population size of the municipality of destination, see chapter 5.7. The O-D pair to 

municipalities with higher population are likely to be assessed as important, because such 

municipalities are more likely to be an attractive commute destination. 

In terms of the travel time changes, the recorded changes are similar to ones recorded after the 

reduction. All transport modes has shown a decrease in the travel time but Walk. The decrease in the 

travel times of nearly all transport modes after the filtration of O-D pairs of lower importance implies 

that the commute within the less important O-D pairs takes more time. That is in line with the 

assumption that the mutual distance of municipalities has a negative effect on the importance of the 

commuting tie between them and thus also importance of the relevant O-D pair. 

Another comparable metric of the data sets before and after the reduction is the average number of 

journeys within one O-D pair. In the case of work commute, the average number of journeys within 

one O-D pair has increased from 5.39 to 11.193 after removing the less important (less used) O-D 

pairs, which makes perfect sense. It is confirmed by the increase of average number of journeys within 

one O-D pair of school commute from 5.85 to 9.57. In the end, the resulting average numbers of 

journeys within one O-D pair in both data set are higher than in the original nationwide data set before 

reduction (7.98 work commute and 7.35 school commute). The increased averages allow to focus in 

the research on the most important O-D pairs. 

Another benefit of filtering out the less important O-D pairs is the decreased spread of the modal 

share data. This can be demonstrated by the box and whisker plots, comparing the structure of Bus 

modal share data related to school commute before and after the filtration, presented in Figure 23. 

The box and whisker plots for all transport modes concerning both work and school commute are 

listed in the annex [D]. Few tips to interpret the box and whisker plots follow, based on the 

explanation provided by Excel Easy (BoxAndWhisherPlot): 

 the middle line in the box represents the median (of all modal share data), 

 the ‘X’ in the box represents the mean of the data, 

 the bottom line of the box represents the 1st quartile (Q1), 

 the top line of the box represents the 3rd quartile (Q3), 

 the distance between the box bottom and top line is referred as an interquartile range (IQR), 
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 the bottom line of the whisker represents the ‘minimum’ (min value, which is not an outlier), 

 the top line of the whisker represents the ‘maximum’ (max value, which is not an outlier), 

 any dots below the bottom line of the whisker are outliers if they are below Q1 – 1.5 * IQR, 

 any dots above the top line of the whisker are outliers if they are above Q3 +1.5 * IQR.  

  

Figure 23: Comparison of the structure of data on modal share of Bus in school commute before filtration (on the 

left) and after filtration (on the right) 

The ultimate purpose of the filtration is to filter out (to remove) the O-D pairs used by a little number 

of commuters, especially the O-D pairs with only one traveller, as described in chapter 4.1.7. Such O-D 

pairs can cause a distortion of the modal split figures and ultimately even of the dependencies of the 

modal share on the explanatory variables. Thus, it is necessary to verify the overall change in the 

strength of dependencies of modal shares. This was done using the linear regression model described 

in chapter 2.2.2 and resulting tables of coefficient of determination, described in chapter 0. 

The coefficients of determination were calculated for all combination (all pairs) of transport mode 

shares and explanatory variables. The coefficients of one transport mode with all explanatory variables 

form a vector of coefficients of determination. The vectors made for all transport modes then form a 

table of coefficient of determination for the particular data set. In total 4 tables of coefficients of 

determination were produced for the type A model, as the average dependency strength in 

nonfiltered and filtered data sets was compared for both work and school commute. The full tables of 

coefficients of determination are presented in annex [E]. The tables below present the result of 

averaging of the coefficients of determination in the full tables per each transport mode as well as in 

the whole data sets. 

Table 41 allows for comparison of the average coefficients of determination in the data sets of work 

commute before and after the filtration. The average coefficients of determination of the whole data 

set are describing the average strength of the dependency of the modal share on the explanatory 
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variables in each data set. The value of average coefficients of determination of the whole data set has 

increased from 0.00077 to 0.00120 after the filtration in the case of work commute data sets. Table 42 

allows for comparison of the average coefficients of determination in the data sets of school commute 

before and after the filtration. The value has increased from 0.00270 to 0.00425 after the filtration in 

the case of school commute data sets. The tables use colour scale to emphasise the largest values of 

average coefficients of determination (green tones) and the lowest values (red tones).  

Table 41: Average coefficients of determination (R2) 

of each transport mode as well as of the whole data 

set, comparison of average R2 in nonfilter and filtered 

data sets of work commute used for type A models 

Table 42: Average coefficients of determination (R2) of 

each transport mode as well as of the whole data set, 

comparison of average R2 in nonfilter and filtered 

data sets of school commute used for type A models 

  

The average coefficients of determination of both data sets have nearly doubled, which indicates a 

remarkable increase of overall dependency strength in both data sets after the filtration. In terms of 

the individual transport modes, most of them also show the increase of overall dependency strength. 

The exceptions are the transport modes Train and PTplus in the case of school commute and PTcom in 

the case of both school and work commute. However, the decrease of mode Train is negligible. 

A negative effect of the filtration on the dependency strength of mode PTcom might be connected to 

higher share of PTcom within O-D pairs, which require longer travel distances, and which are affected 

by the filtration. 

Considering the increase of overall dependency strength is much higher than the changes to actual 

modal split figures presented before, the filtration meets the expectations. The negative effect on 

combined mode PTcom is an acceptable price for the use of filtration and increase of the overall 

dependency strength in all data sets. 

Nonfiltered Filtered

Bus 0.00152 0.00153

Train 0.00097 0.00116

MCT 0.00120 0.00355

Driver 0.00122 0.00161

CarPass 0.00043 0.00055

PTplus 0.00018 0.00034

Bike 0.00050 0.00122

PTcom 0.00073 0.00065

Walk 0.00015 0.00017

DATA SET 0.00077 0.00120

AVERAGE R
2

MODE

Work commute

Nonfiltered Filtered

Bus 0.00983 0.01510

Train 0.00339 0.00338

MCT 0.00431 0.01096

Driver 0.00026 0.00108

CarPass 0.00227 0.00304

PTplus 0.00041 0.00037

Bike 0.00011 0.00025

PTcom 0.00186 0.00161

Walk 0.00189 0.00249

DATA SET 0.00270 0.00425

AVERAGE R
2

MODE

School commute
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5.3 Type A models of school commute 

This stage included modelling dependencies of the school commute modal shares (explained variable) 

on the characteristics (explanatory variables) of the municipalities of origin (municipalities A), using 

the decision tree and the linear regression models. Any of these models can be referred as a type A 

model, because they all use the characteristics of municipalities A as the explanatory variables. 

5.3.1 Presentation of findings 

As stipulated in the methodology, the modelling started with the type A decision tree models of 

school commute using the filtered data set of O-D pairs (A-School-Filtered). In the first set of 9 models 

(version 1 or simply v1), all 39 municipality-related explanatory variables were used. The overview of 

how the performance of the decision tree models has changed from using the pseudo-default 

parameter settings to using the optimal pruning parameter settings can be seen in Table 43, i.e. in the 

so called ‘pruning table’. The pruning table also includes the percentage of decrease from the standard 

deviation (SD) to the root mean square error (RMSE) of training data model (SD→Tr). The greater is 

the decrease from SD to RMSE, the better. Positive values of SD→Tr indicate an increase of RMSE in 

comparison with SD, which is not desirable. A conditional formatting using three colour scale is applied 

to SD→Tr, and to the difference between the RMSE resulting from training and from test data models 

(Diff), to compare and highlight the performance of the decision tree models. 

Table 43: Pruning table – type A decision tree models of school commute using the filtered set of O-D pairs, 

version 1, SD = standard deviation, RMSE = root mean square error, SD→Tr = decrease from the SD to the RMSE 

of the training data model, Diff = difference between the RMSE resulting from training and from test data models, 

D = depth of the decision tree, L = number of leaves of the decision tree 

A-School-
Filtered v1 

Pseudo-default Pruned 

RMSE Tree RMSE Tree 

Mode SD SD→Tr Training Test Diff D L SD→Tr Training Test Diff D L 

Bus 0.38152 -8.7% 0.34830 0.36010 3% 6 62 -6.3% 0.35764 0.35759 0% 5 16 

Train 0.17844 -11.2% 0.15847 0.16112 2% 6 51 -7.2% 0.16554 0.15939 4% 4 11 

MCT 0.10852 -12.9% 0.09455 0.10956 14% 6 49 -5.7% 0.10229 0.10822 5% 4 8 

Driver 0.12287 -3.1% 0.11902 0.12459 4% 6 35 -0.1% 0.12271 0.12045 2% 3 5 

CarPass 0.26991 -3.9% 0.25940 0.27336 5% 6 54 -1.5% 0.26578 0.27029 2% 4 10 

PTplus 0.17018 -0.5% 0.16937 0.16708 1% 6 32 1.5% 0.17266 0.15878 8% 1 2 

Bike 0.03926 -4.9% 0.03733 0.03531 5% 6 34 4.0% 0.04084 0.03156 23% 1 2 

PTcom 0.17306 -4.8% 0.16472 0.18305 10% 6 39 -1.9% 0.16984 0.17654 4% 3 7 

Walk 0.11938 -4.5% 0.11406 0.13292 14% 6 24 -2.1% 0.11690 0.12502 6% 2 4 

As can be seen in Table 43, the pruned decision trees of transport modes PTplus and Bike are showing 

an increase in the RMSE values of pruned training data models in comparison with SD of the training 

data. For these two decision tree models, it was not possible to find any parameter settings, which 
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would effectively prune the decision tree and at the same time keep the RMSE of pruned training data 

models smaller than the SD of the training data. Thus, a decision was made to set the maximum tree 

depth of those two decision trees to 1, which also limits the number of used explanatory variables to 

1. Because of the generally poor performance of the decision tree models, it is better to obtain a single 

erroneous importance of explanatory variable than a series of unreliable dependencies. After making 

all 9 A-School-Filtered decision tree models in version 1 (using all 39 explanatory variables), an 

overview of importance of explanatory variables was made. The overview has shown that 19 

explanatory variables had no importance for any transport mode, i.e. did not contribute to information 

gain in any of the models. Those 19 variables are highlighted in red in the Table 46 and were removed 

from the set of explanatory variables used in the version 2 of A-School-Filtered decision tree models. 

The pruning table of the version 2 of the A-School-Filtered decision tree models can be seen in Table 

44. The problem with the poor performance of PTplus and Bike models prevails, so it was solved in the 

same way by pruning the maximum tree depth to 1. Out of the 20 used explanatory variables, 3 of 

them had no importance for any transport mode, after making all 9 models. Those 3 variables are 

highlighted in brown in Table 46 and were removed from the set of explanatory variables used in the 

version 3 of A-School-Filtered decision tree models. 

Table 44: Pruning table – type A decision tree models of school commute using the filtered set of O-D pairs, 

version 2, SD = standard deviation, RMSE = root mean square error, SD→Tr = decrease from the SD to the RMSE 

of the training data model, Diff = difference between the RMSE resulting from training and from test data models, 

D = depth of the decision tree, L = number of leaves of the decision tree 

A-School-
Filtered v2 

Pseudo-default Pruned 

RMSE Tree RMSE Tree 

Mode SD SD→Tr Training Test Diff D L SD→Tr Training Test Diff D L 

Bus 0.38152 -8.6% 0.34861 0.35801 3% 6 64 -6.4% 0.35708 0.35789 0% 6 19 

Train 0.17844 -10.9% 0.15896 0.15928 0% 6 52 -7.0% 0.16601 0.15961 4% 3 8 

MCT 0.10852 -13.2% 0.09422 0.10747 12% 6 53 -7.2% 0.10072 0.10682 6% 5 14 

Driver 0.12287 -3.1% 0.11911 0.12409 4% 6 42 -0.1% 0.12278 0.12041 2% 3 5 

CarPass 0.26991 -3.7% 0.25992 0.27237 5% 6 55 -1.7% 0.26533 0.26885 1% 4 10 

PTplus 0.17018 -0.1% 0.17002 0.15761 7% 6 34 1.5% 0.17266 0.15878 8% 1 2 

Bike 0.03926 -3.4% 0.03792 0.03368 11% 6 33 4.0% 0.04084 0.03156 23% 1 2 

PTcom 0.17306 -4.8% 0.16475 0.18075 9% 6 42 -2.1% 0.16951 0.17678 4% 4 10 

Walk 0.11938 -4.9% 0.11356 0.12916 12% 6 28 -2.0% 0.11704 0.12504 6% 2 3 

The pruning table of the version 3 of A-School-Filtered decision tree models can be seen in Table 45. 

The problem with the poor performance of PTplus and Bike models prevails, so it was solved in the 

same way by pruning the maximum tree depth to 1. All of the 17 used explanatory variables have 

some importance for at least one transport mode. Those 17 variables are the remaining variables 

suitable for application in linear regression models. They are stipulated in Table 46 without any colour. 
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Table 45: Pruning table – type A decision tree models of school commute using the filtered set of O-D pairs, 

version 3, SD = standard deviation, RMSE = root mean square error, SD→Tr = decrease from the SD to the RMSE 

of the training data model, Diff = difference between the RMSE resulting from training and from test data models, 

D = depth of the decision tree, L = number of leaves of the decision tree 

A-School-
Filtered v3 

Pseudo-default Pruned 

RMSE Tree RMSE Tree 

Mode SD SD→Tr Training Test Diff D L SD→Tr Training Test Diff D L 

Bus 0.38152 -8.6% 0.34856 0.35705 2% 6 64 -5.8% 0.35954 0.36091 0% 3 8 

Train 0.17844 -10.8% 0.15913 0.15930 0% 6 53 -7.0% 0.16601 0.15961 4% 3 8 

MCT 0.10852 -13.3% 0.09413 0.10727 12% 6 52 -7.2% 0.10072 0.10682 6% 5 14 

Driver 0.12287 -3.1% 0.11912 0.12409 4% 6 42 -0.1% 0.12278 0.12041 2% 3 5 

CarPass 0.26991 -3.7% 0.25980 0.27293 5% 6 55 -1.7% 0.26533 0.26885 1% 4 10 

PTplus 0.17018 -0.1% 0.17005 0.15762 7% 6 34 1.5% 0.17268 0.15866 8% 1 2 

Bike 0.03926 -3.4% 0.03792 0.03423 10% 6 33 4.0% 0.04084 0.03156 23% 1 2 

PTcom 0.17306 -4.8% 0.16480 0.18152 9% 6 42 -2.0% 0.16954 0.17681 4% 4 10 

Walk 0.11938 -4.7% 0.11383 0.13337 15% 6 27 -2.0% 0.11702 0.12499 6% 3 4 

Table 46: Table of municipality-related explanatory variables, dropped variables highlighted in red and brown 

Code Group Explanatory variable 

x100 Age structure Average age of inhabitants 

x110 Age structure Share of children aged 0-14 

x120 Age structure Share of inhabitants aged 15-64 

x130 Age structure Share of inhabitants with age 65+ 

x140 Age structure Age index (x130/x110) 

x200 Education Share of employees with elementary education 

x210 Education Share of employees with apprenticeship certificate 

x220 Education Share of employees without high school diploma 

x230 Education Share of employees with high school diploma 

x240 Education Share of employees with completed extension study 

x250 Education Share of employees with tertiary technical education 

x260 Education Share of employees with university degree 

x270 Education Share of employees with high school diploma or higher 

x280 Education Average length of the education attendance of employees 

x300 Econ. activity Unemployment rate  

x310 Econ. activity Share of economically active inhabitants 

x320 Econ. activity Share of the retired 

x330 Econ. activity Share of pupils and students 

x340 Econ. activity Ratio of economically inactive to active inhabitants 

x350 Econ. activity Ratio of self-employed to economically active inhabitants 

x360 Econ. activity Ratio of occupied jobs to economically active inhabitants 

x370 Econ. activity Ratio of inhabitants employed in key sectors (T+/PS-) 

x400 Tax revenue Share of municipal inhabitant on national tax revenue 

x410 Car ownership Car ownership 

x420 Population size Number of inhabitants 

x430 Population size Total number of workers, pupils, students and apprentices 

x500 Pop. density Gross population density 
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Code Group Explanatory variable 

x510 Pop. density Net population density  

x600 Trans. services Municipality organizing Mass City Transport 

x610 Trans. services Distance to the closest train stop or station 

x700 Real estate Average purchase price of house 

x710 Real estate Average purchase price of apartment 

x720 Real estate Average purchase price of building land 

x730 Real estate Share of unoccupied dwellings 

x800 Geomorphology Mean altitude of municipality 

x810 Geomorphology Mountainousness of municipality 

x820 Geomorphology Mountainousness of municipality relative to its area 

x905 Climate Annual average precipitation 

x915 Climate Annual average temperature 

The strength of dependency of the modal shares of transport modes on the set of 17 explanatory 

variables used in the version 3 of A-School-Filtered models is described by outputs of two models. The 

first is the importance of the explanatory variables from the decision tree model (DTR-IEV) and the 

second is the normalised coefficient of determination from the linear regression model (LR-R2N). Both 

values are presented for each ‘transport mode – explanatory variable’ pair in the Table 47. Not the 

absolute values of DTR-IEV and LR-R2N shall be compared, but the order of these from the largest to 

the smallest for both models of every transport mode. 

Table 47: Importance of the explanatory variables (DTR-IEV) and normalised coefficients of determination (LR-

R2N) in the version 3 of A-School-Filtered models (using 17 explanatory variables). Table 46 can be used for 

identification of the variables. Decision tree models of modes PTplus and Bike have poor performance and were 

pruned to maximum depth of 1, see the Table 45. Top 1 (green), Top 2 (yellow) and Top 3 (salmon) values of 

dependency strength are highlighted in each row (transport mode model). 

 

A-S-F v3 Model x110 x130 x210 x320 x330 x360 x370 x410 x420 x430 x500 x610 x710 x720 x730 x800 x810

DTR-IEV 0 0 0.09 0 0 0 0.17 0 0 0 0.03 0.72 0 0 0 0 0

LR-R2N 0.01 0.02 0.16 0.04 0.01 0.01 0.12 0 0.06 0.06 0.10 0.21 0.03 0.10 0.04 0.02 0

DTR-IEV 0 0 0.01 0 0 0.05 0 0.03 0.02 0 0 0.88 0 0 0 0 0

LR-R2N 0 0 0.04 0 0 0.01 0.03 0.10 0.01 0.01 0.04 0.62 0.02 0.02 0.08 0.03 0

DTR-IEV 0 0.09 0 0.01 0 0.08 0.36 0 0 0.05 0 0 0.29 0.02 0.09 0 0

LR-R
2
N 0.03 0.06 0.11 0.08 0 0.01 0.15 0 0.06 0.06 0.15 0.02 0.03 0.15 0.07 0.02 0

DTR-IEV 0 0 0 0 0.08 0 0 0.19 0.10 0.62 0 0 0 0 0 0 0

LR-R2N 0.02 0 0.08 0 0.02 0.04 0.02 0.04 0.24 0.24 0.13 0.01 0.02 0.10 0.02 0 0.01

DTR-IEV 0 0 0.40 0 0.03 0 0 0.28 0.14 0 0 0 0 0.15 0 0 0

LR-R
2
N 0.03 0.02 0.24 0.04 0.06 0 0.18 0.1 0.02 0.02 0.02 0.06 0.04 0.14 0 0 0.01

DTR-IEV 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0

LR-R2N 0.02 0.01 0.06 0.01 0.01 0.03 0 0.22 0.06 0.07 0.07 0.03 0.07 0.07 0.20 0.01 0.06

DTR-IEV 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

LR-R
2
N 0 0.03 0 0.03 0.02 0.03 0 0 0 0 0.02 0.25 0.06 0 0.12 0.30 0.13

DTR-IEV 0.05 0 0 0 0 0 0.05 0 0.11 0.14 0 0.48 0 0 0 0.15 0.03

LR-R2N 0 0.02 0.05 0.03 0 0.03 0.07 0.07 0.06 0.06 0.11 0.29 0.01 0.02 0.15 0.05 0.01

DTR-IEV 0 0 0 0 0.02 0 0 0 0 0 0.87 0.11 0 0 0 0 0

LR-R
2
N 0 0.01 0.08 0.02 0 0.03 0.03 0.02 0.17 0.17 0.19 0.05 0.05 0.10 0.07 0.01 0

Bike

PTcom

Walk

Bus

Train

MCT

Driver

CarPass

PTplus



129 

Top three strongest values of dependency are highlighted in each model in the table to facilitate the 

comparison between the results of decision tree and linear regression models. Only coefficients of 

determination from 17 explanatory variables presented in Table 47 were normalised for the 

comparison there. The 22 omitted explanatory variables did not have a coefficient of determination of 

any significant strength. See annex [E] for complete tables of coefficients of determination. 

The first decision tree diagram from the version 3 of A-School-Filtered decision tree models is 

presented in Figure 24. The diagram shows the dependency of transport mode Bus on 4 explanatory 

variables (x210, x370, x500 and x610) including their thresholds, which the dependency rules are 

yielding to. The strength of the dependency is recorded in the first row in Table 47. The variable x610 

has an importance of 0.72, thus it has share of 72 % on all information gain the 4 variables together 

contribute to the Bus decision tree model. 

 

Figure 24: Decision tree diagram of transport mode Bus from its A-School-Filtered model version 3 

For illustration, just the darkest terminal leaf (node #11) of the decision tree diagram with the highest 

value will be interpreted below. The value of leaf #11 is 0.7237, which means the average modal share 

of the mode Bus is 72.37 % in those 33.5 % of O-D pairs (samples), which comply with the following: 

a) The distance to the closest train stop or station from the municipality of origin (explanatory 

variable x610) is over 3437.3203 metres 

b) The ratio of inhabitants employed in key sectors (T+/PS-) in the municipality of origin 

(explanatory variable x370) is below or equal 1.1753 

c) The condition from the root of the tree (x610 over 1545.9067 m) is already fulfilled by a) 

Similarly, the other 7 terminal leaves of the decision tree diagram need to be interpreted to describe 

the full picture of the dependency of transport mode Bus on the explanatory variables. Decision tree 

diagrams of the other transport modes can be found in annex [G]. 
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There is one important note to be made regarding the average modal shares in leaves of the decision 

tree diagrams, presented as a value of the leaf. These modal shares are calculated as an average of 

modal shares in all O-D pairs. This average is not weighted by the number of travellers using the 

transport mode in each O-D pair. On the contrary, every O-D pair has the same weight in calculation of 

the average modal share and thus, it is different from the modal shares calculated from the number of 

journeys taken by the mode and the total number of journeys, presented in chapters 5.1 and 5.2. 

5.3.2 Analysis of findings 

Three versions of the A-School-Filtered decision tree models were made, each with different number 

of explanatory variables. The initial version 1 used all 39 available municipality-related explanatory 

variables; however, some of them have not reached any importance in any of the models and were 

removed in the next version. The version 2 used 20 variables; again, some were removed due to 

unimportance. The last version 3 used only 17 explanatory variables. The difference between the 

numbers of used explanatory variables is significant (especially between versions 1 and 2), unlike the 

difference between the pruning values reviewed in Table 48. In fact, the difference in pruning values of 

the versions 1 through 3 is rather negligible. The minor differences might be caused either by the fact 

the decision tree model uses stochastic calculations, or simply because the search for local and 

absolute minimums of the pruning settings is influenced by a human factor.  

Table 48: Comparison of pruning values of versions 1 through 3 of the A-School-Filtered decision tree models 

A-School-
Filtered v1 to v3 

Pruned v1 Pruned v2 Pruned v3 

RMSE RMSE RMSE 

Mode SD Training SD→Tr Diff Training SD→Tr Diff Training SD→Tr Diff 

Bus 0.38152 0.35764 -6.3% 0% 0.35708 -6.4% 0% 0.35954 -5.8% 0% 

Train 0.17844 0.16554 -7.2% 4% 0.16601 -7.0% 4% 0.16601 -7.0% 4% 

MCT 0.10852 0.10229 -5.7% 5% 0.10072 -7.2% 6% 0.10072 -7.2% 6% 

Driver 0.12287 0.12271 -0.1% 2% 0.12278 -0.1% 2% 0.12278 -0.1% 2% 

CarPass 0.26991 0.26578 -1.5% 2% 0.26533 -1.7% 1% 0.26533 -1.7% 1% 

PTplus 0.17018 0.17266 1.5% 8% 0.17266 1.5% 8% 0.17268 1.5% 8% 

Bike 0.03926 0.04084 4.0% 23% 0.04084 4.0% 23% 0.04084 4.0% 23% 

PTcom 0.17306 0.16984 -1.9% 4% 0.16951 -2.1% 4% 0.16954 -2.0% 4% 

Walk 0.11938 0.11690 -2.1% 6% 0.11704 -2.0% 6% 0.11702 -2.0% 6% 

Given the minimum influence of removing the unimportant explanatory variables to the resulting 

decision tree models, it is not necessary to remove these. On the other hand, if removed, the 

computation time can be shortened while maintaining the quality of the resulting models. 



131 

5.4 Type B models of school commute 

This stage included modelling dependencies of the school commute modal shares (explained variable) 

on the characteristics (explanatory variables) of the municipalities of destination (municipalities B), 

using the decision tree and the linear regression models. Any of these models can be referred as a type 

B model, because they all use the characteristics of municipalities B as the explanatory variables. 

5.4.1 Presentation of findings 

The pruning table of the B-School-Filtered decision tree models can be seen in Table 49. As proposed 

in the methodology, only reduced set of 25 municipality-related explanatory variables was used in the 

type B models. The set was produced from the original set of 39 variables by removing the age and 

education related variables. As can be seen in Table 49, there is again problem with poor performance 

of the of PTplus and Bike models, already encountered in the A-School-Filtered models. Therefore, the 

problem was solved in the same way by pruning the maximum tree depth to 1. 

Table 49: Pruning table – type B decision tree models of school commute using the filtered set of O-D pairs,  

SD = standard deviation, RMSE = root mean square error, SD→Tr = decrease from the SD to the RMSE of the 

training data model, Diff = difference between the RMSE resulting from training and from test data models,  

D = depth of the decision tree, L = number of leaves of the decision tree 

B-School-Filtered 
Pseudo-default Pruned 

RMSE Tree RMSE Tree 

Mode SD SD→Tr Training Test Diff D L SD→Tr Training Test Diff D L 

Bus 0.38152 -5.7% 0.35989 0.36743 2% 6 23 -4.2% 0.36534 0.36670 0% 1 2 

Train 0.17844 -3.4% 0.17234 0.16925 2% 6 42 -1.4% 0.17597 0.16846 4% 3 6 

MCT 0.10852 -10.6% 0.09703 0.11015 12% 6 41 -5.6% 0.10241 0.10880 6% 4 9 

Driver 0.12287 -1.7% 0.12078 0.12391 3% 6 12 0.0% 0.12292 0.12103 2% 3 4 

CarPass 0.26991 -6.8% 0.25169 0.27306 8% 6 54 -2.8% 0.26230 0.26793 2% 3 6 

PTplus 0.17018 -0.8% 0.16886 0.16329 3% 6 38 1.1% 0.17202 0.15824 8% 1 2 

Bike 0.03926 -4.3% 0.03756 0.03928 4% 6 23 3.9% 0.04078 0.03158 23% 1 2 

PTcom 0.17306 -5.7% 0.16315 0.17467 7% 6 26 -3.8% 0.16654 0.17444 5% 4 12 

Walk 0.11938 -5.0% 0.11336 0.12456 9% 6 24 -2.5% 0.11640 0.12438 6% 3 6 

The strength of dependency of modal shares of transport modes on the explanatory variables used in 

the B-School-Filtered models can be seen in Table 50. Both importance of explanatory variables from 

decision tree models (DTR-IEV) and normalised coefficients of determination from linear regression 

models (LR-R2N) are presented. Out of the 25 used explanatory variables, only 18 of them actually had 

any importance for at least one of the decision tree models. Based on the experience with only limited 

change in the results of the decision tree models after removing the unimportant explanatory 

variables (see type A models), the type B decision tree models were not remodelled with a reduced set 

of explanatory variables. The decision tree diagrams can be found in annex [G]. 
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To fit in the page, Table 50 presents only the 20 explanatory variables, which had any importance in at 

least one of the decision tree models or were among the top 3 explanatory variables with the 

strongest dependency by the coefficient of determination. Only coefficients of determination from 

these 20 explanatory variables were normalised for the comparison. The 5 omitted explanatory 

variables did not have a coefficient of determination of any significant strength. See annex [E] for 

complete tables of coefficients of determination. 

Table 50: Importance of the explanatory variables (DTR-IEV) and normalised coefficients of determination (LR-

R2N) in the B-School-Filtered models (using 25 explanatory variables, 20 strongest ones presented). Table 46 can 

be used for identification of the variables. Decision tree models of modes PTplus and Bike have poor performance 

and were pruned to maximum depth of 1, see Table 49. Top 1 (green), Top 2 (yellow) and Top 3 (salmon) values of 

dependency strength are highlighted in each row (transport mode model). 

 

5.5 Type C models of school commute 

This stage included modelling dependencies of the school commute modal shares (explained variable) 

on the characteristics (explanatory variables) of connections (C) between the municipalities of origin 

and destination, using decision tree models and linear regression models. Any of these models can be 

referred as a type C model, because they all use the characteristics of connections between the 

municipalities as the explanatory variables. 

As described in the methodology (chapter 4.2.2), the set of O-D pairs used in the type C models is 

limited to commute relevant to administrative district of the municipality with extended powers 

Šternberk (ŠTBK). Only O-D pairs starting and/or ending within this district were included. In the case 

of school commute, that makes 53 O-D pairs. Within those 53 O-D pairs, only negligible number of 

journeys was taken by transport modes MCT, Bike, Walk and Rest. Moreover, the data collected within 

B-S-F Model x320 x330 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820

DTR-IEV 0.06 0.03 0.02 0.08 0.20 0.05 0.07 0.11 0.01 0.09 0.03 0 0.13 0 0.05 0.04 0 0.02 0 0

LR-R2N 0.06 0 0 0 0.14 0 0 0.06 0.06 0.10 0.06 0 0.08 0.16 0 0.08 0 0.03 0 0

DTR-IEV 0 0.10 0 0 0 0 0 0.06 0 0 0.08 0 0.77 0 0 0 0 0 0 0

LR-R2N 0 0.03 0 0 0 0 0.06 0.08 0.08 0.08 0.09 0.06 0.15 0 0 0.08 0.08 0 0 0

DTR-IEV 0 0 0 0.04 0.03 0 0 0 0 0 0 0 0 0.39 0.45 0 0 0 0.06 0.03

LR-R
2
N 0.08 0 0.02 0 0.17 0 0 0 0 0.11 0.08 0 0 0.25 0 0 0 0.05 0 0.01

DTR-IEV 0 0 0 0.33 0 0 0 0 0.39 0 0.27 0 0 0 0 0 0 0 0 0

LR-R2N 0 0.09 0 0.36 0 0.14 0.17 0 0 0 0 0 0 0 0 0.03 0.01 0 0 0

DTR-IEV 0.18 0 0.08 0 0 0 0.09 0.54 0 0 0 0 0.11 0 0 0 0 0 0 0

LR-R
2
N 0.08 0 0.09 0.07 0 0 0.21 0.07 0.07 0.03 0.07 0 0 0 0 0 0.10 0 0 0.05

DTR-IEV 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0

LR-R2N 0 0 0 0 0 0 0 0.08 0.09 0.07 0.11 0.14 0.07 0 0 0.10 0.07 0 0 0

DTR-IEV 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0

LR-R
2
N 0 0 0 0 0.08 0.07 0 0.09 0.10 0.06 0.10 0.09 0 0 0 0.11 0 0.06 0.08 0

DTR-IEV 0 0 0 0.02 0.00 0.04 0.01 0.25 0.49 0 0 0 0.07 0.06 0 0 0 0.06 0 0

LR-R2N 0 0 0.01 0 0 0.06 0.04 0.13 0.13 0.10 0.09 0.08 0.06 0 0 0.07 0.08 0 0 0

DTR-IEV 0 0 0 0.02 0.01 0 0 0.14 0.62 0 0 0 0 0 0 0 0 0 0 0.21

LR-R
2
N 0 0.06 0 0.06 0 0 0 0.09 0.09 0 0.07 0.09 0 0 0 0.07 0.11 0 0 0.19

Bike

PTcom

Walk

Bus

Train

MCT

Driver

CarPass

PTplus
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the national population census do not allow to describe all the connections used within the journeys 

taken by the combined modes PTplus and PTcom. Therefore, only connections made by transport 

modes Bus, Train, Driver and CarPass were considered. 

5.5.1 Presentation of findings 

The pruning table of the C-School-Filtered decision tree models can be seen in Table 51. Only 24 

connection-related explanatory variables relevant to connections by transport modes Bus, Train, 

Driver and CarPass were used. It was possible to effectively prune all 4 decision tree models. A 

conditional formatting using three colour scale is applied to SD→Tr to compare and highlight the 

performance of the decision tree models. The difference between the RMSE resulted from training and 

test data models (Diff) did not provide enough data to make an effective distinction by colour. 

Table 51: Pruning table – type C decision tree models of school commute using the filtered set of O-D pairs 

starting and/or ending within administrative district of the municipality with extended powers Šternberk (ŠTBK), 

SD = standard deviation, RMSE = root mean square error, SD→Tr = decrease from the SD to the RMSE of the 

training data model, Diff = difference between the RMSE resulting from training and from test data models,  

D = depth of the decision tree, L = number of leaves of the decision tree 

C-School-Filtered 
Pseudo-default Pruned 

RMSE Tree RMSE Tree 

Mode SD SD→Tr Training Test Diff D L SD→Tr Training Test Diff D L 

Bus 0.40974 89.6% 0.04249 0.17522 76% 6 14 66.9% 0.13543 0.14995 10% 2 3 

Train 0.23111 100.0% 0 0.09648 N/A 3 6 53.6% 0.10733 0.11315 5% 2 3 

Driver 0.13812 100.0% 0 0 N/A 4 5 24.9% 0.10371 0 N/A 2 3 

CarPass 0.28021 97.5% 0.00701 0.08085 91% 6 11 38.7% 0.17183 0.2454 30% 3 4 

The strength of dependency of the transport mode shares on the explanatory variables used in the  

C-School-Filtered models can be seen in Table 52. Both importance of explanatory variables from 

decision tree models (DTR-IEV) and normalised coefficients of determination from linear regression 

models (LR-R2N) are presented. Out of the 24 used explanatory variables, only 6 of them actually had 

any importance for at least one of the decision tree models. Based on the experience made with the 

type A models, the type C decision tree models were not remodelled with a reduced set of explanatory 

variables. The decision tree diagrams of decision tree models can be found in annex [G]. 

Table 52 presents the 11 explanatory variables, which had any importance in at least one of the 

decision tree models or were among the top 3 explanatory variables with the strongest dependency by 

the coefficient of determination. Only coefficients of determination from these 11 explanatory 

variables were normalised for the comparison. The 13 omitted explanatory variables did not have a 

coefficient of determination of any significant strength. See annex [E] for complete tables of 

coefficients of determination. 
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Table 52: Importance of the explanatory variables (DTR-IEV) and normalised coefficients of determination (LR-

R2N) in the C-School-Filtered models (using 24 explanatory variables, 11 strongest ones presented). Table 13 can 

be used for identification of the variables. Top 1 (green), Top 2 (yellow) and Top 3 (salmon) values of dependency 

strength are highlighted in each row (transport mode model). 

 

5.6 Type A models of work commute 

This stage included modelling dependencies of the work commute modal shares (explained variable) 

on the characteristics (explanatory variables) of the municipalities of origin (municipalities A), using 

the decision tree and the linear regression models. Any of these models can be referred as a type A 

model, because they all use the characteristics of municipalities A as the explanatory variables. 

5.6.1 Presentation of findings 

The pruning table of the A-Work-Filtered decision tree models can be seen in Table 53. The full set of 

39 municipality-related explanatory variables was used. As can be seen in the table, there is problem 

with a poor performance of the MCT, PTcom and Walk models, similarly to problems already 

encountered in models of school commute. These were again pruned maximum tree depth of 1. 

Table 53: Pruning table – type A decision tree models of work commute using the filtered set of O-D pairs,  

SD = standard deviation, RMSE = root mean square error, SD→Tr = decrease from the SD to the RMSE of the 

training data model, Diff = difference between the RMSE resulting from training and from test data models,  

D = depth of the decision tree, L = number of leaves of the decision tree 

A-Work-Filtered 
Pseudo-default Pruned 

RMSE Tree RMSE Tree 

Mode SD SD→Tr Training Test Diff D L SD→Tr Training Test Diff D L 

Bus 0.22745 -3.1% 0.22030 0.22824 3% 6 60 -1.3% 0.22438 0.22647 1% 3 5 

Train 0.09552 -5.0% 0.09077 0.09395 3% 6 47 -2.6% 0.09308 0.09214 1% 3 6 

MCT 0.04493 -3.0% 0.04357 0.03982 9% 6 53 2.2% 0.04594 0.03917 15% 1 2 

Driver 0.34193 -3.0% 0.33184 0.34244 3% 6 64 -1.8% 0.33577 0.34081 1% 3 8 

CarPass 0.18485 -1.4% 0.18232 0.18852 3% 6 54 -0.5% 0.18388 0.18732 2% 2 4 

PTplus 0.14014 -2.6% 0.13646 0.14799 8% 6 42 -1.5% 0.13806 0.14712 6% 1 2 

Bike 0.13950 -2.4% 0.13618 0.13676 0% 6 22 -0.6% 0.13865 0.13534 2% 2 4 

PTcom 0.07051 -0.6% 0.07010 0.06937 1% 6 18 0.4% 0.07078 0.06902 2% 1 2 

Walk 0.09450 -0.4% 0.09408 0.09325 1% 6 28 0.4% 0.09490 0.09278 2% 1 2 

C-S-F Model x21 x22 x60 x70 x71 x73 x74 x80 x81 x83 x84

DTR-IEV 0 0 0 0 0 0 0 0.943 0 0 0.057

LR-R
2
N 0.018 0.003 0.052 0.282 0.060 0.000 0.015 0.442 0.089 0.006 0.033

DTR-IEV 0 1E-03 0 0 0 0 0 0 0.999 0 0

LR-R
2
N 0.013 0.075 0.004 0.046 0.281 2E-04 0.003 0.068 0.508 0.002 5E-05

DTR-IEV 0 0 0 0 0 0 0 0 0 1 0

LR-R2N 0.201 0.138 0.008 0.008 9E-05 0.050 0.001 0.021 0.001 0.563 0.008

DTR-IEV 0 0 7E-04 0 0 0 0 0 0 0 0.999

LR-R
2
N 0.006 4E-04 0.008 0.059 0.002 0.003 0.200 0.132 0.005 0.006 0.578

Bus

Train

Driver

CarPass
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The strength of dependency of modal shares of transport modes on the explanatory variables used in 

the A-Work-Filtered models can be seen in Table 54. Both importance of explanatory variables from 

decision tree models (DTR-IEV) and normalised coefficients of determination from linear regression 

models (LR-R2N) are presented. Out of the 39 used explanatory variables, only 11 of them actually had 

any importance for at least one of the decision tree models. Based on the experience made with the 

type A models of school commute, the work commute decision tree models were not remodelled with 

a reduced set of explanatory variables. The decision tree diagrams can be found in annex [G]. 

Table 54: Importance of the explanatory variables (DTR-IEV) and normalised coefficients of determination (LR-

R2N) in the A-Work-Filtered models (using 39 explanatory variables, 19 strongest ones presented). Table 46 can 

be used for identification of the variables. Decision tree models of modes MCT, PTcom and Walk have poor 

performance and were pruned to maximum depth of 1, see Table 53. Top 1 (green), Top 2 (yellow) and Top 3 

(salmon) values of dependency strength are highlighted in each row (transport mode model). 

 

To fit in the page, Table 54 presents only the 19 explanatory variables, which had any importance in at 

least one of the decision tree models or were among the top 3 explanatory variables with the 

strongest dependency by the coefficient of determination. Only coefficients of determination from 

these 19 explanatory variables were normalised for the comparison. The 20 omitted explanatory 

variables did not have a coefficient of determination of any significant strength. See annex [E] for 

complete tables of coefficients of determination. 

 

A-W-F Model x220 x260 x270 x280 x300 x350 x360 x370 x410 x430 x500 x510 x610 x730 x800 x810 x820 x905 x915

DTR-IEV 0 0 0 0 0 0 0 0 0.71 0 0 0 0.29 0 0 0 0 0 0

LR-R2N 0.03 0.01 0.03 0.01 0.08 0.04 0.01 0.07 0.24 0 0 0.01 0.15 0 0.05 0.08 0.05 0.07 0.06

DTR-IEV 0 0 0 0 0 0 0.03 0 0 0.15 0 0 0.82 0 0 0 0 0 0

LR-R2N 0.01 0 0.01 0 0.01 0.01 0.01 0.02 0.12 0.01 0.03 0.04 0.64 0.05 0.01 0 0.01 0 0

DTR-IEV 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0

LR-R
2
N 0.06 0.07 0.06 0.05 0 0 0.01 0.15 0.01 0.10 0.17 0.17 0.02 0.07 0.01 0.02 0 0.01 0.01

DTR-IEV 0 0 0 0 0 0 0 0.12 0.83 0 0 0.06 0 0 0 0 0 0 0

LR-R2N 0.01 0.01 0.01 0.01 0.06 0.11 0 0.04 0.43 0 0.01 0.07 0.04 0.09 0 0.04 0.01 0.05 0.01

DTR-IEV 0 0.54 0 0.28 0 0 0 0 0 0 0 0 0 0 0.18 0 0 0 0

LR-R
2
N 0.13 0.11 0.14 0.15 0.06 0.09 0.01 0.10 0.02 0.01 0 0.01 0 0 0.07 0.03 0.01 0.01 0.05

DTR-IEV 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0

LR-R2N 0 0 0 0 0.01 0.04 0 0.02 0.34 0 0 0.06 0.05 0.04 0.04 0.10 0.03 0.17 0.09

DTR-IEV 0 0 0 0 0 0 0 0 0 0 0.08 0 0 0 0.15 0.77 0 0 0

LR-R
2
N 0 0.01 0 0 0.02 0.02 0.01 0.02 0.01 0.03 0.01 0.01 0.09 0.04 0.30 0.18 0.04 0.03 0.20

DTR-IEV 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0

LR-R2N 0.02 0.04 0.02 0.03 0.03 0.01 0.01 0.10 0.14 0.11 0.07 0.12 0.14 0.07 0.02 0.07 0 0 0.02

DTR-IEV 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0

LR-R
2
N 0.03 0.04 0.02 0.03 0 0 0.06 0.03 0 0.01 0.01 0.01 0.01 0 0.13 0.08 0.20 0.16 0.16
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5.7 Type B models of work commute 

This stage included modelling dependencies of the work commute modal shares (explained variable) 

on the characteristics (explanatory variables) of the municipalities of destination (municipalities B), 

using the decision tree and the linear regression models. Any of these models can be referred as a type 

B model, because they all use the characteristics of municipalities B as the explanatory variables. 

5.7.1 Presentation of findings 

The pruning table of the B-Work-Filtered decision tree models can be seen in Table 55. As proposed in 

the methodology, only reduced set of 25 municipality-related explanatory variables was used in the 

type B models. The set was produced from the original set of 39 variables by removing the age and 

education related variables. As can be seen in Table 55, there is problem with a poor performance of 

the MCT and Walk models, already encountered in the A-Work-Filtered models. Therefore, the 

problem was solved in the same way by pruning the maximum tree depth to 1. 

Table 55: Pruning table – type B decision tree models of work commute using the filtered set of O-D pairs,  

SD = standard deviation, RMSE = root mean square error, SD→Tr = decrease from the SD to the RMSE of the 

training data model, Diff = difference between the RMSE resulting from training and from test data models,  

D = depth of the decision tree, L = number of leaves of the decision tree 

B-Work-Filtered 
Pseudo-default Pruned 

RMSE Tree RMSE Tree 

Mode SD SD→Tr Training Test Diff D L SD→Tr Training Test Diff D L 

Bus 0.22745 -4.2% 0.21786 0.22340 2% 6 56 -2.5% 0.22168 0.22428 1% 3 8 

Train 0.09552 -3.6% 0.09213 0.09563 4% 6 36 -1.4% 0.09415 0.09333 1% 3 6 

MCT 0.04493 -2.8% 0.04366 0.03976 9% 6 33 2.4% 0.04601 0.03930 15% 1 2 

Driver 0.34193 -3.3% 0.33060 0.33923 3% 6 60 -2.0% 0.33518 0.33967 1% 3 6 

CarPass 0.18485 -2.0% 0.18107 0.18882 4% 6 49 -0.7% 0.18362 0.18692 2% 2 4 

PTplus 0.14014 -3.4% 0.13543 0.14729 8% 6 54 -2.1% 0.13726 0.14644 6% 2 4 

Bike 0.13950 -2.9% 0.13545 0.13605 0% 6 56 -1.0% 0.13804 0.13476 2% 3 5 

PTcom 0.07051 -2.0% 0.06907 0.07024 2% 6 37 -0.2% 0.07040 0.06871 2% 3 8 

Walk 0.09450 -1.2% 0.09335 0.09452 1% 6 31 0.3% 0.09478 0.09260 2% 1 2 

The strength of dependency of modal shares of transport modes on the explanatory variables used in 

the B-Work-Filtered models can be seen in Table 56. Both importance of explanatory variables from 

decision tree models (DTR-IEV) and normalised coefficients of determination from linear regression 

models (LR-R2N) are presented. Out of the 25 used explanatory variables, only 14 of them actually had 

any importance for at least one of the decision tree models. Based on the experience made with the 

type A models of school commute, the work commute decision tree models were not remodelled with 

a reduced set of explanatory variables. The decision tree diagrams can be found in annex [G]. 



137 

Table 56: Importance of the explanatory variables (DTR-IEV) and normalised coefficients of determination (LR-

R2N) in the B-Work-Filtered models (using 25 explanatory variables, 17 strongest ones presented). Table 46 can be 

used for identification of the variables. Decision tree models of modes MCT and Walk have poor performance and 

were pruned to maximum tree depth of 1, see Table 55. Top 1 (green), Top 2 (yellow) and Top 3 (salmon) values 

of dependency strength are highlighted in each row (transport mode model). 

 

To fit in the page, Table 56 presents only the 17 explanatory variables, which had any importance in at 

least one of the decision tree models or were among the top 3 explanatory variables with the 

strongest dependency by the coefficient of determination. Only coefficients of determination from 

these 17 explanatory variables were normalised for the comparison. The 8 omitted explanatory 

variables did not have a coefficient of determination of any significant strength. See annex [E] for 

complete tables of coefficients of determination. 

5.8 Type C models of work commute 

This stage included modelling dependencies of the work commute modal shares (explained variable) 

on the characteristics (explanatory variables) of connections (C) between the municipalities of origin 

and destination, using decision tree models and linear regression models. Any of these models can be 

referred as a type C model, because they all use the characteristics of connections between the 

municipalities as the explanatory variables. 

As described in the methodology (chapter 4.2.2), the set of O-D pairs used in the type C models is 

limited to commute relevant to administrative district of the municipality with extended powers 

Šternberk (ŠTBK). Only O-D pairs starting and/or ending within this district were included. In the case 

B-W-F Model x300 x350 x360 x370 x410 x420 x430 x500 x510 x610 x700 x710 x720 x730 x800 x810 x820

DTR-IEV 0 0 0 0 0.78 0 0 0 0 0 0 0 0 0 0 0.22 0

LR-R2N 0.01 0.03 0.04 0 0.29 0.07 0.07 0.05 0.15 0 0 0.03 0.04 0.08 0.02 0.11 0.01

DTR-IEV 0 0 0 0 0.03 0 0 0 0 0.97 0 0 0 0 0 0 0

LR-R2N 0 0.01 0 0.04 0.09 0.07 0.07 0.08 0.11 0.34 0.01 0.03 0.06 0.05 0 0.01 0.01

DTR-IEV 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0

LR-R
2
N 0 0.01 0 0.20 0 0.06 0.06 0.13 0.12 0.01 0.18 0.01 0.09 0.06 0.02 0.01 0.02

DTR-IEV 0 0 0.06 0 0.91 0 0 0 0.03 0 0 0 0 0 0 0 0

LR-R2N 0.01 0.06 0.05 0 0.38 0.04 0.04 0.05 0.13 0.05 0.01 0 0.01 0.11 0 0.06 0

DTR-IEV 0 0 0.52 0.33 0 0 0 0 0 0 0 0.15 0 0 0 0 0

LR-R
2
N 0.02 0.03 0.10 0.17 0.02 0.02 0.02 0.05 0.09 0.04 0.08 0.13 0.07 0.03 0.10 0.02 0

DTR-IEV 0 0 0 0 0.22 0.07 0 0 0.71 0 0 0 0 0 0 0 0

LR-R2N 0 0.03 0.05 0.01 0.17 0.10 0.10 0.09 0.18 0.07 0 0.02 0.05 0.10 0.01 0.04 0.01

DTR-IEV 0 0 0 0 0 0 0.21 0 0 0 0 0 0.01 0 0.12 0.67 0

LR-R
2
N 0 0 0.05 0.05 0 0.11 0.11 0.07 0.10 0 0.05 0.03 0.12 0.01 0.14 0.14 0

DTR-IEV 0.08 0 0 0.06 0 0 0 0.57 0 0.21 0 0 0 0.09 0 0 0

LR-R2N 0.01 0 0.02 0.06 0.06 0.12 0.12 0.11 0.12 0.10 0.03 0.03 0.09 0.09 0.02 0.02 0

DTR-IEV 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0

LR-R
2
N 0 0.09 0.06 0 0.06 0.09 0.09 0.04 0.05 0.03 0 0.03 0.06 0.10 0.06 0.02 0.22
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of work commute, that makes 152 O-D pairs. Within those 152 O-D pairs, only negligible number of 

journeys was taken by transport modes MCT, Walk and Rest. Moreover, the data collected within the 

national population census do not allow to describe all the connections used within the journeys taken 

by the combined modes PTplus and PTcom. Therefore, only connections made by transport modes 

Bus, Train, Driver, CarPass and Bike were considered. 

5.8.1 Presentation of findings 

The pruning table of the C-Work-Filtered decision tree models can be seen in Table 57. Only 33 

connection-related explanatory variables relevant to connections by transport modes Bus, Train, 

Driver, CarPass and Bike were used. It was possible to effectively prune all 5 decision tree models. A 

conditional formatting using three colour scale is applied to SD→Tr and Diff to compare and highlight 

the performance of the decision tree models. 

Table 57: Pruning table – type C decision tree models of work commute using the filtered set of O-D pairs starting 

and/or ending within administrative district of the municipality with extended powers Šternberk (ŠTBK), 

 SD = standard deviation, RMSE = root mean square error, SD→Tr = decrease from the SD to the RMSE of the 

training data model, Diff = difference between the RMSE resulting from training and from test data models,  

D = depth of the decision tree, L = number of leaves of the decision tree 

C-Work-Filtered 
Pseudo-default Pruned 

RMSE Tree RMSE Tree 

Mode SD SD→Tr Training Test Diff D L SD→Tr Training Test Diff D L 

Bus 0.25201 91.4% 0.02159 0.09326 77% 6 17 53.4% 0.11752 0.11415 3% 2 4 

Train 0.19776 99.3% 0.00144 0.21893 99% 6 13 57.6% 0.08378 0.10623 21% 2 3 

Driver 0.35254 80.8% 0.06772 0.16934 60% 6 20 64.0% 0.12688 0.12848 1% 3 4 

CarPass 0.16787 88.4% 0.01943 0.10097 81% 6 1 35.1% 0.10889 0.11869 8% 2 3 

Bike 0.22478 94.6% 0.01217 0.13282 91% 6 18 68.9% 0.06989 0.11495 39% 3 5 

The strength of dependency of modal shares of transport modes on the explanatory variables used in 

the C-Work-Filtered models can be seen in Table 58. Both importance of explanatory variables from 

decision tree models (DTR-IEV) and normalised coefficients of determination from linear regression 

models (LR-R2N) are presented. Out of the 33 used explanatory variables, only 7 of them actually had 

any importance for at least one of the decision tree models. Based on the experience made with the 

type A models of school commute, the work commute decision tree models were not remodelled with 

a reduced set of explanatory variables. The decision tree diagrams can be found in annex [G].  
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Table 58: Importance of the explanatory variables (DTR-IEV) and normalised coefficients of determination (LR-

R2N) in the C-Work-Filtered models (using 33 explanatory variables, 13 strongest ones presented). Table 13 can be 

used for identification of the variables. Top 1 (green), Top 2 (yellow) and Top 3 (salmon) values of dependency 

strength are highlighted in each row (transport mode model). 

 

Table 58 presents the 13 explanatory variables, which had any importance in at least one of the 

decision tree models or were among the top 3 explanatory variables with the strongest dependency by 

the coefficient of determination. Only the coefficients from these 13 explanatory variables were 

normalised for the comparison. The 20 omitted variables did not have a coefficient of determination of 

any significant strength. See annex [E] for complete tables of coefficients of determination. 

5.9 Discussion of findings 

This chapter will discuss the findings presented and analysed in the previous chapters. The information 

for the discussion will be drawn across all relevant methods, models and variables. 

5.9.1 Comparison of models by average strength of dependencies 

This chapter will compare the average strength of dependencies of modal shares on explanatory 

variables in various combinations of model types, used data sets and used set of explanatory variables. 

Three types of models (A, B and C) were presented in the previous chapters. Model types A and B are 

municipality-related model types, as they are using the characteristics of municipalities as explanatory 

variables. The model type C is a connection-related model type using characteristics of connections 

between the municipalities as explanatory variables. The difference between the used explanatory 

variables in the model types is a difference from the substance of the matter. 

Another difference between the municipality-related and connection-related models in this research is 

the difference in the researched set of O-D pairs. All types of models, should use the same set, 

however, due to high demands on data collection for the connection-related models described in 

chapter 4.2.2, the connection-related models only work with a sub-set of O-D pairs the municipality-

related models are working with. 

C-W-F Model x13 x22 x70 x71 x73 x74 x76 x80 x81 x83 x84 x86 x91

DTR-IEV 4E-04 0 0 0 0 0 0 1 0 0 0 0 0

LR-R
2
N 0.003 0.030 0.285 0.008 0.024 3E-04 0.008 0.524 0.021 0.055 0.003 0.015 0.023

DTR-IEV 0 0 0 0 0 0 0 0 1 0 0 0 0

LR-R2N 0.001 0.071 0.016 0.271 0.010 0.002 0.003 0.022 0.540 0.053 0.002 0.004 0.005

DTR-IEV 0 0 0 0 0 0 0 0 0 1 0 0 0

LR-R2N 2E-04 0.007 0.024 0.022 0.224 0.013 0.012 0.063 0.052 0.484 0.024 0.069 0.006

DTR-IEV 0 0 0 0 0 0 0 0 0 0 1 0 0

LR-R2N 4E-04 2E-04 0.004 6E-04 0.005 0.348 0.002 0.007 0.004 0.051 0.568 0.010 8E-05

DTR-IEV 0 0.011 0 0 0 0 0 0 0 0 0 0.989 0

LR-R2N 1E-04 0.003 0.013 0.006 0.080 0.016 0.084 0.013 0.002 0.076 0.017 0.601 0.089
Bike

Bus

Train

Driver

CarPass
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The municipality-related models utilise the so called ‘local’ set of O-D pairs, which include filtered set 

O-D pairs relevant to local commute all over Czechia. The connection-related models are based on 

‘ŠTBK’ set of O-D pairs only relevant to local commute to, from and within the ‘administrative district 

of the municipality with extended powers Šternberk’, named after the Town of Šternberk. 

Another difference between the municipality-related and connection-related models is the prominent 

strength of dependency on the travel time share based explanatory variables used in the connection-

related models. These variables have great strength and influence on all transport modes within the 

connection-related models. No explanatory variable or group of variables in the municipality-related 

models have comparably strong dependencies and none of them is strongly dependant on the modal 

shares of all transport modes. 

The average strength of dependencies in various combinations of model types, used sets of O-D pairs 

and used sets of explanatory variables will be compared based on an average coefficient of 

determination calculated based on the linear regression models. Unlike the decision tree models, the 

linear regression models did provide the strength of dependency for every pair ‘modal share of 

transport mode – explanatory variable’. The strength of dependency of each pair was originally 

described by a correlation coefficient (r), which was then squared to obtain a coefficient of 

determination (R2). The coefficient of determination is more suitable for further comparisons, because 

it can be averaged without compromising its information value. 

The coefficients of determination of all ‘transport mode – explanatory variable’ pairs are organised in 

tables coefficients of determination, presented in annex [E]. The coefficients of determination in the 

tables are not normalised like the ones used for comparison with the importance of explanatory 

variables, presented in chapters 5.3 through 5.8.  

The average coefficient of determination (ACD) is calculated simply as an average of all values in the 

table of coefficients of determination. Such average coefficient of determination describes the average 

strength of dependency of the shares of modelled transport modes (explained variables) and the used 

explanatory variables within the used O-D pairs. 

In principle, Table 59 is showing a comparison of the average coefficient of determination in the four 

different combinations relevant to school commute. First two combinations are representing type A 

models (municipality-related models), both using all 39 municipality-related variables, but each using a 

different set of O-D pairs (local versus ŠTBK). Combinations number 3 and 4 are representing type C 

models (connection-related models), both using the ŠTBK set of O-D pairs, but each using different set 

of explanatory variables (avoiding the travel time and travel time share based in the case of 
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combination number 3). All four combinations presented in Table 59 include only the modal shares of 

transport modes Bus, Train, Driver and CarPass to facilitate the comparison. 

Table 59: Comparison of average coefficient of determination (ACD) in 4 different combinations of model types, 

used data sets and used set of explanatory variables – the case of school commute. ŠTBK = of O-D pairs starting 

and/or ending within administrative district of the municipality with extended powers Šternberk, TT = travel time 

based explanatory variables x70 – x74, TTS = travel time share based explanatory variables x80 – x84. 

# Model Used set of O-D pairs Used explanatory variables ACD 

1 Type A School Filtered local All 39 municipality-related variables 0.00565 

2 Type A School Filtered ŠTBK All 39 municipality-related variables 0.03111 

3 Type C School Filtered ŠTBK 16 connection-related variables without TT and TTS 0.03590 

4 Type C School Filtered ŠTBK All 24 connection-related variables 0.07980 

Table 60 is in principle providing the same comparison, only for work commute. Moreover, one extra 

transport mode (Bike) was added to all four combinations. 

Table 60: Comparison of average coefficient of determination (ACD) in 4 different combinations of model types, 

used data sets and used set of explanatory variables – the case of work commute. ŠTBK = of O-D pairs starting 

and/or ending within administrative district of the municipality with extended powers Šternberk, TT = travel time 

based explanatory variables x70 – x76, TTS = travel time share based explanatory variables x80 – x86. 

# Model Used set of O-D pairs Used explanatory variables ACD 

1 Type A Work Filtered local All 39 municipality-related variables 0.00121 

2 Type A Work Filtered ŠTBK All 39 municipality-related variables 0.00740 

3 Type C Work Filtered ŠTBK 23 connection-related variables without TT and TTS 0.01391 

4 Type C Work Filtered ŠTBK All 33 connection-related variables 0.05485 

The double line in Table 59 and Table 60 is dividing the areas of comparison elaborated below: 

a) Influence of narrowing the data set of O-D pairs 

The average coefficient of determination has significantly increased between the combination 1 and 2, 

after narrowing the local set O-D pairs to only the ŠTBK set of O-D pairs. It is more than a five-fold 

increase in the case of school commute, respectively six-fold in the case of work commute. The found 

dependencies are, in average, much stronger within sets of O-D pairs from a narrow geographical 

area then within sets of O-D pairs from all over the country. 

The weaker dependencies in the local set of O-D pairs might have two possible explanations: 

 The dependencies unexplained by the models can be accounted to some spatial indicators 

of the municipalities, which were not included among the explanatory variables, 

 The socio-psychological indicators, which have not been used at all in this research, are 

strongly influenced by the location of residence of the travellers. 

In any case, this comparison indicates a strong influence of the regional localisation of the O-D pairs.  
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b) Influence of adding the TT- and TTS-based explanatory variables 

The average coefficient of determination has significantly increased between the combination 3 and 4, 

after including the travel time (TT-) and travel time share (TTS-) based explanatory variables into the 

models. It has increased more than two times in the case of school commute, respectively nearly four 

times in the case of work commute. The average strength of dependencies on the TT- and TTS-based 

explanatory variables accounts for more than half of the overall average dependency strength. 

Considering that the TT- and TTS-based explanatory variables are outnumbered by the other 

explanatory variables, it is clear that the TT- and TTS-based explanatory variables are the most 

important for explaining the modal shares in the type C models. 

Based on the comparison of the dependency strength on the explanatory variables used in the type C 

models presented in chapters 5.5 and 5.8, the modal shares have the strongest dependency on the 

TTS-based explanatory variables, outperforming even the TT-based ones. 

However, the great success of TTS-based explanatory variables is being spoiled if taking into 

consideration their natural similarity with the modal share. Based on definition of the travel time 

share, there is a perfect match of the travel time share and the modal share extreme values 0 and 1. 

Whenever the modal share of a mode is 0 (the mode is not used within the O-D pair) or 1 (the mode is 

the only one used within the O-D pair), the travel time share will also equal 0 or 1 respectively. 

Considering a substantial part of the modal share values in this research is either 0 or 1, it is then 

natural that the modal share has strong dependency on the travel time share. 

c) Comparison of average dependencies between A and C type models 

The average coefficients of determination should not be directly compared between the combinations 

2 and 3 (or other A-C combinations), because the type A and C models are using completely different 

sets of explanatory variables. On the other hand, an approximate comparison can be made based on 

the fact the average coefficients of determination is always smaller in any type A model combination 

and in any type C model combination. This indicates the connection-related models (type C) and their 

explanatory variables are better in explaining the modal shares then the municipality-related models 

(represented by type A models in this comparison) and their explanatory variables. 

Considering the TTS-based explanatory variables were evaluated as the most important for explaining 

the modal shares in the type C models and the type C models were assessed to be the best in 

explaining the modal shares, it means the TTS-based explanatory variables are the best explanatory 

variables of this research, followed by the TT-based explanatory variables. That implies the travellers 

are doing mostly rational modal choices, based on the value of time. This applies especially to 

commuters to work, whose average coefficient of determination has increased twice as much than in 
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the case of school commute after adding the TT- and TTS-based explanatory variables to the type C 

models. The second position of the TT-based explanatory variables is important to support to this 

statement as the dependency of modal share on TTS-based explanatory variables can be distorted by 

the natural similarity of the modal share and the travel time share discussed above.  

The type B models were not included in any comparison, because the municipality-related models 

were already represented by the type A models. Moreover, as can be seen in the tables of coefficient 

of determination in annex [E], the average coefficients of determination of type B and type A models 

are comparable. 

5.9.2 Found associations of explanatory variables 

The large number of models presented in chapters 5.3 through 5.8 also results in a large number of 

found dependencies of modal shares on explanatory variables. The dependencies can be also 

expressed as positive or negative associations. The negative/positive nature of association of the 

modal share and the explanatory variable within the decision tree model can be read from the 

decision tree diagrams (listed in annex [G]). The linear regression models provide the correlation 

coefficients, which have positive or negative sign by a nature. It is now necessary to confront these 

associations found by the decision tree and in the linear regression models with associations stated in 

the hypothesis in chapter 3.7.1. 

Table 61 is providing an overview of associations of ‘transport mode – explanatory variables’ pairs. 

Only the pairs, in which both the decision tree model (DTR) and the linear regression model (LR) have 

consistently pointed at the same top 1 explanatory variable with the highest strength of the 

dependency, were selected for the overview. The reason is that for most of the transport modes and 

their shares, the DTR and LR models are in accordance only about the top 1 explanatory variable, 

which contributes the most, if at all, to the explanation of the modal share dependency. For both 

models, the sign indicating the positive/negative nature of the found association is provided as well as 

the strength of the dependency. It is given by the importance of explanatory variable (IEV) in the case 

of DTR model and by the correlation coefficient (𝑟) in the case of LR model. The values of 𝑟 were taken 

from the tables of correlation coefficients presented in annex [E] and were not normalised in any way. 

Thus, they are not suitable for any comparison, and they mainly provide the sign of the association. 

The signs of associations based on the DTR and LR models are then confronted with the signs of 

associations expected by the hypothesis (Exp Assoc), if any such expectations exist. 
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Table 61: Comparison of associations expected (Exp Assoc) by the hypothesis in chapter 3.7.1 with associations 

found by the decision tree models (DTR) and the linear regression models (LR). IEV = importance of explanatory 

variable, r = correlation coefficient, TOP 1 xVAR = explanatory variable with the highest value of IEV and r in the 

models of the given transport mode, na = no association, + positive association, - negative association. Table 9 

and Table 13 can be used for identification of the explanatory variables. Shade of grey highlights the expected 

associations confirmed by the found ones, shade of yellow highlights the newly found association and shade of 

red highlights a finding in contradiction with the hypothesis.  

Model 
type 

Transport 
mode 

TOP 1 
xVAR 

Exp 
Assoc 

DTR LR 

Assoc IEV Assoc r 

A-S-F 

Bus x610 + + 0.717 + 0.258 

Train x610 - - 0.882 - -0.25 

Driver x430 - + 0.624 + 0.077 

CarPass x210 na - 0.403 - -0.12 

PTcom x610 na - 0.483 - -0.11 

Walk x500 + + 0.869 + 0.103 

B-S-F Train x610 - - 0.769 - -0.15 

C-S-F 

Bus x80 na + 0.943 + 0.861 

Train x81 na + 0.999 + 0.966 

Driver x83 na + 1 + 0.887 

CarPass x84 na + 0.999 + 0.851 

A-W-F 

Bus x410 - - 0.711 - -0.11 

Train x610 - - 0.819 - -0.16 

Driver x410 + + 0.828 + 0.149 

PTplus x410 na - 1 - -0.06 

B-W-F 

Bus x410 - - 0.784 - -0.17 

Train x610 - - 0.974 - -0.13 

Driver x410 + + 0.912 + 0.160 

PTplus x510 na + 0.707 + 0.103 

C-W-F 

Bus x80 na + 1 + 0.938 

Train x81 na + 1 + 0.938 

Driver x83 na + 1 + 0.905 

CarPass x84 na + 1 + 0.890 

Bike x86 na + 0.989 + 0.930 

The confrontation of the found associations with the associations stipulated in the hypothesis brings 

up three main types of outcomes: 

1) The expected associations are confirmed by the found association – it means the associations 

found in this research are in line with the findings from works already reviewed in chapter [3], 

2) The found association is in a contradiction with the association expected by the hypothesis – 

the one found contradiction will be discussed in chapter 5.9.2.1, 

3) There are newly found associations, where no expected associations were available – these 

will be discussed in chapter 5.9.2.2. 
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An important note regarding the associations from the decision tree models must be added. A 

deficiency of the process used for the determination of the associations from the decision tree 

diagrams is that the association might not be based on the whole set of O-D pairs. The association of 

an explanatory variable is based on the modal share within the O-D pairs (data samples), which are in 

the node, where the explanatory variable is used for node splitting. Therefore, unless the association is 

being determined for the explanatory variable used in the root node, it is always determined based 

only on a part of the samples and as such, it is fully valid for this part alone (which is also the reason 

the importance of explanatory variables can differ from the coefficient of determination). The higher is 

the depth of the node with explanatory variable, the smaller is usually the number of its samples and 

the lesser is the general applicability of the found association. Fortunately, all the top 1 explanatory 

variables presented in Table 61 are located also in the root node, so the general applicability of the 

association is assured. 

5.9.2.1 Contradiction of found and expected association 

Description: The share of transport mode Driver was found to have a positive association with the 

Total number of workers, pupils, students and apprentices (explanatory variable x430) in the 

municipality of origin in the case of school commute. The total number of workers, pupils, students 

and apprentices (x430) is strongly correlated with the population size (x420), with correlation 

coefficient of 0.9998. Thus, it is possible to say that the share of transport mode Driver in school 

commute is increasing with the increasing population size of the municipality of origin (municipality A). 

However, the hypothesis expected the opposite. 

Proposed explanation: First of all, the hypothesis was set for a general commute, not specifically for 

school commute. Moreover, the assumption was based on negative association of car use and 

population density, which usually goes along with the population size. In this specific case, the 

explanation could be that with the population size also increases the average income, which increases 

the affordability of the car. Practically, the greater the population size and thus grater the wealth, the 

bigger is the chance the parents can purchase more cars, which they can give or lend to their studying 

children. The higher population municipalities could also offer more working opportunities to students 

and apprentices to earn money for their own car. 

Justification: Since the data on income of inhabitants are available for no smaller areas than the 

regions, it is not possible to confirm the proposed explanation by an analysis of the wealth increase in 

relation to the increasing population size of the municipalities. 
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5.9.2.2 Newly found associations 

The newly found associations resulting from the municipality-related models will be discussed first, 

followed by the associations resulting from the connection-related models. 

Negative association of CarPass with the Share of employees with apprenticeship certificate (x210) 

Description: The share of transport mode CarPass was found to have a negative association with the 

Share of employees with apprenticeship certificate (explanatory variable x210) within the municipality 

of origin in the case of school commute. 

Proposed explanation: Apprenticeship certificate is obtained upon completing a lower level of 

secondary education (practical, typically craftmanship education). Having such education is generally 

associated with lower-paid jobs, typically craftsman positions or with shift work, where none of the 

shifts is typically starting at the same time as the school education. The reason for the positive 

association could be based on the fact that the parents with apprenticeship certificate cannot afford to 

drive their children to school or are going to the work at different time than their children to school. 

Justification: The lower median gross wage of workers with only apprenticeship certificate can be seen 

in the publicly available wage statics from CSO (2011c). The review on shift work from CSO (2012) does 

not provide any relation to education, but the listed employment classes CZ-ISCO with the highest 

share of shift work are all suitable for workers with apprenticeship certificate. The lower car ownership 

of the inhabitants of Czechia with only apprenticeship certificate is reported by the national mobility 

survey Česko v pohybu (CDV , 2020b). 

Negative association of PTcom with the Distance to the closest train stop or station (x610) 

Description: The share of transport mode PTcom was found to have a negative association with the 

Distance to the closest train stop or station (explanatory variable x610) from the municipality of origin 

in the case of school commute. 

Proposed explanation: The decreasing Distance to the closest train stop or station is increasing the 

willingness of commuters to school to use combinations of public transport modes including the mode 

Train. 

Justification: The negative association of the share of transport mode Train with the Distance to the 

closest train stop or station was expected by the hypothesis and then confirmed by all four 

municipality-related types of models used in this research, see Table 61. Thus, it is considered proven 

that the use of mode Train is increasing with the decreasing Distance to the closest train stop or 
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station. The mode Train is assumed to be a key component of the combined mode PTcom. For 

example, during the aggregation of transport modes used for school commute, the combinations of 

public transport modes including mode Train were over 63 % of all combinations aggregated into the 

mode PTcom. However, this ratio was valid before the reduction and filtration of the O-D pair data set. 

The prevailing importance of the mode Train within the combined mode PTcom can be demonstrated 

by the fact the mode PTcom have always followed the same trends in modal share change during 

reduction and filtration as the mode Train. These trends were analysed in chapters 5.1.2 and 5.2.2.  

Negative association of PTplus with the Car ownership (x410) 

Description: The share of transport mode PTplus was found to have a negative association with the 

Car ownership (explanatory variable x410) in the municipality of origin in the case of work commute. 

Proposed explanation: The increasing car ownership results in increasing usage of transport mode 

Driver, which leads to decreasing usage of other modes, especially the public transport modes. Based 

on that, also the mode PTplus combining the public and private transport modes in one journey might 

be affected the same way, thus by a decreasing share with the increasing car ownership. 

Justification: Positive association of the share of transport mode Driver with the Car ownership was 

expected by the hypothesis and then confirmed by both municipality-related types of models used in 

this research for work commute, see Table 61. The related negative association of the share of 

transport mode Bus with the Car ownership was also expected and confirmed. Thus, there is a solid 

ground to assume the mode PTplus is in the case of work commute, following the same principles as 

the mode Bus. However, there is no hard data evidence on the similarity of modes PTplus and Bus. 

Positive association of PTplus with the Net population density (x510) 

Description: The share of transport mode PTplus was found to have a positive association with the Net 

population density (explanatory variable x510) in the municipality of destination in the case of work 

commute. 

Proposed explanation: Higher Net population density is generally associated with better coverage by 

public transport and inferior availability of parking. Both of these factors should encourage commuting 

to densely populated municipalities by public transport instead of passenger car-based transport 

modes (Driver, CarPass). For commuters travelling from municipalities with, for any reason, lower 

quality of public transport services, who do not want or cannot drive all the way from their 

municipality of origin to the densely populated municipality of destination, the mode PTplus would be 

a convenient option. They could use modes like Driver, CarPass or Bike to get to the suitable public 
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transport hub and from there continue by one of the public transport modes. Their combined journey 

would be an example of usage the combined transport mode PTplus and the use of such mode 

primarily for commute to municipalities with high Net population density would be logical. 

Justification: The positive association of quality of public transport coverage and Net population 

density was abroad reported by De Witte et al. (2013), Limtanakool (2006) and Camagni et al. (2002), 

however no such evidence is available for the municipalities of Czechia. Neither is there available any 

hard data evidence of negative association of parking availability and Net population density. 

Positive association of modal shares with the travel time based explanatory variables (x80-x86) 

Description: The shares of all transport modes modelled in the connection-related models (type C 

models of both school and work commute) were found to have a strong, positive association with their 

relevant travel time based explanatory variable. For example, the modal share of Bus was found to 

have a strong, positive association with the Travel time share of Bus (x80), the modal share of Train 

with the Travel time share of Train (x81) etc. 

Proposed explanation: The strong, positive association of modal shares with their travel time based 

explanatory variables indicates the travellers are preferring the fastest transport options. Such 

behaviour is rational. It means the modal choice is done rationally with the conscious intention to 

minimise the generalised cost of travel, in which the travel time plays a significant role. 

Justification: The high importance of travel time share for explaining the modal share is indicating how 

beneficial is the intermodal approach in the modal split research. The travel time share based 

explanatory variables are the only explanatory variables included in this research, which are comparing 

the performance of the transport modes and they are all the top 1 explanatory variable in terms of 

dependency strength. They have even surpassed the travel time based explanatory variables, which 

are sharing the same basis (travel time), but do not offer any intermodal comparison. The intermodal 

approach is in line with the long-term trends in transport modelling, which has moved from previously 

common unimodal transport models to recently preferred multimodal transport modes, which are 

taking in consideration the relations between the various transport modes. Which is in line with works 

of for example Boyce and Williams (2016) or Kane and Behrens (2002). 
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[6] Application of determinants of travel behaviour 

The findings from modelling of modal share dependencies can be applied in the decision-making 

process on support (or restriction) of transport modes. The support provided by the local governments 

to transport modes can take many different forms, for example regular operational subsidies, ad hoc 

incentives or planed investment in fleet or infrastructure. If knowing the general dependencies of 

modal split on the explanatory variables, typically the characteristics of municipalities or connections 

between them, it is then possible to deduce the modal share potential of transport modes in the 

specific municipality or O-D pair based on their known characteristics. If the dependency predicts a 

potential for higher or increasing share of the transport mode, then it is advisable to support or further 

analyse the possibilities of providing the support to such transport mode, and vice versa. 

The example of application will be provided for the dependency of the share of transport mode Train 

on the Distance to the closest train stop or station (explanatory variable code x610). The transport 

mode Train has the strongest dependency on this variable in all 4 municipality-related models  

(A-School-Filtered, B-School-Filtered, A-Work-Filtered, B-Work-Filtered). The dependencies from all of 

them will be included in the application. Thus, the outcomes of the application can be generalised for 

general commute (work and school) as well as for both types of municipalities (origin and destination). 

That makes the dependency of modal share of transport mode Train on the Distance to the closest 

train stop or station the best choice for a proof of concept of the application. 

A short note about application of the results from the connection-related models follows. The 

application of results of the type C models should only be done after a larger sample of O-D pair will 

be used in them, which was not the case of this research. But the conclusion of the application of 

connection-related models can be predicted as follows: Consider support of modes, which are the 

fastest (or nearly the fastest) modes within the O-D pair, or modes, which will get close to the position 

of the fastest mode based on the support provided. 

Starting with the proof of concept, using the dependencies of modal shares of transport mode Train on 

the Distance to the closest train stop or station. The dependencies are described by the information 

drown from the decision tree diagrams of transport mode Train from all four types of models. The 

analysis will start with the decision tree diagram of transport mode Train from the A-School-Filtered 

model version 3, which is presented in Figure 25. 
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Figure 25: Decision tree diagram of transport mode Train from A-School-Filtered v3, full diagram in annex [G] 

All the information relevant to the split of nodes of decision tree using the explanatory variable x610 

were recorded in Table 62 (splitting by other variables was not considered). The table summarises the 

information from parent nodes, including the thresholds to be yielded in the inequality, and the 

information from their children nodes, mainly the fraction of samples (O-D pairs) in the node from all 

samples in the model, and the average modal share of the transport mode in the node (value of the 

node). Some of the children nodes after the split become parent nodes for another splitting. The 

terminal nodes of all splitting according to the explanatory variable x610 are in the table, highlighted in 

green colour. Those highlighted nodes together contain 100 % of all O-D pairs in the model, thus there 

is a ground to believe in a general applicability of the found dependency. 

Table 62: Information relevant to the split of nodes using the explanatory variables Distance to the closest train 

stop or station (x610) in the decision tree of transport mode Train from its A-School-Filtered model version 3, 

terminal nodes of splitting according to the explanatory variable x610 are highlighted in green 

Parent 
node 

Variable Threshold 
Inequality 

yielding 
Children 

node 
Samples  

(O-D pairs) 
Train 
share 

  
below or equal #1 21.2% 16.99% 

#0 x610 910.12 m 
greater than #8 78.8% 1.81% 

  

  
below or equal #9 13.8% 6.50% 

#8 x610 1 766.34 m 
greater than #12 64.9% 0.81% 

  

  
below or equal #13 26.7% 1.52% 

#12 x610 3 708.77 m 
greater than #14 38.2% 0.31% 
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The information from the 4 terminal nodes of splitting according to the explanatory variable x610 were 

used to create an overview of 4 dependency intervals of explanatory variable x610 given in Table 63. 

The dependency intervals are defined by the variable thresholds calculated by the decision tree model. 

Each interval consists of O-D pairs, which were in the terminal node, for which the interval boundaries 

apply. The modal share of transport mode Train within each interval is an average modal share from 

the respective terminal node (a value of the node). Based on the Train shares within the intervals, 

recommendation on support to the transport mode Train are given, using a fuzzy verbal classification. 

It is important to note one thing. The average modal shares in leaves of the decision tree diagrams 

(presented as a value of the leaf): those modal shares are calculated as an average of modal shares of 

each O-D pair in the node. There is one modal share per each O-D pair, regardless of the number of 

travellers commuting within the O-D pair. Thus, the average modal share of leaf is not weighted by the 

number of travellers like the modal shares presented in chapters 5.1 and 5.2. 

Table 63: Dependency intervals of the Train modal share on the Distance to the closest train stop or station 

(explanatory variable x610) defined by the variable thresholds from the A-School-Filtered decision tree model 

x610 interval Node O-D pairs Train share Recommendation 

below 910 m #1 21.2% 16.99% Definitely DO consider support 

from 910 to 1 766 m #9 13.8% 6.50% Rather consider support 

from 1 766 to 3 708 m #13 26.7% 1.52% Carefully consider support 

over 3 708 m #14 38.2% 0.31% UNNECESSARY to consider support 

The fuzzy nature of the recommendations allows the thresholds to be rounded before being used as 

interval boundaries of the explanatory variable. Eventually, the above boundaries could be rounded 

even more to obtain a simple, well rememberable ‘rule of thumb’, suitable for presentation to decision 

makers or general public. For example, in the case of school commute, the level of support to 

transport mode Train could be bounded by the ‘Distance to the closest train stop or station from the 

municipality of origin’ within 4 dependency intervals with boundaries of 900 – 1800 – 3600 metres, 

with the highest level of support for the interval of the shortest distances. 

The decision tree diagrams of mode Train from B-School-Filtered, A-Work-Filtered and B-Work-Filtered 

models will follow along with the tables resulting from their analysis as well as the tables of generated 

dependency intervals for each model. All tables were generated the same way as the tables relevant to 

A-School-Filtered model presented above. Unless otherwise specified below, all highlighted nodes in 

each model contain 100 % of all O-D pairs of the model, thus there is a ground to believe in a general 

applicability of the found dependency. 
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Figure 26: Decision tree diagram of transport mode Train from B-School-Filtered 

All the information relevant to the split of nodes of the decision tree using the explanatory variable 

x610 were recorded in Table 64 based on Figure 26. 

Table 64: Information relevant to the split of nodes using the explanatory variables Distance to the closest train 

stop or station (x610) in decision tree of transport mode Train from its B-School-Filtered model, terminal nodes of 

splitting according to the explanatory variable x610 are highlighted in green 

Parent 
node 

Variable Threshold 
Inequality 

yielding 
Children 

node 
Samples  

(O-D pairs) 
Train 
share 

  
below or equal #1 57.0% 7.89% 

#0 x610 1 029.16 m 
greater than #6 43.0% 1.25% 

  

  
below or equal #8 11.7% 0.85% 

#7 x610 2 955.40 m 
greater than #9 19.8% 0.13% 

  

The dependency intervals in Table 65 were generated based on the information in Table 64 highlighted 

in green. The highlighted terminal nodes of splitting according to the explanatory variable x610 

together contain only 88.5 % of all O-D pairs in the model. Thus, there is a risk the found dependency 

intervals will not have a general applicability. 

Table 65: Dependency intervals of the Train modal share on the Distance to the closest train stop or station 

(explanatory variable x610) defined by the variable thresholds from the B-School-Filtered decision tree model 

x610 interval Node O-D pairs Train share Recommendation 

below 1 029 m #1 57.0% 7.89% Definitely DO consider support 

from 1 029 to 2 955 m #8 11.7% 0.85% Carefully consider support 

over 2 955 m #9 19.8% 0.13% UNNECESSARY to consider support 



153 

 

Figure 27: Decision tree diagram of transport mode Train from A-Work-Filtered 

All the information relevant to the split of nodes of decision tree using the explanatory variable x610 

were recorded in Table 66 based on Figure 27. 

Table 66: Information relevant to the split of nodes using the explanatory variables Distance to the closest train 

stop or station (x610) in decision tree of transport mode Train from its A-Work-Filtered model, terminal nodes of 

splitting according to the explanatory variable x610 are highlighted in green 

Parent 
node 

Variable Threshold 
Inequality 

yielding 
Children 

node 
Samples  

(O-D pairs) 
Train 
share 

  
below or equal #1 30.4% 4.75% 

#0 x610 1 045.14 m 
greater than #6 69.6% 0.58% 

  

  
below or equal #7 12.2% 2.08% 

#6 x610 1 810.78 m 
greater than #8 57.4% 0.26% 

  

  
below or equal #9 8.6% 0.91% 

#8 x610 2 478.98 m 
greater than #10 48.7% 0.15% 

  

The dependency intervals in Table 67 were generated based on the information in green in Table 66. 

Table 67: Dependency intervals of the Train modal share on the Distance to the closest train stop or station 

(explanatory variable x610) defined by the variable thresholds from the A-Work-Filtered decision tree model 

x610 interval Node O-D pairs Train share Recommendation 

below 1 045 m #1 30.4% 4.8% Definitely DO consider support 

from 1 045 to 1 811 m #7 12.2% 2.1% Rather consider support 

from 1 811 to 2 479 m #9 8.6% 0.9% Carefully consider support 

over 2 479 m #10 48.7% 0.2% UNNECESSARY to consider support 
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Figure 28: Decision tree diagram of transport mode Train from B-Work-Filtered 

Table 68 and Table 69 were generated based on Figure 28. As Josh Starmer says: “Triple bam!!!” (2019) 

Table 68: Information relevant to the split of nodes using the explanatory variables Distance to the closest train 

stop or station (x610) in decision tree of transport mode Train from its B-Work-Filtered model, terminal nodes of 

splitting according to the explanatory variable x610 are highlighted in green 

Parent 
node 

Variable Threshold 
Inequality 

yielding 
Children 

node 
Samples  

(O-D pairs) 
Train 
share 

  

below or equal #2 20.4% 4.46% 
#1 x610 623.97 m 

greater than #3 23.5% 2.90% 
  

  

below or equal #1 43.9% 3.62% 
#0 x610 1 178.87 m 

greater than #6 56.1% 0.46% 
  

  

below or equal #7 11.8% 1.36% 
#6 x610 1 974.86 m 

greater than #8 44.3% 0.22% 
  

  

below or equal #9 24.4% 0.35% 
#8 x610 4 664.90 m 

greater than #10 19.9% 0.05% 
  

Table 69: Dependency intervals of the Train modal share on the Distance to the closest train stop or station 

(explanatory variable x610) defined by the variable thresholds from the B-Work-Filtered decision tree model 

x610 interval Node O-D pairs Train share Recommendation 

below 624 m #2 20.4% 4.46% Definitely DO consider support 

from 624 to 1 179 m #3 23.5% 2.90% Rather consider support 

from 1 179 to 1 975 m #7 11.8% 1.36% Carefully consider support 

from 1 975 to 4 665 m #9 24.4% 0.35% UNNECESSARY to consider support 

over 4 655 m #10 19.9% 0.05% Definitely DO NOT consider support 
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Four sets of intervals of the Train modal share dependency on the Distance to the closest train stop or 

station were generated based on the decision tree diagrams from A-School-Filtered, B-School-Filtered, 

A-Work-Filtered, B-Work-Filtered models. The next step should be a creation of universal dependency 

intervals, which would comply with the sets generated for the individual models. However, the 

number of dependency intervals differs among the generated sets of dependency intervals.  

Thus, a selection process of boundaries for universal intervals was designed and is presented in Table 

70. First, all the splitting thresholds from all four models were put in the first column of the table and 

ordered from the smallest to largest. Then, an increase from one threshold to another was calculated 

as percentage. The boundaries of new universal intervals were set to be between the original 

thresholds, which show the greatest increase from one to another (in bold). The averages of the 

selected pairs of thresholds were calculated to be the values of new boundaries. 

Table 70: Selection process of boundaries for universal intervals, rules of thumb for presentation of boundaries of 

universal intervals and application of universal intervals to the data set of Distances to the closest train stop or 

station from every municipality (explanatory variable x610). 

Finding boundaries of new 
universal intervals 

Rules of thumb for 
presentation of boundaries 

Application of intervals to the 
data set of x610 

Thresholds 
[m] 

Increase 
[%] 

Average 
[m] 

Minutes Distance 
[m] 

Distance 
[mile] 

Average x610 
in interval [m] 

Municipalities 
in interval [#] 

624 
          

468 1 032 

46% 767 7.5 750 0.5 

910 

1 080 768 

13% 
        

1 029 
 

  
 

  

2% 
 

  
 

  

1 045 
 

  
 

  

13% 
 

  
 

  

1 179 
        

50% 1 472.5 15 1 500 1 

1 766 

1 855 681 

3% 
        

1 811 
 

  
 

  

9% 
 

  
 

  

1 975 
        

26% 2 227 22.5 2 250 1.5 

2 479 

3 161 1 619 

19% 
 

  
 

  

2 955 
 

  
 

  

25% 
 

  
 

  

3 708 
 

  
 

  

26% 4 186.5 45 4 500 3 

4 665 6 648 2 152 
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The calculated (raw) values of new interval boundaries (767 m, 1 472.5 m, 2 227 m and 4 186.5 m) are 

not exactly easy to present nor to remember. For the purpose of easier communication of the 

boundaries to the key stakeholders, such as political representatives, policy makers or opinion makers; 

the boundaries are proposed to be simplified into one of the presented sets of rounded values – the 

rules of thumb. 

The first one represents the walking time to the closest train stop or station in minutes rounded to 

values of 7.5 – 15 – 22.5 and 45 minutes. This rule of thumb is based on the assumption of 1-minute 

walking time per 100 m section. The rounding was selected to 7.5 minutes intervals, which are one of 

the most common and well-known time intervals of transport services. 

The second and the third rule of thumb are representing the distance to the closest train stop or 

station, expressed both in metres and in miles (for stakeholders used to the imperial units). The 

distances expressed in the International system of units: 750 – 1 500 – 2 250 and 4 500 m were 

rounded to be in line with the walking time rule of thumb and the conversion factor between them. 

The distances expressed in the Imperial system of units: 0.5 – 1 – 1.5 – 3 miles was rounded to easily 

rememberable numbers, despite the fact the boundary of 4 186.5 m could have been rounded to 2.5 

miles. On the other hand, the increase of threshold from 3 708 to 4 665 m was not so distinct 

compared to the increase between the pairs of thresholds above it. Thus, the boundary of 4 186.5 m is 

not set as conclusively as the other boundaries. Considering the fuzzy nature of the recommendations, 

this is an acceptable level of uncertainty in the definition of boundaries. 

The recommendations on support to the transport mode Train based on the created universal 

dependency intervals are stated in Table 71. The reason for ‘mixing up’ the result of school and work 

models is that the stations are serving to commute of any purpose. Similarly, the stations can be both 

in the municipality of origin or destination and thus the universal intervals need to be ready for this. 

Table 71: Universal dependency intervals of the Train modal share on the Distance to the closest train stop or 

station (explanatory variable x610) defined by the new boundaries defined in Table 70, reflecting thresholds 

resulted from A-School-Filtered, B-School-Filtered, A-Work-Filtered and B-Work-Filtered models 

x610 universal interval Recommendation 

below 750 m Definitely DO consider support 

from 750 to 1 500 m Rather consider support 

from 1 500 to 2 250 m Carefully consider support 

from 2 250 to 4 500 m UNNECESSARY to consider support 

over 4 500 m Definitely DO NOT consider support 
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The application of the universal dependency intervals to the data set of the Distance to the closest 

train stop or station (explanatory variable x610) can be seen in the right two columns of Table 70. For 

example, an average value of x610 in the interval between 750 and 1 500 m is 1 080 m, which is based 

on values of 768 municipalities, whose distance to the closest train stop or station is within the interval 

of 750 and 1 500 m. Table 70 also shows that there are 2 152 municipalities in Czechia, whose Distance 

to the closest train stop or station is too long to expect any potential for higher modal share of the 

transport mode Train. 

Of course, the applied dependencies descried by the above-mentioned recommendations do not have 

the ambition to be a binding set of rules in any way. But it could be a benchmark, an initial expert 

guess in the case where no other data are available. Moreover, the found dependencies are rather 

describing the potential of the transport mode share, which is reached on average in other 

municipalities or O-D pairs with the similar characteristics (explanatory variables). So, the decisions to 

support a transport mode must continue to be based on the knowledge of the current situation, the 

current modal shares. However, the support is commonly provided with the goal of increasing the 

modal share of the supported transport mode and that is where the applied dependency could be 

used for preliminary assessment, whether the aimed increase is realistic at the given characteristics of 

a municipality or an O-D pair. A possibility to do such assessment easily would be a great benefit to 

local government, which cannot afford to undertake a full-scale professional traffic engineering 

assessment in the case of every decision-making on the transport mode support. 

For example, in the case where the current shares of some transport mode (for example Train) would 

be unexpectedly high in some municipality with no prerequisites for it, (for example a long distance to 

any train stop or station), it must be given by some specific local circumstances. In respect to the local 

circumstances, the above described recommendations should not be used to stop or deny the support 

to the transport mode if its modal share is already high. However, if the modal share of the mode Train 

is low as expected considering the Distance to the closest train stop or station, it should not be 

expected that any support to the mode Train will help to a significant increase of its share and no or 

only reduced support should be provided in line with the described recommendations. 

During the decision-making process on the transport mode support, one must also take in 

consideration the network character of transport services. For example, it would not be reasonable to 

avoid any investment in a modernisation of one Train stop, which is far from the municipality, if the 

other Train stops on the same railway line are about to be modernised. The key operational 

parameters, such as the length and height of the platforms, should be the same on all stops on the 

line. On the other hand, the extent of additional investments in the passenger comfort, such as shed or 
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lighting, could be rationalised on the stops with low potential for Train share increase, for example 

based on the long distance from the closest municipality. 

The applied dependencies are a predefined set of rules. As such, they are easy to be used without the 

need for further analysis or comprehensive knowledge. On the other hand, the fact that they are 

predefined for general use is limiting their ability to cover all cases, as described above. Even despite 

the limitations, there is a ground to believe that the applied dependencies can be a useful tool in the 

decision-making process. 
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[7] Conclusions and recommendations 

As Josh Starmer always says: “Hooray, we’ve made it to the end of another exciting StatQuest!” 

(STARMER, 2019). Well, this complex thesis was not exactly a 25 minutes long excitement, but let’s 

hope its condensed conclusion will be. 

7.1 Conclusions on dependencies 

First of all, it must be said that some dependencies of shares of transport modes on the explanatory 

variables were found during the research. Stronger dependencies were found in the type C models. 

A brief recapitulation of the approach will follow (please, skip to next paragraph for the first 

conclusion). The dependency of the modal share of transport modes on various explanatory variables 

was researched using decision tree models and linear regression models. The research has focused on 

the daily local commute to work or school between the municipalities of Czechia. The dependencies 

were researched independently for work and for school commute. The acquired data on the number 

of travellers, and the transport mode they have used between the municipalities of origin and 

destination, allowed to calculate the modal split for every origin-destination pair. The modal share of 

each transport mode used within each origin-destination pair acted then as the explained variable in 

all models. From the perspective of the used sets of explanatory variables, the models were further 

divided into three types A, B and C. Type A models used the explanatory variables related to the 

municipality of origin (the municipality A). The municipality-related explanatory variables included 

socio-demographic indicators of the municipality (e.g. population size, education of inhabitants, car 

ownership) and spatial indicators (e.g. population density, distance to train stop or station, 

mountainousness of municipality). Type B models were using the same municipality-related 

explanatory variables but related to the municipality of destination (the municipality B). Therefore, the 

type A and B models are collectively referred as municipality-related models. Type C models, so called 

connection-related models, were using the explanatory variables related to the connections between 

the municipalities of origin and destination, such as travel distance, travel time or travel time share. 

Due to high demands on the data collection of the connection-related explanatory variables, the 

connection-related models worked only with a sub-set of origin-destination pairs the municipality-

related models were working with. The explanatory variables, which have achieved the strongest 

dependency given by an importance of explanatory variable (provided by the decision tree model) and 

at the same time by a normalised coefficient of determination (provided by the linear regression 

model), were deemed to be successful in explaining the modal share. 
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The most successful municipality-related explanatory variable was the Distance to the closest train 

stop or station (explanatory variable code x610). It is because this variable has shown a strong 

dependency with the modal share of transport mode Train in all types of the municipality-related 

models. There is always a negative association between the share of the mode Train and the Distance 

to the closest train stop or station. In other words, the share of mode Train is increasing with the 

decreasing Distance to the closest train stop or station. It applies to both cases, i.e. distance to stop 

or station from the municipality of origin (modelled in type A models) as well as distance from stop or 

station to the municipality of destination (type B models). The dependency is strong for both work and 

school commute. See chapters 5.9.2 and [6] for more details. 

The Distance to the closest train stop or station also has a strong dependency with the share of the 

mode Bus in the case of type A model of school commute. There is a positive association, which means 

the share of mode Bus is increasing with the increasing Distance to the closest train stop or station. 

It indicates that the transport mode Bus increases its share in school commute on the expense of the 

mode Train with the increasing distance to stop or station from the municipality of origin. 

The second most successful municipality-related explanatory variable was the Car ownership (x410). It 

is because this variable has shown a strong dependency with multiple modal shares in both types of 

municipality-related models of work commute. The Car ownership has always a positive association 

with the share of the mode Driver and negative association with the share of the mode Bus in work 

commute models. In other words, the share of the mode Driver is increasing with the increasing Car 

ownership, while the share of the mode Bus is decreasing, and vice versa. It indicates that the 

transport mode Driver increases its share in work commute on the expense of mode Bus, with the 

increasing Car ownership. Moreover, the Car ownership has a negative association with the share of 

the transport mode PTplus. See chapter 5.9.2.2 for more details. 

The remaining successful municipality-related explanatory variables will be listed in numerical order. 

Thus, the next one is the Share of employees with apprenticeship certificate (x210). This variable has 

shown a strong dependency with the modal shares of the transport mode CarPass in the type A model 

of school commute. There is a negative association which means the share of the mode CarPass is 

decreasing with the increasing Share of employees with apprenticeship certificate in the municipality 

of origin of school commute. See chapter 5.9.2.2 for more details. 

The explanatory variable Share of employees with apprenticeship certificate (x210) has proven to be 

more beneficial in explaining the modal share in the Czech environment than the variable Share of 

employees with elementary education (x200), which was recommended by the review (see chapter 

[3]) as a benchmark of lower level of educational attainment. On the other hand, although the 
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variable Share of employees with university degree (x260) was not labelled as a successful explanatory 

variable, its dependencies were the strongest of all the variables describing the higher levels of 

educational attainment and thus it can be recommended as the local benchmark for those. 

Another successful municipality-related explanatory variable is the Total number of workers, pupils, 

students and apprentices (x430). This variable has shown a strong dependency with the share of the 

mode Driver in the type A model of school commute. There is a positive association, which means the 

share of the mode Driver is increasing with the increasing Total number of workers, pupils, students 

and apprentices residing in the municipality of origin of school commute. However, that is in 

contradiction with the association expected by the hypothesis, as discussed in chapter 5.9.2.1. 

The explanatory variable Total number of workers, pupils, students and apprentices (x430) is strongly 

correlated with the explanatory variable Number of inhabitants (x420) with a correlation coefficient of 

0.9998, thus it might be necessary to use only one of them for models, which cannot handle mutually 

dependent explanatory variables. Despite the variable Total number of workers, pupils, students and 

apprentices is deemed successful and the Number of inhabitants not, the latter one has also achieved 

strong dependencies and further analysis should be done to decide on which one is the better 

performing, before only one is selected. This was not done in this research as both decision tree 

models and simple linear regression models can handle the mutually dependent explanatory variables. 

Another two strongly correlated explanatory variables are the Gross population density (x500) and 

the Net population density (x510) with a correlation coefficient of 0.7448. Their ‘competition’ ended 

up tied as each of them was successful in one model type. Gross population density has shown a 

strong dependency with the modal share of transport mode Walk in the type A model of school 

commute. There is a positive association, which means the share of mode Walk is increasing with the 

increasing Gross population density in the municipality of origin of school commute. Net population 

density has shown a strong dependency with the modal share of PTplus in the type B model of work 

commute. There is a positive association, which means the share of the mode PTplus is increasing 

with the increasing Net population density in the municipality of destination. 

The most successful connection-related explanatory variables were the travel time share based 

explanatory variables (x80, x81, x83, x84 and x86). It is because these variables have dominated with 

their dependency strength within the type C models of both work and school commute. It also makes 

them the most successful explanatory variables of this research. There is always a positive association 

between the modal share of transport mode and its respective travel time share. In other words, the 

modal share of a transport mode is increasing with the increasing value of its travel time share. See 

chapter 5.9.2 for more details. 
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7.2 Conclusions on methodology 

First of all, it must be said that all the used methods have proved their benefit for the research of the 

modal split of the daily local commute to work or school between the municipalities of Czechia. 

A brief recapitulation of the key travel behaviour data pre-processing methods will follow, including 

the reasons for their development (please, skip to next paragraph for the first conclusion). The pre-

processing methods were developed to overcome the imperfections of the raw travel behaviour data 

set. The aggregation of transport modes was rationalising the 93 possible combinations of transport 

modes with very different level of utilisation, resulting from the methodology of the national 

population census. In the census, over 10 million inhabitants of Czechia were recording their usual 

travel behaviour on journeys to work or school, including the usually used transport modes. The 93 

combinations were aggregated into 10 transport modes with more comparable level of utilisation and 

in a way that no commuter journeys were lost from the data set. The transformation of the origin-

destination pairs was dealing with a structure of the raw data set, which contained the data relevant 

to one origin-destination pair in multiple data rows. After transformation, all the modal split and travel 

time data relevant to one origin-destination pair were recorded in one data row suitable as an input to 

modal share models. The reduction was addressing the natural difference in travel behaviour among 

the origin-destination pairs to, from and between the large towns and cities of Czechia and the origin-

destination pairs to, from and between smaller towns and municipalities. The reduction was used to 

select only the origin-destination pairs to, from and between the small towns and municipalities 

relevant to the local commute. The filtration was dealing with the high share of origin-destination 

pairs with only a small number of travellers (typically only one traveller) within them. The modal split 

figures from such origin-destination pairs would not be calculated from a representative sample of 

journeys and could distort the overall modal split figures. On the other hand, the filtration also had to 

taken into consideration the municipal structure of Czechia, with very small municipalities, which are 

typically being connected only by the origin-destination pairs with the small number of travellers. 

Thus, only the origin-destination pairs with the small number of travellers, which were not important 

to the total number of in- and out-commuting travellers to and from the municipalities, were filtered 

out (removed) from the data set. 

Two main contributions of the travel behaviour data pre-processing methods should be set forth: 

1) Facilitation of the modal share dependency research by restructuring, concentrating and 

focusing the modal share information within the data set of explained variables. The methods 

thus helped to find stronger dependencies of the modal shares on the explanatory variables, 

2) Naming, describing and defining the individual steps of the data pre-processing process. By 

structuring the data pre-processing process into individual steps, the purpose and 
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methodology of each step can be defined separately. Similarly their outcomes can be assessed 

separately as well their ability to meet the set objectives. Therefore, the methodology of each 

step can be optimised separately, which is less a complex task with a more straightforward 

relation of action and reaction. 

The contribution number 2) is a general contribution, which can be found useful for other researchers 

dealing with similar problems or data sets. Their benefit from the named and described individual 

steps of the data pre-processing process can be seen in two main areas: 

i) They do not need to spend the effort on inventing the structure of the data pre-

processing steps and on defining the purpose and assessment criteria of each step, 

ii) They can individually optimise the methodology of only selected steps according to their 

needs, based on their available data and other resources. 

Regarding the modelling methods, both decision tree models and linear regression models has 

demonstrated their applicability for modelling dependencies of modal shares on explanatory variables 

by finding consensus on several strong and meaningful dependencies. 

The decision tree models were not always able to find the explanatory variables, which would reliably 

explain the modal shares of some transport modes. Most of those modes had the least modal shares 

in the data set. A conclusion was made, that the trouble with the poor performance of the decision 

tree models of the less used modes proves the decision not to distinguish and model the even more 

rarely used transport modes such as motorbike (Moto). 

The fact it was possible to find dependencies of modal shares on explanatory variables, which are 

relevant to municipalities and connections of municipalities proves the basic concept of the 

macroanalysis of travel behaviour is viable and can enrich the existing set of modal split research 

approaches and perspectives. The key advantages of the macroanalysis relying on the municipality- 

and connection-related explanatory variables are the following: 

A) A wide range of statistical data on municipalities is publicly available from various sources, 

B) There is a minimum chance of breaching the personal data protection rights by publishing the 

results aggregated on the level of municipalities and the connections between them, 

C) Its relevance to municipalities and connections between them makes the result to be easily 

interpretable and understandable to the general public as well as the local stakeholders. 
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7.3 Recommendations and future steps 

This chapter will mention the key recommendations on what next steps should be done in the modal 

split research and what are the opportunities for future discoveries. 

Use more explanatory variables related to transport services in municipalities – Based on the success 

of the explanatory variable Distance to the closest train stop or station (x610), there is a ground to 

believe the municipality-related models type A and B will find stronger dependencies if more 

explanatory variables characterising the transport services in the municipalities are used. For example, 

the variables related to availability of parking facilities in municipalities, schools and workplaces could 

have a significant potential. Unfortunately, no data on parking were available for this research. 

Involve the travel distance in the research – The dependencies of the shares of the transport modes 

on the travel distance could be researched and compared to the dependencies found by other authors 

on this matter. However, more importantly, if knowing the distance intervals, for which the transport 

modes are preferred, the research of dependencies could be segregated to selected distance intervals. 

So for example, the dependencies of Bike usage would be researched only in journeys of up to some 

found length limit rather than above the limit, where a high usage of mode Bike cannot be expected. 

Sadly, no data on travel distance were ready for this research and measuring the distance manually for 

every single connection within every origin-destination pair was very time demanding. 

Use more detailed variables on the employment in different sectors of the economy – Instead of the 

three usually used explanatory variables on educational attainment (elementary, secondary, 

university), in total nine education-related explanatory variables were tried out in this research, finding 

one which was successful despite no expectation from it (apprenticeship certificate). However, this 

research has employed only one explanatory variable on the employment in the different sectors of 

the economy. It was the Ratio of inhabitants employed in key sectors (pseudo tertiary sector versus 

pseudo primary and secondary sectors). This variable (x370) was the strongest among the employment 

related explanatory variables. Considering the detail of the data on economic activity groups offered 

by the Czech Statistical Office, it might be a good idea to try disaggregating the Ratio of inhabitants 

employed in key sectors into more explanatory variables. However, this can be done only in a research 

including larger municipalities than this research, where not even largely aggregated sector of 

economy did not have any representative in small population size municipalities. 

Verification of the new travel time share based explanatory variables – The explanatory variables, 

derived from the travel time share, were found to have the strongest dependency within the 

connection-related models as well as within this research as a whole. However, the strength of their 
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dependency might be unnaturally increasing with the increasing number of extreme values of modal 

share of 0 and 1, as discussed in chapter 5.9.2.2. Thus, the performance of the travel time share based 

explanatory variables should be tested on data sets, which avoid these extreme values. For example a 

data set, which does not contain the origin-destination pairs with only one traveller, which are the 

major source of the modal share values of 1 or 0. However, this cannot be the data sets of origin-

destination pairs to or from the smallest municipalities of Czechia, which are commonly part of the 

origin-destination pairs with only one traveller, and which were used in this research. 

Use the developed methodology for researching data from the Population and Housing Census 2021 

– This research was working with the data from 2011, when the so far last national population census 

was conducted. A research of the nine years old data might make this thesis look outdated. The exact 

opposite is the truth. Besides the fact, there are no newer data available anyway, the research of the 

data from 2011 allowed to develop the methodology for their processing, which will be ready for the 

coming 2021 data. The readiness of the methodology for processing of the coming data is one of the 

most important contributions of this thesis. The vision is that the application of the found 

dependencies of the modal shares on the explanatory variables should lead to creation of a decision 

assisting tool for the local governments on the support on the various transport modes. Chapter [6] 

does not provide any complex decision-assisting tool, but an example of application, according to 

which the tool can be later created, based on the 2021 data. 

Make connection-related models of the whole Olomouc region based on 2021 data – During the 

research of dates of commissioning of the rural cycle paths in Olomouc region, it was found that the 

main boom of new rural cycle paths has started after the 2011 population census. New cycle paths 

were emerging not only in the administrative district of the municipality with extended powers 

Šternberk, whose origin-destination pairs were studied in this research, but also in the administrative 

districts Olomouc, Hranice, Lipník nad Bečvou, Přerov, Prostějov, Litovel, Mohelnice, Šumperk and 

mostly Uničov. Thus, in the time of 2021 census, there should be much more rural cycle paths, which 

could be a stimulating factor for an induction of the Bike transport between the municipalities. The 

comparison of the modal share of transport mode Bike in 2011 and 2021 data will be more than 

interesting, as well as the other comparisons possible thanks to the developed methodology. 

Develop methods of automated data collection of connection-related explanatory variables – The 

scarcity of connection-related explanatory variables given by their time demanding manual data 

collection was limiting the use of the connection-related models (type C models) within this research. 

In order to draw the benefits of the type C models in larger scale, methods of automated data 

collection of the connection-related explanatory variables should be developed and utilised. 
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7.4 Summary of the conclusions 

The thesis has fulfilled its purpose, which was to research and describe the methods of how to 

process the data relevant to the modal split of local daily commute to work or school between the 

municipalities of Czechia. Thanks to it, also the main goal of the thesis was achieved, which was to 

find and describe the dependencies of the modal shares of transport modes on various municipality-

related and connection-related explanatory variables. 

The main contributions of the thesis are as follows:  

1) The developed methodology of data pre-processing of the travel behaviour data set 

originating from the periodically recurring Population and Housing Census, mainly including: 

a. Aggregation of transport modes, 

b. Reduction of origin-destination pairs, 

c. Filtration of origin-destination pairs; 

2) Application of the found dependency of the modal share of the transport mode Train on the 

Distance to the closest train stop or station. The negative association of these two variables 

was one of the strongest dependencies in all municipality-related models, relevant to both 

work and school commute, as well as to both municipalities of origin and destination. The 

results of the application are the universal dependency intervals valid for all four models, and 

the relevant recommendations on the support to mode Train presented in Table 72; 

Table 72: Universal dependency intervals of the Train modal share on the Distance to the closest train 

stop or station (explanatory variable x610) and relevant recommendations on support to mode Train 

Distance to the closest  
train stop or station 

Potential for modal 
share of mode Train 

Recommendations on support  
to mode Train 

below 750 m Very high Definitely DO consider support 

from 750 to 1 500 m High Rather consider support 

from 1 500 to 2 250 m Moderate Carefully consider support 

from 2 250 to 4 500 m Low UNNECESSARY to consider support 

over 4 500 m Very low Definitely DO NOT consider support 

3) The developed variable ‘travel time share’. This variable is an example of an inter-modal 

comparison, describing the competitiveness of the travel time of each transport mode in 

comparison with travel times of other transport mode within the same origin-destination pair. 

The travel time share based explanatory variables have reached the strongest dependencies 

with the modal shares within the connection-related models as well as within this research as 

a whole. The strong, positive association of the travel time share and the modal share confirms 

the travellers are rationally preferring the fastest transport options. 
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LIST OF ABBREVIATIONS 

.csv  comma separated value file format 

AKA  also known as 

AVG  average 

A-S-F  type A model of school commute using filtered set of O-D pairs (A-School-Filtered) 

A-W-F  type A model of work commute using filtered set of O-D pairs (A-Work-Filtered) 

B-S-F  type B model of school commute using filtered set of O-D pairs (B-School-Filtered) 

B-W-F  type B model of work commute using filtered set of O-D pairs (B-Work-Filtered) 

CarPass  using the passenger car for commuting as a passenger 

CDV  Centrum dopravního výzkumu, v.v.i. (Transport Research Center) 

CHMI  Czech Hydrometeorological Institute (Český hydrometeorologický ústav) 

CSO  Czech Statistical Office (Český statistický úřad) 

C-S-F  type C model of school commute using filtered set of O-D pairs (C-School-Filtered) 

C-W-F  type C model of work commute using filtered set of O-D pairs (C-Work-Filtered) 

Driver  using the passenger car for commuting as a driver 

DTR  decision tree 

GDP  gross domestic product 

GIS  Geographic Information Systems 

IEV  importance of explanatory variable 

LR  linear regression 

MCT  mass city transport 

MEP  municipality with extended powers (obec s rozšířenou působností) 

MTB  mountain bike 

na  no association 

O-D  origin-destination 

PS-  aggregation of partial primary and partial secondary sectors of the economy 

PT  public transport 

PTcom  combination of only public transport modes 

PTplus  combinations of public transport modes with private transport modes 

r  correlation coefficient 

R2  coefficient of determination 

RMSE  root mean square error 

SD  standard deviation 

ŠTBK  Town of Šternberk or the administrative district of MEP of the same name 

T+  aggregation of tertiary, partial quaternary and partial quinary sectors of the economy 

Tr  training data set 

TT  travel time 

TTS  travel time share 
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[A] Census forms 

A.1 Census form – persons 

 



. 

198 
. 

 
 



. 

199 
. 

A.2 Census form – persons – census form translation 
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A.3 Explanation for the census form – persons 
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[B] Correlation matrices of explanatory variables 

B.1 Municipality-related variables 

 

 
Note: The ones on the diagonal have been deleted not to distort the colour scale of conditional formatting. 

 
  

Correlation matrix of municipality-related explanatory variables x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915

Average age of inhabitants - x100

Share of children aged 0-14 - x110 -0,77

Share of inhabitants aged 15-64 - x120 -0,33 -0,24

Share of inhabitants with age 65+ - x130 0,86 -0,51 -0,70

Age index (share of 65+ / share of 0-14) - x140 0,75 -0,66 -0,25 0,70

Share of employees with elementary education - x200 -0,06 -0,01 0,16 -0,14 -0,07

Share of employees with apprenticeship certificate - x210 0,15 -0,12 -0,07 0,15 0,10 0,14

Share of employees without high school diploma - x220 0,10 -0,11 0,01 0,07 0,06 0,53 0,91

Share of employees with high school diploma - x230 -0,05 0,04 -0,01 -0,02 -0,03 -0,43 -0,69 -0,77

Share of employees with completed extension study - x240 -0,01 0,03 -0,04 0,01 -0,01 -0,19 -0,27 -0,31 0,08

Share of employees with tertiary technical education - x250 -0,03 0,03 -0,02 0,00 -0,01 -0,15 -0,23 -0,26 0,07 0,09

Share of employees with university degree - x260 -0,11 0,12 0,01 -0,09 -0,06 -0,38 -0,71 -0,76 0,24 0,14 0,14

Share of employees with high school diploma or higher - x270 -0,10 0,11 -0,01 -0,06 -0,05 -0,54 -0,90 -0,99 0,77 0,31 0,26 0,77

Average length of the education attendance of employees - x280 -0,08 0,11 -0,04 -0,04 -0,03 -0,64 -0,73 -0,88 0,44 0,28 0,24 0,94 0,89

Unemployment rate  - x300 -0,01 -0,06 0,13 -0,07 0,00 0,30 0,22 0,31 -0,24 -0,09 -0,12 -0,24 -0,32 -0,32

Share of economically active inhabitants - x310 -0,30 -0,02 0,54 -0,45 -0,22 -0,07 -0,20 -0,20 0,16 0,05 0,06 0,16 0,21 0,17 -0,02

Share of retired  - x320 0,86 -0,55 -0,48 0,84 0,64 -0,05 0,26 0,21 -0,13 -0,04 -0,04 -0,20 -0,21 -0,17 0,03 -0,58

Share of pupils and students - x330 -0,50 0,48 -0,03 -0,32 -0,39 -0,18 -0,02 -0,09 0,06 0,02 -0,01 0,09 0,09 0,13 -0,04 0,01 -0,38

Ratio of economically inactive to active inhabitants - x340 0,30 -0,03 -0,47 0,43 0,25 0,06 0,17 0,17 -0,14 -0,04 -0,02 -0,14 -0,17 -0,15 -0,01 -0,94 0,54 -0,07

Ratio of self-employed to economically active inhabitants - x350 0,03 0,05 -0,10 0,05 0,02 -0,13 -0,15 -0,18 0,12 0,01 0,06 0,17 0,18 0,19 -0,16 0,02 -0,03 -0,03 -0,01

Ratio of occupied jobs to economically active inhabitants - x360 -0,04 -0,02 0,08 -0,07 -0,04 0,07 -0,12 -0,07 0,03 0,05 0,01 0,07 0,06 0,04 -0,09 -0,01 -0,08 -0,04 0,03 0,00

Ratio of inhabitants employed in key sectors (PS-/T+) - x370 -0,17 0,13 0,11 -0,19 -0,12 -0,10 -0,54 -0,51 0,29 0,14 0,14 0,49 0,50 0,47 -0,12 0,17 -0,28 -0,06 -0,13 0,22 0,12

Share of municipal inhabitant on national tax revenue - x400 0,24 -0,17 -0,04 0,16 0,20 0,14 0,11 0,15 -0,12 -0,05 -0,05 -0,11 -0,15 -0,15 0,16 -0,10 0,20 -0,17 0,09 0,13 0,01 -0,08

Car ownership - x410 0,16 -0,14 0,05 0,06 0,14 -0,04 0,03 0,01 0,03 -0,02 0,03 -0,04 -0,01 -0,02 -0,14 0,20 0,03 -0,21 -0,19 0,18 0,03 -0,02 0,25

Number of inhabitants - x420 0,00 -0,02 0,02 0,00 0,00 -0,02 -0,11 -0,10 0,04 0,03 0,02 0,11 0,10 0,10 -0,01 0,02 -0,03 -0,02 -0,03 -0,01 0,08 0,12 0,19 -0,05

Total number of workers, pupils and students - x430 0,00 -0,02 0,02 0,00 -0,01 -0,02 -0,11 -0,10 0,04 0,03 0,03 0,11 0,10 0,10 -0,01 0,03 -0,03 -0,02 -0,03 -0,01 0,08 0,12 0,19 -0,05 1,00

Gross population density - x500 -0,12 0,05 0,07 -0,10 -0,09 -0,08 -0,35 -0,33 0,18 0,11 0,07 0,33 0,33 0,32 -0,07 0,12 -0,17 0,02 -0,12 -0,07 0,17 0,28 -0,10 -0,23 0,44 0,44

Net population density  - x510 -0,27 0,16 0,12 -0,23 -0,20 -0,10 -0,36 -0,35 0,21 0,12 0,06 0,34 0,35 0,34 -0,05 0,17 -0,28 0,16 -0,17 -0,11 0,09 0,27 -0,24 -0,41 0,26 0,26 0,74

Municipality organizing Urban Public Transport - x600 0,01 -0,04 0,03 0,00 -0,01 -0,01 -0,18 -0,16 0,10 0,07 0,04 0,13 0,15 0,13 0,00 0,04 -0,04 -0,03 -0,04 -0,05 0,16 0,15 0,07 -0,11 0,32 0,31 0,54 0,41

Distance to the closest train stop or station  - x610 0,17 -0,13 -0,09 0,17 0,17 0,01 0,19 0,16 -0,15 -0,06 -0,04 -0,09 -0,16 -0,10 0,06 -0,10 0,19 -0,04 0,10 0,08 -0,08 -0,11 0,23 0,12 -0,06 -0,06 -0,25 -0,29 -0,12

Average purchase price of house - x700 -0,19 0,16 0,07 -0,18 -0,12 -0,07 -0,41 -0,38 0,19 0,06 0,11 0,41 0,38 0,38 -0,24 0,21 -0,30 -0,09 -0,18 0,23 0,09 0,56 -0,14 0,10 0,14 0,14 0,32 0,28 0,13 -0,13

Average purchase price of apartment - x710 -0,11 0,10 -0,01 -0,06 -0,07 -0,20 -0,35 -0,38 0,19 0,09 0,13 0,40 0,38 0,41 -0,27 0,18 -0,19 -0,04 -0,16 0,18 0,07 0,41 -0,18 -0,01 0,15 0,16 0,31 0,26 0,13 -0,09 0,81

Average purchase price of building land - x720 -0,15 0,12 0,05 -0,13 -0,10 -0,08 -0,41 -0,39 0,18 0,08 0,11 0,43 0,39 0,39 -0,17 0,16 -0,25 -0,05 -0,14 0,14 0,15 0,52 -0,07 -0,05 0,37 0,37 0,53 0,44 0,37 -0,15 0,85 0,75

Share of unoccupied dwellings - x730 0,43 -0,25 -0,24 0,39 0,34 0,02 0,21 0,19 -0,14 -0,04 0,01 -0,18 -0,19 -0,16 0,03 -0,28 0,43 -0,23 0,29 0,20 -0,10 -0,15 0,36 0,33 -0,09 -0,09 -0,41 -0,59 -0,17 0,32 -0,17 -0,17 -0,24

Mean altitude of municipality - x800 0,11 -0,07 -0,04 0,09 0,09 0,05 0,09 0,10 -0,08 0,00 0,01 -0,08 -0,10 -0,09 0,04 -0,12 0,13 0,03 0,11 0,08 0,02 -0,13 0,35 0,02 -0,02 -0,02 -0,19 -0,06 -0,01 0,21 -0,23 -0,28 -0,17 0,29

Mountainousness of municipality - x810 0,03 -0,04 0,06 -0,03 -0,03 0,08 -0,06 -0,02 0,00 0,04 -0,04 0,02 0,01 0,00 0,14 -0,05 0,02 0,00 0,03 0,04 0,07 0,06 0,20 -0,15 0,05 0,04 -0,01 0,18 0,09 0,05 -0,08 -0,12 -0,01 0,06 0,62

Mountainousness of municipality relative to its area - x820 0,09 -0,04 -0,08 0,10 0,09 -0,12 -0,04 -0,08 0,05 0,04 0,02 0,07 0,08 0,10 -0,03 -0,06 0,09 0,01 0,07 0,12 -0,10 0,01 -0,08 0,03 -0,06 -0,06 -0,02 0,03 -0,11 0,04 -0,04 -0,04 -0,07 0,14 0,22 0,25

Annual average precipitation (1991-2010) - x905 0,06 -0,03 -0,04 0,05 0,03 -0,03 0,06 0,03 -0,02 0,03 0,01 -0,05 -0,04 -0,03 0,00 -0,10 0,08 0,11 0,08 0,02 0,03 -0,18 0,18 -0,10 -0,02 -0,02 -0,08 0,07 0,00 0,06 -0,24 -0,25 -0,18 0,18 0,64 0,50 0,22

Annual average temperature (1991-2010) - x915 -0,09 0,06 0,03 -0,06 -0,06 -0,05 -0,09 -0,10 0,08 0,00 -0,01 0,10 0,10 0,10 -0,06 0,13 -0,11 -0,05 -0,12 -0,05 -0,03 0,14 -0,30 0,02 0,05 0,05 0,18 0,04 0,04 -0,15 0,24 0,30 0,18 -0,26 -0,88 -0,54 -0,23 -0,67
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B.2 Variables related to connections of municipalities 

 

 
Note: The ones on the diagonal have been deleted not to distort the colour scale of conditional formatting. 

 

Variables related to connections of municipalities x10 x11 x12 x13 x20 x21 x22 x23 x31 x32 x34 x40 x41 x42 x43 x44 x45 x60 x61 x62 x63 x70 x71 x73 x74 x76 x80 x81 x83 x84 x86 x90 x91

Distance to Bus stop - x10

Distance from Bus stop - x11 -0.11

Total distance to and from Bus stops - x12 0.65 0.68

Number of connections by Bus - x13 -0.06 0.08 0.02

Distance to Train stop or station - x20 -0.12 0.06 -0.04 0.03

Distance from Train stop or station - x21 0.00 -0.24 -0.18 -0.05 -0.10

Total distance to and from Train stops or stations - x22 -0.08 -0.13 -0.16 -0.02 0.65 0.69

Number of connections by Train - x23 0.15 0.14 0.22 0.12 -0.26 -0.24 -0.38

Distance by I. class road - x31 -0.05 0.00 -0.04 0.13 0.06 -0.09 -0.02 -0.01

Distance by II. or III. class road - x32 -0.06 0.01 -0.04 -0.31 0.14 0.00 0.10 0.07 -0.02

Proportion of distance by I. class road - x34 -0.03 0.02 -0.01 0.37 0.04 -0.01 0.02 0.00 0.75 -0.35

Shortcut / prolonging by Bike - x40 -0.08 0.04 -0.03 -0.16 -0.04 -0.12 -0.12 -0.04 0.23 0.41 0.09

Shortcut / prolonging by Bike relative  - x41 -0.08 0.04 -0.03 -0.06 -0.10 -0.16 -0.20 -0.10 0.08 0.07 0.10 0.73

Distance by rural cycle path - x42 0.09 0.06 0.12 0.38 -0.11 -0.06 -0.12 0.27 0.12 -0.07 0.28 -0.10 -0.14

Distance by rural cycle path relative - x43 0.11 0.06 0.12 0.33 -0.12 -0.10 -0.16 0.06 -0.02 -0.18 0.10 -0.13 -0.15 0.67

Total elevation of Bike route - x44 -0.07 -0.02 -0.07 -0.28 0.24 0.06 0.22 -0.24 0.55 0.61 0.21 0.41 0.14 -0.19 -0.24

Total elevation of Bike route relative - x45 -0.01 0.05 0.03 -0.25 0.19 0.16 0.26 -0.47 0.14 -0.01 0.22 0.21 0.29 -0.32 -0.27 0.54

Air distance - x60 -0.05 0.01 -0.03 -0.14 0.16 -0.06 0.07 0.08 0.61 0.75 0.19 0.29 -0.05 0.05 -0.14 0.77 0.01

Total distance by roads - x61 -0.08 0.00 -0.05 -0.18 0.15 -0.05 0.07 0.05 0.58 0.80 0.16 0.47 0.10 0.02 -0.16 0.82 0.08 0.97

Total distance by Bike - x62 -0.07 0.00 -0.05 -0.16 0.17 -0.04 0.10 0.06 0.58 0.78 0.16 0.32 -0.03 0.04 -0.15 0.80 0.04 0.99 0.99

Level of neighbouring - x63 -0.03 0.09 0.04 -0.15 0.07 -0.01 0.04 0.35 0.23 0.61 -0.07 0.07 -0.13 0.06 -0.15 0.32 -0.22 0.69 0.64 0.67

Travel time by Bus - x70 -0.03 0.24 0.16 0.17 0.20 -0.11 0.07 0.03 0.07 -0.16 0.17 -0.11 -0.09 0.00 0.05 0.06 0.20 -0.07 -0.09 -0.07 0.07

Travel time by Train - x71 0.03 0.13 0.12 0.17 -0.27 -0.19 -0.34 0.17 0.00 0.05 0.00 -0.05 -0.07 0.18 0.11 -0.09 -0.16 0.07 0.04 0.05 0.10 0.10

Travel time by Driver - x73 -0.12 0.21 0.07 0.02 0.06 -0.01 0.04 0.06 0.16 0.34 0.09 0.12 0.01 0.15 -0.05 0.28 0.07 0.37 0.37 0.38 0.37 0.01 0.03

Travel time by CarPass - x74 0.12 0.25 0.28 0.01 0.10 -0.10 -0.01 0.15 -0.01 -0.03 0.08 0.08 0.06 0.04 -0.04 -0.05 0.05 -0.03 -0.03 -0.05 0.07 0.10 0.03 0.07

Travel time by Bike - x76 0.02 0.07 0.07 0.02 -0.16 -0.16 -0.24 0.14 -0.14 -0.17 -0.14 -0.12 -0.04 0.01 0.16 -0.27 -0.28 -0.19 -0.22 -0.21 -0.08 -0.03 0.15 -0.12 0.03

Travel time share of Bus - x80 -0.07 0.19 0.10 0.20 0.17 0.01 0.13 -0.09 0.04 -0.29 0.21 -0.14 -0.06 -0.01 0.17 -0.04 0.26 -0.20 -0.22 -0.21 -0.08 0.76 -0.04 -0.11 0.16 0.04

Travel time share of Train - x81 -0.02 0.09 0.06 0.08 -0.33 -0.22 -0.41 0.20 -0.04 0.01 -0.03 -0.02 0.00 0.10 0.07 -0.12 -0.15 0.00 -0.02 -0.01 -0.01 -0.10 0.79 -0.01 0.05 0.22 -0.13

Travel time share of Driver - x83 -0.10 0.17 0.05 0.18 0.08 -0.04 0.02 0.09 -0.07 -0.03 0.02 -0.07 -0.07 0.12 0.08 -0.12 -0.04 -0.06 -0.07 -0.06 0.01 0.02 -0.04 0.58 0.01 0.02 -0.02 -0.13

Travel time share of CarPass - x84 0.12 0.29 0.31 0.07 0.03 -0.13 -0.08 0.14 -0.08 -0.14 0.06 -0.01 0.05 0.04 -0.01 -0.15 0.06 -0.15 -0.17 -0.18 -0.07 0.10 0.09 -0.01 0.77 0.14 0.25 0.15 0.09

Travel time share of Bike - x86 -0.02 -0.06 -0.06 0.12 -0.12 -0.06 -0.14 -0.01 -0.11 -0.20 -0.12 -0.14 -0.11 0.04 0.21 -0.26 -0.29 -0.20 -0.23 -0.21 -0.15 -0.01 0.08 -0.22 -0.03 0.70 0.04 0.12 -0.12 0.07

Averaged annual average precipitation - x90 -0.02 0.09 0.06 -0.17 0.31 0.18 0.37 -0.33 0.19 0.14 0.22 0.19 0.06 -0.20 -0.13 0.53 0.67 0.19 0.23 0.21 -0.08 0.24 -0.07 0.17 0.08 -0.23 0.21 -0.06 0.06 0.02 -0.28

Averaged annual average temperature - x91 0.10 0.01 0.08 0.18 -0.22 -0.12 -0.25 0.33 -0.28 -0.15 -0.32 -0.21 -0.10 0.20 0.15 -0.57 -0.68 -0.26 -0.28 -0.27 0.08 -0.15 0.02 -0.19 -0.02 0.21 -0.14 -0.03 -0.02 0.04 0.29 -0.91
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[C] Box and Whisker plots of explanatory variables 

C.1 Municipality-related variables 
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C.2 Variables related to connections of municipalities 
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[D] Box and Whisker plots of explained variables 

D.1 Modal shares of work commute 

Nonfiltered data set of O-D pairs Filtered data set of O-D pairs 
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Nonfiltered data set of O-D pairs Filtered data set of O-D pairs 
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Nonfiltered data set of O-D pairs Filtered data set of O-D pairs 
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D.2 Modal shares of school commute 

Nonfiltered data set of O-D pairs Filtered data set of O-D pairs 
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Nonfiltered data set of O-D pairs Filtered data set of O-D pairs 
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Nonfiltered data set of O-D pairs Filtered data set of O-D pairs 
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[E] Outcomes of linear regression models 

Unless otherwise specified, outputs of model using filtered sets of local origin-destination pairs are presented in this chapter. 

E.1 Type A models of school commute 

E.1.1 Table of correlation coefficients – NONFILTERED data set 

 

E.1.2 Table of correlation coefficients 

 

E.1.3 Table of correlation coefficients – data set with ONLY ORIGIN-DESTINATION PAIRS USED IN TYPE C MODEL of school commute 

 

 

  

A-S-NF x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915

Bus 0.06 -0.05 -0.04 0.07 0.07 0.01 0.16 0.14 -0.11 -0.04 -0.02 -0.12 -0.14 -0.12 0.03 -0.05 0.09 0.02 0.05 0.00 -0.05 -0.14 0.07 0.06 -0.11 -0.11 -0.14 -0.16 -0.08 0.25 -0.12 -0.07 -0.12 0.14 0.09 -0.02 0.05 0.02 -0.08

Train -0.01 0.01 0.01 -0.01 -0.02 -0.01 -0.05 -0.04 0.05 0.02 0.01 0.02 0.04 0.02 0.00 -0.01 0.00 0.01 0.00 -0.05 0.03 0.02 -0.06 -0.12 0.03 0.03 0.06 0.08 0.01 -0.25 0.01 0.03 0.02 -0.10 -0.07 -0.01 -0.05 0.00 0.05

MCT -0.07 0.05 0.04 -0.07 -0.06 0.01 -0.10 -0.08 0.05 0.01 0.01 0.09 0.08 0.07 0.01 0.03 -0.08 -0.01 -0.03 0.01 0.02 0.12 -0.04 -0.02 0.07 0.07 0.11 0.12 0.06 -0.04 0.13 0.04 0.11 -0.09 -0.04 0.02 0.01 -0.02 0.03

Driver 0.00 -0.01 0.03 -0.01 0.00 0.00 -0.02 -0.02 0.01 0.01 0.00 0.02 0.02 0.01 -0.02 0.02 -0.01 -0.01 -0.02 0.00 0.03 0.00 0.00 0.02 0.04 0.03 0.02 0.02 0.02 0.00 0.01 0.00 0.02 -0.01 0.01 0.02 -0.03 0.00 0.00

CarPass -0.01 0.03 -0.01 -0.02 -0.01 -0.01 -0.09 -0.08 0.05 0.02 0.02 0.08 0.08 0.07 -0.04 0.03 -0.04 -0.06 -0.03 0.07 0.00 0.09 0.03 0.08 0.02 0.02 0.02 0.00 0.03 -0.01 0.10 0.06 0.08 0.04 0.01 0.01 0.01 -0.01 0.00

PTplus 0.00 0.01 -0.01 0.00 0.00 -0.01 0.00 -0.01 0.01 0.00 0.01 -0.01 0.00 0.00 -0.03 0.00 -0.01 0.00 0.01 0.03 -0.02 -0.01 0.00 0.05 -0.03 -0.03 -0.03 -0.04 -0.02 0.00 -0.01 -0.02 -0.03 0.04 -0.01 -0.03 0.00 0.01 0.00

Bike 0.00 0.00 0.01 -0.01 -0.01 -0.02 0.00 -0.01 0.01 0.00 0.01 0.00 0.01 0.01 -0.02 0.01 -0.01 0.00 -0.01 0.00 0.00 0.00 -0.01 0.01 0.00 0.00 0.00 0.00 -0.01 -0.02 0.01 0.01 0.00 -0.01 -0.02 -0.02 -0.01 -0.01 0.02

PTcom -0.04 0.01 0.03 -0.04 -0.03 0.01 -0.04 -0.03 0.02 0.00 -0.02 0.03 0.03 0.02 0.03 0.02 -0.04 0.02 -0.03 -0.04 0.01 0.04 -0.06 -0.09 0.03 0.03 0.06 0.09 0.01 -0.09 0.01 0.01 0.02 -0.11 -0.08 0.01 -0.02 -0.03 0.07

Walk -0.01 0.00 0.02 -0.02 -0.01 0.00 -0.05 -0.04 0.02 0.02 0.01 0.04 0.04 0.03 0.01 0.01 -0.02 0.01 -0.01 -0.02 0.06 0.03 0.00 -0.05 0.10 0.10 0.09 0.10 0.07 -0.05 0.02 0.02 0.06 -0.07 0.02 0.04 -0.02 0.02 -0.02

A-S-F x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915

Bus 0.06 -0.05 -0.04 0.08 0.06 0.02 0.22 0.20 -0.13 -0.05 -0.05 -0.19 -0.20 -0.18 0.05 -0.07 0.11 0.05 0.06 -0.03 -0.07 -0.20 0.04 0.01 -0.14 -0.14 -0.18 -0.18 -0.11 0.26 -0.18 -0.10 -0.18 0.12 0.07 -0.02 0.03 0.02 -0.08

Train -0.01 0.00 0.02 -0.02 -0.02 0.00 -0.06 -0.06 0.05 0.01 0.01 0.03 0.05 0.04 0.00 0.01 -0.01 -0.01 -0.01 -0.04 0.04 0.05 -0.05 -0.10 0.02 0.03 0.06 0.08 0.01 -0.25 0.03 0.04 0.04 -0.09 -0.05 0.00 -0.05 -0.01 0.05

MCT -0.11 0.08 0.06 -0.11 -0.08 0.00 -0.16 -0.13 0.08 0.02 0.02 0.14 0.13 0.12 0.00 0.06 -0.13 0.00 -0.05 0.03 0.04 0.19 -0.05 -0.02 0.12 0.12 0.18 0.19 0.10 -0.07 0.20 0.09 0.19 -0.13 -0.07 0.02 0.01 -0.05 0.06

Driver 0.01 -0.02 0.02 0.00 0.01 0.00 -0.04 -0.04 0.02 0.02 0.01 0.04 0.04 0.04 -0.02 0.02 -0.01 -0.02 -0.02 -0.01 0.03 0.02 0.01 0.03 0.08 0.08 0.06 0.04 0.06 -0.02 0.03 0.02 0.05 -0.02 0.00 0.02 -0.04 0.00 0.01

CarPass -0.02 0.04 0.00 -0.03 -0.03 -0.01 -0.12 -0.10 0.07 0.02 0.02 0.09 0.10 0.09 -0.05 0.04 -0.05 -0.06 -0.04 0.07 0.01 0.10 0.02 0.07 0.03 0.04 0.03 0.02 0.03 -0.06 0.10 0.05 0.09 0.02 0.01 0.02 0.01 0.00 0.00

PTplus 0.00 0.01 -0.02 0.01 0.00 -0.02 -0.02 -0.02 0.02 0.00 0.02 0.02 0.02 0.02 -0.04 0.00 -0.01 -0.01 0.01 0.03 -0.02 0.00 0.00 0.04 -0.02 -0.02 -0.02 -0.03 -0.01 -0.01 -0.01 -0.02 -0.02 0.04 -0.01 -0.02 0.00 0.01 0.00

Bike -0.01 0.00 0.01 -0.01 -0.01 -0.02 0.00 -0.01 0.01 0.00 0.01 0.00 0.01 0.01 -0.02 0.02 -0.01 0.01 -0.02 0.00 0.01 0.00 -0.02 0.00 0.00 0.00 0.01 0.01 -0.01 -0.04 0.00 0.02 0.00 -0.02 -0.04 -0.03 -0.03 -0.01 0.03

PTcom -0.02 0.00 0.03 -0.03 -0.01 0.01 -0.04 -0.03 0.01 0.02 -0.01 0.04 0.04 0.03 0.03 0.01 -0.03 -0.01 -0.01 -0.02 0.03 0.05 -0.03 -0.06 0.05 0.05 0.07 0.08 0.03 -0.11 0.02 0.02 0.03 -0.08 -0.04 0.02 -0.02 -0.02 0.05

Walk -0.02 0.01 0.01 -0.02 -0.01 -0.03 -0.07 -0.07 0.04 0.02 0.02 0.07 0.07 0.07 -0.01 0.02 -0.03 0.01 -0.02 -0.01 0.04 0.04 -0.01 -0.04 0.10 0.10 0.10 0.10 0.07 -0.05 0.05 0.05 0.07 -0.06 -0.02 0.02 0.01 0.00 0.02

A-S-F ŠTBK x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915

Bus -0.11 0.05 -0.02 -0.03 0.04 0.32 0.32 0.40 -0.31 -0.04 -0.18 -0.32 -0.38 -0.37 0.16 -0.08 -0.13 0.26 0.07 -0.10 -0.16 -0.15 -0.04 -0.14 -0.17 -0.18 0.00 -0.06 0.00 0.18 -0.02 -0.03 -0.07 -0.06 0.16 -0.09 -0.06 0.11 -0.18

Train -0.11 0.09 0.01 -0.11 -0.13 -0.15 -0.15 -0.19 0.22 -0.09 0.10 0.09 0.17 0.13 -0.21 0.10 -0.10 -0.03 -0.10 -0.11 0.03 0.08 -0.20 -0.12 -0.07 -0.06 -0.02 0.00 0.00 -0.36 0.07 0.07 0.02 -0.11 -0.28 -0.25 -0.14 -0.30 0.15

Driver 0.18 -0.01 -0.36 0.27 0.07 -0.05 -0.11 -0.12 -0.28 -0.33 -0.17 0.47 0.13 0.35 0.20 -0.34 0.22 0.21 0.38 0.73 -0.07 -0.08 0.35 0.12 -0.06 -0.07 -0.11 -0.10 0.00 0.16 0.02 0.03 -0.01 0.09 0.14 0.11 0.30 0.14 -0.11

CarPass 0.16 -0.11 0.11 0.03 0.05 -0.07 -0.01 -0.04 -0.02 0.14 0.19 0.02 0.04 0.05 -0.02 -0.05 0.22 -0.39 0.04 -0.04 -0.03 0.02 0.14 0.25 0.07 0.07 -0.08 -0.07 0.00 0.07 -0.07 -0.07 -0.01 0.25 0.10 0.23 0.12 0.14 0.01
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E.1.4 Table of coefficients of determination – NONFILTERED data set 

 

E.1.5 Table of coefficients of determination 

 

Average coefficients of determination in rows Bus, Train, Driver and CarPass is:  0.00565.. 

E.1.6 Table of coefficients of determination – data set with ONLY ORIGIN-DESTINATION PAIRS USED IN TYPE C MODEL of school commute 

 

 

A-S-NF x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915 AVERAGE

Bus 0.003 0.002 0.002 0.005 0.004 5E-05 0.027 0.020 0.012 0.001 5E-04 0.015 0.020 0.013 9E-04 0.003 0.009 6E-04 0.003 2E-05 0.003 0.019 0.004 0.004 0.012 0.012 0.021 0.027 0.006 0.061 0.014 0.005 0.015 0.021 0.008 4E-04 0.003 4E-04 0.007 0.00983

Train 1E-04 7E-05 4E-05 1E-04 6E-04 7E-05 0.002 0.002 0.003 3E-04 6E-05 3E-04 0.002 5E-04 1E-06 4E-05 2E-05 7E-05 8E-06 0.003 0.001 4E-04 0.003 0.014 7E-04 8E-04 0.003 0.007 1E-04 0.065 9E-05 0.001 4E-04 0.011 0.005 4E-05 0.003 1E-06 0.002 0.00339

MCT 0.005 0.003 0.002 0.006 0.003 1E-04 0.010 0.007 0.002 2E-04 6E-05 0.008 0.006 0.005 1E-04 0.001 0.007 7E-05 8E-04 2E-04 5E-04 0.015 0.001 6E-04 0.005 0.005 0.012 0.014 0.003 0.002 0.016 0.002 0.013 0.009 0.002 6E-04 7E-05 6E-04 0.001 0.00431

Driver 5E-06 2E-04 6E-04 2E-04 1E-05 2E-05 4E-04 2E-04 1E-04 3E-05 1E-05 2E-04 3E-04 2E-04 3E-04 3E-04 2E-04 1E-04 3E-04 1E-05 7E-04 2E-05 1E-06 6E-04 0.001 0.001 5E-04 4E-04 4E-04 9E-06 5E-05 1E-05 3E-04 8E-05 4E-05 2E-04 8E-04 7E-06 1E-05 0.00026

CarPass 4E-05 0.001 1E-04 3E-04 1E-04 9E-05 0.008 0.006 0.002 2E-04 6E-04 0.006 0.006 0.005 0.002 0.001 0.001 0.003 7E-04 0.005 1E-08 0.008 7E-04 0.007 6E-04 6E-04 4E-04 2E-05 1E-03 2E-04 0.010 0.003 0.007 0.001 2E-04 3E-05 2E-04 1E-04 5E-06 0.00227

PTplus 7E-08 1E-04 1E-04 2E-05 5E-06 2E-04 7E-09 3E-05 2E-04 1E-06 8E-05 4E-05 2E-05 5E-07 0.001 5E-06 3E-05 4E-07 4E-05 7E-04 5E-04 1E-04 2E-08 0.003 0.001 0.001 0.001 0.002 5E-04 2E-05 1E-04 5E-04 8E-04 0.002 1E-04 7E-04 2E-06 5E-05 1E-05 0.00041

Bike 2E-05 2E-05 3E-05 5E-05 6E-05 3E-04 2E-05 1E-04 2E-04 1E-05 3E-05 4E-06 1E-04 6E-05 2E-04 2E-04 5E-05 2E-05 2E-04 3E-06 1E-06 6E-06 1E-04 8E-05 4E-08 3E-08 2E-05 9E-06 4E-05 4E-04 3E-05 2E-04 3E-08 1E-04 4E-04 4E-04 2E-04 8E-05 4E-04 0.00011

PTcom 0.001 1E-04 0.001 0.001 0.001 9E-05 0.001 7E-04 4E-04 5E-06 3E-04 9E-04 7E-04 5E-04 7E-04 6E-04 0.002 2E-04 7E-04 0.001 7E-05 0.001 0.003 0.007 8E-04 8E-04 0.003 0.008 1E-04 0.008 2E-04 2E-04 3E-04 0.012 0.006 1E-04 3E-04 9E-04 0.005 0.00186

Walk 2E-04 1E-06 3E-04 3E-04 2E-04 2E-05 0.002 0.001 4E-04 3E-04 8E-05 0.001 0.001 0.001 1E-04 4E-05 3E-04 5E-05 1E-04 5E-04 0.004 6E-04 4E-07 0.002 0.010 0.010 0.008 0.009 0.006 0.002 5E-04 2E-04 0.003 0.004 3E-04 0.002 6E-04 6E-04 2E-04 0.00189

AVG 0.001 7E-04 6E-04 0.001 0.001 1E-04 0.006 0.004 0.002 3E-04 2E-04 0.003 0.004 0.003 6E-04 7E-04 0.002 5E-04 6E-04 0.001 0.001 0.005 0.001 0.004 0.003 0.003 0.005 0.008 0.002 0.015 0.005 0.001 0.004 0.007 0.002 5E-04 9E-04 3E-04 0.002 0.00270

A-S-F x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915 AVERAGE

Bus 0.004 0.003 0.002 0.006 0.004 4E-04 0.050 0.040 0.018 0.002 0.002 0.035 0.039 0.031 0.003 0.005 0.012 0.003 0.004 0.001 0.005 0.039 0.002 1E-04 0.019 0.020 0.032 0.032 0.012 0.066 0.031 0.010 0.031 0.014 0.006 6E-04 0.001 6E-04 0.006 0.01510

Train 8E-05 3E-07 3E-04 2E-04 5E-04 2E-05 0.004 0.003 0.003 2E-04 2E-04 0.001 0.003 0.001 2E-06 4E-05 2E-04 3E-05 2E-04 0.002 0.001 0.003 0.003 0.010 6E-04 7E-04 0.004 0.007 1E-04 0.063 0.001 0.002 0.002 0.008 0.003 7E-08 0.002 1E-04 0.002 0.00338

MCT 0.012 0.006 0.004 0.013 0.007 2E-05 0.024 0.018 0.006 5E-04 5E-04 0.020 0.017 0.015 1E-05 0.004 0.017 2E-06 0.003 7E-04 0.002 0.034 0.002 6E-04 0.014 0.014 0.034 0.036 0.010 0.004 0.038 0.008 0.035 0.017 0.006 3E-04 3E-05 0.002 0.004 0.01096

Driver 1E-04 5E-04 3E-04 6E-06 5E-05 2E-06 0.002 0.002 4E-04 3E-04 2E-04 0.002 0.002 0.001 4E-04 5E-04 1E-04 4E-04 4E-04 4E-05 0.001 5E-04 3E-05 1E-03 0.006 0.006 0.003 0.001 0.004 3E-04 9E-04 6E-04 0.003 5E-04 3E-08 2E-04 0.001 2E-05 1E-04 0.00108

CarPass 3E-04 0.002 4E-06 0.001 8E-04 3E-05 0.013 0.010 0.005 2E-04 5E-04 0.009 0.010 0.007 0.002 0.002 0.002 0.003 0.001 0.004 4E-05 0.010 3E-04 0.006 0.001 0.001 0.001 4E-04 0.001 0.003 0.010 0.002 0.007 2E-04 1E-04 4E-04 2E-04 3E-06 8E-06 0.00304

PTplus 3E-06 1E-04 3E-04 6E-05 1E-06 3E-04 4E-04 6E-04 5E-04 2E-06 4E-04 3E-04 6E-04 5E-04 0.002 1E-05 4E-05 7E-05 2E-04 0.001 2E-04 1E-05 1E-05 0.002 5E-04 5E-04 5E-04 9E-04 8E-05 2E-04 5E-05 5E-04 5E-04 0.001 6E-05 4E-04 1E-05 8E-05 2E-07 0.00037

Bike 6E-05 7E-06 2E-04 2E-04 2E-04 4E-04 6E-06 1E-04 2E-04 2E-06 7E-05 4E-06 1E-04 8E-05 3E-04 2E-04 1E-04 1E-04 3E-04 1E-06 1E-04 2E-05 3E-04 9E-06 2E-06 2E-06 9E-05 1E-04 1E-04 0.001 2E-05 3E-04 4E-06 6E-04 0.002 6E-04 7E-04 1E-04 0.001 0.00025

PTcom 4E-04 1E-06 9E-04 8E-04 1E-04 1E-04 0.002 0.001 2E-04 3E-04 1E-04 0.002 0.001 0.001 8E-04 2E-04 0.001 3E-05 6E-05 5E-04 0.001 0.003 9E-04 0.003 0.002 0.003 0.005 0.006 7E-04 0.012 5E-04 3E-04 8E-04 0.006 0.002 3E-04 6E-04 5E-04 0.002 0.00161

Walk 5E-04 1E-04 1E-04 3E-04 2E-04 7E-04 0.004 0.004 0.001 4E-04 5E-04 0.005 0.004 0.005 1E-04 6E-04 0.001 1E-04 6E-04 8E-05 0.002 0.002 1E-04 0.001 0.009 0.009 0.011 0.011 0.005 0.003 0.002 0.002 0.006 0.004 3E-04 2E-04 8E-05 5E-06 2E-04 0.00249

AVG 0.002 0.001 9E-04 0.002 0.001 2E-04 0.011 0.009 0.004 5E-04 5E-04 0.008 0.009 0.007 9E-04 0.001 0.004 8E-04 0.001 0.001 0.001 0.010 9E-04 0.003 0.006 0.006 0.010 0.011 0.004 0.017 0.009 0.003 0.009 0.006 0.002 3E-04 7E-04 4E-04 0.002 0.00425

A-S-F ŠTBK x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915 AVERAGE

Bus 0.013 0.003 3E-04 7E-04 0.001 0.099 0.104 0.156 0.094 0.002 0.031 0.101 0.147 0.139 0.027 0.006 0.016 0.068 0.004 0.010 0.027 0.022 0.002 0.018 0.031 0.031 6E-07 0.003 0 0.034 5E-04 9E-04 0.005 0.004 0.024 0.007 0.003 0.013 0.031 0.03282

Train 0.011 0.008 1E-04 0.011 0.016 0.022 0.023 0.035 0.050 0.008 0.010 0.008 0.029 0.017 0.046 0.009 0.010 8E-04 0.010 0.012 0.001 0.006 0.041 0.015 0.004 0.004 6E-04 3E-06 0 0.129 0.005 0.005 4E-04 0.012 0.078 0.061 0.019 0.088 0.021 0.02120

Driver 0.033 2E-04 0.133 0.071 0.005 0.003 0.013 0.014 0.076 0.111 0.030 0.223 0.016 0.119 0.041 0.115 0.050 0.042 0.141 0.530 0.005 0.006 0.122 0.013 0.004 0.004 0.013 0.011 0 0.025 3E-04 8E-04 1E-04 0.008 0.021 0.012 0.093 0.018 0.011 0.05476

CarPass 0.027 0.012 0.013 0.001 0.002 0.006 1E-04 0.001 4E-04 0.020 0.038 4E-04 0.001 0.002 3E-04 0.002 0.050 0.150 0.002 0.002 7E-04 4E-04 0.020 0.061 0.006 0.005 0.007 0.004 0 0.005 0.005 0.005 2E-04 0.061 0.010 0.054 0.014 0.021 5E-05 0.01565

AVERAGE 0.021 0.006 0.037 0.021 0.006 0.033 0.035 0.052 0.055 0.035 0.027 0.083 0.048 0.069 0.029 0.033 0.032 0.065 0.039 0.138 0.008 0.009 0.046 0.027 0.011 0.011 0.005 0.005 0 0.048 0.003 0.003 0.001 0.021 0.033 0.034 0.032 0.035 0.016 0.03111
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E.2 Type B models of school commute 

E.2.1 Table of correlation coefficients 

 

E.2.2 Table of coefficients of determination 

 

  

B-S-F x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915

Bus 0.06 -0.04 0.09 0.08 0.04 -0.05 -0.01 -0.14 -0.05 -0.05 -0.10 -0.10 -0.12 -0.09 -0.08 0.11 -0.15 -0.06 -0.11 0.05 0.07 0.02 -0.03 0.02 -0.06

Train 0.01 0.01 0.02 -0.06 -0.01 -0.02 0.06 0.07 0.07 -0.09 0.11 0.11 0.10 0.11 0.09 -0.15 0.05 0.07 0.11 -0.11 -0.05 0.01 -0.06 -0.02 0.06

MCT 0.00 0.01 -0.10 -0.06 -0.01 0.05 -0.03 0.14 0.00 0.02 0.07 0.06 0.11 0.10 0.02 -0.01 0.17 0.04 0.07 -0.07 -0.08 0.00 0.03 -0.05 0.07

Driver -0.02 0.00 0.00 -0.03 0.00 0.01 0.06 0.02 0.04 0.04 0.02 0.02 0.02 0.00 0.02 -0.01 0.02 0.01 0.02 0.01 0.00 -0.01 0.00 0.00 0.00

CarPass -0.08 0.03 -0.09 0.01 -0.03 0.10 -0.09 0.02 -0.06 0.16 -0.09 -0.09 -0.06 -0.09 -0.06 0.06 0.05 -0.03 -0.04 0.11 0.02 -0.03 0.08 0.02 -0.02

PTplus -0.04 0.02 -0.01 -0.03 -0.02 -0.02 0.05 0.05 0.03 -0.02 0.06 0.07 0.06 0.07 0.08 -0.06 0.05 0.04 0.07 -0.06 -0.01 0.00 -0.04 0.01 0.01

Bike -0.01 -0.01 0.01 0.02 0.01 -0.01 -0.03 -0.04 -0.03 0.00 -0.04 -0.04 -0.03 -0.04 -0.04 0.00 -0.02 -0.02 -0.04 0.02 -0.03 -0.04 0.00 0.00 0.02

PTcom 0.05 0.04 0.00 -0.08 -0.04 -0.05 0.08 0.09 0.13 -0.10 0.19 0.19 0.16 0.16 0.14 -0.13 0.07 0.06 0.13 -0.15 -0.05 0.02 -0.08 -0.04 0.06

Walk -0.01 -0.04 -0.01 0.06 0.04 0.01 -0.06 -0.03 -0.05 0.04 -0.07 -0.08 -0.05 -0.07 -0.07 0.04 -0.03 -0.04 -0.06 0.08 0.00 -0.01 0.11 0.03 -0.02

B-S-F x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915 AVERAGE

Bus 0.003 0.002 0.009 0.007 0.002 0.002 2E-04 0.021 0.003 0.002 0.009 0.009 0.015 0.009 0.007 0.011 0.024 0.003 0.012 0.002 0.005 2E-04 7E-04 4E-04 0.004 0.00652

Train 7E-05 3E-05 3E-04 0.004 1E-04 5E-04 0.004 0.005 0.004 0.008 0.011 0.011 0.011 0.012 0.009 0.021 0.003 0.005 0.011 0.011 0.002 5E-05 0.003 2E-04 0.004 0.00570

MCT 2E-05 5E-05 0.009 0.004 3E-05 0.002 9E-04 0.019 3E-06 4E-04 0.005 0.004 0.012 0.009 6E-04 1E-04 0.028 0.002 0.005 0.004 0.006 3E-06 0.001 0.003 0.005 0.00486

Driver 3E-04 3E-06 2E-05 0.001 2E-05 3E-05 0.004 3E-04 0.002 0.002 4E-04 4E-04 2E-04 5E-07 2E-04 2E-04 2E-04 3E-05 3E-04 1E-04 5E-06 5E-05 6E-06 1E-05 2E-05 0.00045

CarPass 0.006 0.001 0.009 5E-05 7E-04 0.010 0.008 5E-04 0.004 0.024 0.008 0.008 0.003 0.008 0.004 0.003 0.003 0.001 0.002 0.012 3E-04 8E-04 0.006 2E-04 4E-04 0.00489

PTplus 0.002 5E-04 2E-04 0.001 6E-04 3E-04 0.002 0.002 0.001 3E-04 0.004 0.004 0.004 0.006 0.007 0.003 0.002 0.002 0.005 0.004 6E-05 6E-07 0.001 5E-05 3E-05 0.00209

Bike 5E-05 2E-04 1E-04 3E-04 2E-04 8E-05 8E-04 0.001 0.001 2E-05 0.002 0.002 9E-04 0.002 0.002 4E-07 6E-04 4E-04 0.002 4E-04 1E-03 0.001 5E-07 6E-06 3E-04 0.00069

PTcom 0.003 0.002 6E-07 0.006 0.002 0.003 0.007 0.009 0.016 0.011 0.035 0.035 0.026 0.025 0.020 0.016 0.005 0.004 0.017 0.021 0.003 6E-04 0.006 0.002 0.004 0.01106

Walk 5E-05 0.002 4E-05 0.004 0.002 1E-04 0.004 9E-04 0.003 0.001 0.006 0.006 0.002 0.004 0.006 0.002 7E-04 0.002 0.004 0.007 6E-06 5E-05 0.012 8E-04 2E-04 0.00274

AVG 0.002 8E-04 0.003 0.003 8E-04 0.002 0.003 0.007 0.004 0.005 0.009 0.009 0.008 0.008 0.006 0.006 0.007 0.002 0.007 0.007 0.002 3E-04 0.003 7E-04 0.002 0.00433
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E.3 Type C models of school commute 

E.3.1 Table of correlation coefficients 

 

E.3.2 Table of coefficients of determination 

 

If omitting the travel time (x70 – x74) and travel time share (x80 – x84) explanatory variables, then the average coefficients of determination in columns x10 – x63, x90 and x91 is: 0.03590.. 

 

C-S-F x10 x11 x12 x13 x20 x21 x22 x23 x31 x32 x34 x60 x61 x63 x70 x71 x73 x74 x80 x81 x83 x84 x90 x91

Bus -0.32 0.20 -0.01 -0.10 0.21 -0.17 0.08 -0.36 -0.02 -0.37 0.08 -0.30 -0.28 -0.16 0.69 -0.32 -0.01 -0.16 0.86 -0.39 -0.10 -0.23 0.24 -0.23

Train 0.08 -0.01 0.04 0.20 -0.35 -0.15 -0.37 0.30 -0.07 -0.04 0.00 -0.09 -0.08 -0.13 -0.29 0.72 -0.02 0.07 -0.35 0.97 -0.07 0.01 -0.28 0.17

Driver 0.06 -0.15 -0.11 -0.08 0.18 0.53 0.44 -0.25 -0.04 -0.13 -0.06 -0.11 -0.13 -0.15 -0.11 -0.01 0.27 -0.04 -0.17 -0.04 0.89 -0.10 0.23 -0.20

CarPass 0.10 -0.11 -0.04 -0.15 0.03 -0.09 -0.02 0.15 -0.17 0.04 -0.09 -0.10 -0.09 -0.07 -0.27 -0.04 -0.06 0.50 -0.41 -0.08 -0.09 0.85 0.13 -0.01

C-S-F x10 x11 x12 x13 x20 x21 x22 x23 x31 x32 x34 x60 x61 x63 x70 x71 x73 x74 x80 x81 x83 x84 x90 x91 AVERAGE

Bus 0.102 0.038 1E-04 0.009 0.043 0.030 0.006 0.129 5E-04 0.134 0.006 0.087 0.080 0.027 0.472 0.101 1E-04 0.024 0.741 0.149 0.010 0.055 0.058 0.052 0.09811

Train 0.006 1E-04 0.001 0.041 0.120 0.024 0.138 0.088 0.005 0.001 9E-06 0.008 0.006 0.018 0.084 0.516 4E-04 0.005 0.124 0.934 0.004 9E-05 0.080 0.029 0.09298

Driver 0.003 0.021 0.011 0.007 0.031 0.281 0.192 0.061 0.002 0.018 0.004 0.012 0.016 0.022 0.012 1E-04 0.070 0.002 0.029 0.002 0.786 0.011 0.051 0.040 0.07011

CarPass 0.010 0.012 0.002 0.023 0.001 0.008 5E-04 0.022 0.031 0.002 0.008 0.011 0.009 0.005 0.074 0.002 0.004 0.250 0.165 0.006 0.007 0.724 0.016 4E-05 0.05801

AVG 0.030 0.018 0.004 0.020 0.049 0.086 0.084 0.075 0.009 0.039 0.004 0.029 0.028 0.018 0.161 0.155 0.019 0.070 0.265 0.272 0.202 0.197 0.051 0.030 0.07980
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E.4 Type A models of work commute 

E.4.1 Table of correlation coefficients – NONFILTERED data set 

 

E.4.2 Table of correlation coefficients 

 

E.4.3 Table of correlation coefficients – data set with ONLY ORIGIN-DESTINATION PAIRS USED IN TYPE C MODEL of work commute 

 

  

A-W-NF x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915

Bus 0.03 -0.03 -0.01 0.03 0.03 0.01 0.06 0.05 -0.04 -0.01 -0.02 -0.04 -0.05 -0.04 0.05 -0.03 0.05 0.02 0.02 -0.03 -0.01 -0.06 0.01 -0.06 -0.01 -0.02 -0.03 -0.01 -0.02 0.08 -0.06 -0.03 -0.04 0.03 0.05 0.04 0.05 0.04 -0.06

Train 0.01 -0.01 0.00 0.01 0.00 0.00 -0.02 -0.02 0.03 0.01 0.01 0.01 0.02 0.01 0.02 -0.01 0.01 -0.01 0.00 -0.04 0.02 0.01 -0.02 -0.07 0.03 0.03 0.03 0.04 0.02 -0.14 0.00 0.01 0.01 -0.05 -0.03 0.00 -0.02 0.00 0.02

MCT -0.03 0.02 0.02 -0.03 -0.02 0.00 -0.05 -0.05 0.02 0.01 0.01 0.05 0.05 0.04 0.00 0.01 -0.04 -0.01 -0.01 0.00 0.02 0.06 -0.01 -0.02 0.05 0.05 0.06 0.07 0.03 -0.02 0.06 0.03 0.06 -0.04 -0.01 0.02 0.00 -0.01 0.01

Driver -0.02 0.03 0.00 -0.02 -0.01 -0.01 -0.04 -0.04 0.03 0.00 0.01 0.03 0.04 0.03 -0.06 0.03 -0.04 -0.02 -0.02 0.06 0.00 0.05 0.01 0.11 -0.01 -0.01 -0.01 -0.03 0.00 0.03 0.06 0.04 0.03 0.03 -0.01 -0.03 -0.03 -0.04 0.03

CarPass 0.01 -0.02 0.01 0.00 0.01 0.03 0.03 0.04 -0.03 -0.01 -0.01 -0.03 -0.04 -0.04 0.03 -0.01 0.02 0.00 0.01 -0.03 -0.01 -0.03 0.01 -0.02 0.00 0.00 -0.01 0.00 0.00 0.01 -0.03 -0.03 -0.02 0.00 0.03 0.02 0.00 0.02 -0.03

PTplus 0.00 0.00 0.00 0.00 0.00 -0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 -0.01 0.01 0.02 0.00 -0.02 0.00 -0.02 -0.01 -0.04 0.00 0.00 0.00 0.01 -0.01 -0.02 -0.02 -0.01 -0.02 -0.01 0.01 0.02 0.02 0.03 -0.02

Bike 0.00 0.00 -0.01 0.00 0.00 -0.01 0.03 0.02 -0.01 -0.01 0.00 -0.02 -0.02 -0.02 -0.01 0.00 0.01 0.01 0.00 -0.01 -0.02 -0.03 -0.03 0.00 -0.02 -0.02 -0.02 -0.03 -0.02 -0.02 -0.02 -0.01 -0.03 0.00 -0.06 -0.06 -0.02 -0.02 0.05

PTcom -0.01 0.00 0.01 -0.01 -0.01 -0.01 -0.03 -0.03 0.02 0.01 0.00 0.04 0.03 0.04 0.01 0.01 -0.01 0.00 -0.01 -0.01 0.00 0.03 -0.02 -0.05 0.03 0.03 0.04 0.06 0.02 -0.04 0.03 0.03 0.03 -0.05 -0.03 0.01 0.01 -0.01 0.03

Walk 0.00 -0.01 0.01 0.00 0.00 0.01 -0.01 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.02 0.00 0.01 -0.01 0.01 0.01 0.01 0.02 0.01 -0.01 0.00 0.00 0.01 0.00 0.03 0.03 0.01 0.03 -0.03

A-W-F x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915

Bus 0.02 -0.03 0.00 0.02 0.01 0.00 0.05 0.04 -0.04 0.00 -0.02 -0.02 -0.04 -0.02 0.06 -0.02 0.04 0.03 0.01 -0.04 -0.02 -0.06 -0.01 -0.11 -0.01 -0.01 -0.01 0.02 -0.02 0.08 -0.06 -0.01 -0.03 -0.01 0.05 0.06 0.05 0.06 -0.05

Train 0.01 -0.01 0.00 0.00 0.00 0.01 -0.03 -0.02 0.03 0.01 0.01 0.00 0.02 0.01 0.02 -0.01 0.01 -0.02 0.00 -0.02 0.02 0.03 -0.02 -0.07 0.02 0.02 0.03 0.04 0.02 -0.16 0.00 0.01 0.02 -0.05 -0.02 0.01 -0.02 0.00 0.01

MCT -0.05 0.03 0.03 -0.06 -0.03 0.01 -0.08 -0.07 0.04 0.01 0.01 0.08 0.07 0.07 0.01 0.03 -0.07 -0.01 -0.02 0.01 0.03 0.11 -0.02 -0.03 0.09 0.09 0.12 0.12 0.06 -0.04 0.11 0.03 0.09 -0.07 -0.03 0.04 0.01 -0.02 0.03

Driver 0.00 0.01 -0.01 0.00 0.01 0.00 -0.03 -0.03 0.02 0.00 0.01 0.03 0.03 0.02 -0.06 0.01 -0.01 -0.03 0.00 0.08 0.01 0.05 0.05 0.15 -0.01 -0.01 -0.02 -0.06 0.01 0.04 0.06 0.03 0.03 0.07 0.00 -0.04 -0.02 -0.05 0.02

CarPass 0.00 -0.01 0.01 0.00 0.01 0.04 0.03 0.04 -0.03 -0.02 -0.01 -0.04 -0.04 -0.05 0.03 -0.01 0.01 0.00 0.01 -0.04 -0.01 -0.04 0.01 -0.02 0.01 0.01 0.00 0.01 0.01 0.00 -0.03 -0.03 -0.01 -0.01 0.03 0.02 -0.01 0.01 -0.03

PTplus 0.00 0.00 -0.01 0.01 0.00 -0.01 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.01 -0.01 0.01 0.02 0.00 -0.02 0.00 -0.02 -0.01 -0.06 0.00 0.00 0.01 0.03 0.00 -0.02 -0.03 -0.02 -0.01 -0.02 0.02 0.03 0.02 0.04 -0.03

Bike -0.02 0.02 0.00 -0.02 -0.02 -0.02 0.01 0.00 0.01 0.00 0.00 -0.01 0.00 -0.01 -0.02 0.02 -0.02 0.02 -0.02 -0.02 -0.02 -0.03 -0.06 -0.02 -0.03 -0.03 -0.01 -0.02 -0.04 -0.06 -0.02 0.00 -0.04 -0.04 -0.10 -0.08 -0.04 -0.03 0.09

PTcom -0.01 0.00 0.01 -0.01 -0.01 0.00 -0.02 -0.02 0.01 0.00 -0.01 0.03 0.02 0.02 0.02 0.00 -0.01 0.00 0.00 -0.01 0.02 0.04 -0.01 -0.05 0.05 0.05 0.04 0.05 0.02 -0.05 0.02 0.02 0.03 -0.04 -0.02 0.04 0.01 0.00 0.02

Walk -0.01 0.00 0.01 -0.01 0.00 0.00 -0.01 -0.01 0.00 0.01 0.01 0.01 0.01 0.01 0.00 0.01 -0.01 0.00 0.00 0.00 0.02 0.01 0.00 0.00 -0.01 -0.01 0.01 0.01 -0.01 -0.01 0.01 0.00 0.00 0.00 0.03 0.02 0.03 0.03 -0.03

A-W-F ŠTBK x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915

Bus -0.01 0.00 0.04 -0.03 -0.03 0.09 0.09 0.11 -0.14 -0.08 -0.07 -0.05 -0.11 -0.08 0.25 0.03 -0.03 -0.01 -0.02 0.13 -0.01 -0.11 0.14 -0.03 -0.04 -0.04 -0.11 -0.04 -0.05 0.19 0.01 0.02 -0.02 0.00 0.19 0.13 0.17 0.20 -0.18

Train -0.14 0.19 -0.02 -0.19 -0.19 0.02 -0.02 -0.01 0.00 -0.06 0.01 0.02 0.01 0.01 -0.02 0.01 -0.14 0.13 -0.01 -0.10 -0.05 0.01 -0.15 -0.09 -0.07 -0.07 -0.01 0.04 -0.03 -0.30 -0.01 -0.03 -0.02 -0.10 -0.01 -0.09 -0.05 -0.07 -0.07

Driver 0.04 -0.03 0.02 0.00 0.00 0.09 0.01 0.04 -0.07 -0.03 -0.01 0.00 -0.04 -0.03 0.06 -0.09 0.09 -0.07 0.08 -0.10 -0.01 0.03 0.07 0.03 -0.04 -0.04 -0.01 0.04 -0.12 0.09 -0.13 -0.14 -0.11 0.05 0.12 0.07 0.01 0.10 -0.10

CarPass 0.01 -0.03 0.00 0.03 0.04 -0.02 -0.02 -0.03 0.04 0.05 -0.04 0.01 0.03 0.01 -0.07 0.10 -0.05 -0.09 -0.10 0.00 -0.03 0.05 0.09 0.01 0.00 0.00 -0.03 -0.01 -0.03 0.04 0.10 0.12 0.05 -0.03 -0.05 -0.05 -0.04 -0.05 0.06

Bike 0.02 -0.08 0.03 0.08 0.11 -0.11 -0.03 -0.06 0.11 -0.01 0.07 0.01 0.06 0.05 -0.17 0.13 -0.04 0.07 -0.14 0.09 -0.05 0.00 -0.15 0.03 -0.07 -0.07 0.03 -0.08 -0.03 -0.06 0.04 0.06 -0.02 0.00 -0.25 -0.18 -0.12 -0.20 0.24
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E.4.4 Table of coefficients of determination – NONFILTERED data set 

 

E.4.5 Table of coefficients of determination 

 

Average coefficients of determination in rows Bus, Train, Driver, CarPass and Bike is:  0.00121.. 

E.4.6 Table of coefficients of determination – data set with ONLY ORIGIN-DESTINATION PAIRS USED IN TYPE C MODEL of work commute 

 

 

A-W-NF x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915 AVERAGE

Bus 9E-04 0.001 4E-05 1E-03 8E-04 3E-05 0.004 0.003 0.002 7E-05 3E-04 0.002 0.003 0.002 0.003 8E-04 0.002 4E-04 6E-04 7E-04 2E-04 0.004 2E-04 0.003 2E-04 2E-04 8E-04 2E-04 2E-04 0.006 0.004 0.001 0.002 6E-04 0.003 0.001 0.002 0.002 0.003 0.00152

Train 8E-05 9E-05 1E-06 4E-05 2E-06 2E-05 6E-04 4E-04 7E-04 2E-04 6E-05 3E-05 4E-04 5E-05 5E-04 4E-05 1E-04 5E-05 4E-06 0.001 4E-04 1E-04 4E-04 0.004 7E-04 7E-04 0.001 0.002 3E-04 0.019 2E-05 1E-04 2E-04 0.003 0.001 5E-06 3E-04 3E-06 5E-04 0.00097

MCT 8E-04 4E-04 3E-04 9E-04 4E-04 1E-05 0.003 0.002 5E-04 2E-04 4E-05 0.003 0.002 0.002 2E-05 1E-04 0.001 6E-05 1E-04 2E-05 3E-04 0.004 2E-04 3E-04 0.002 0.002 0.004 0.005 0.001 4E-04 0.004 7E-04 0.003 0.002 9E-05 5E-04 8E-06 7E-05 9E-05 0.00120

Driver 3E-04 8E-04 8E-06 4E-04 2E-04 9E-05 0.002 0.001 8E-04 1E-08 1E-04 0.001 0.001 0.001 0.004 7E-04 0.001 5E-04 4E-04 0.004 1E-05 0.003 2E-04 0.011 1E-04 1E-04 6E-05 0.001 5E-06 0.001 0.004 0.001 0.001 0.001 2E-04 9E-04 7E-04 0.002 7E-04 0.00122

CarPass 9E-05 3E-04 7E-05 2E-05 1E-04 7E-04 0.001 0.001 8E-04 1E-04 7E-05 0.001 0.001 0.001 9E-04 2E-04 3E-04 6E-06 2E-04 6E-04 9E-05 0.001 2E-04 2E-04 2E-06 9E-07 4E-05 2E-06 1E-05 5E-05 9E-04 0.001 4E-04 2E-07 7E-04 2E-04 5E-06 2E-04 6E-04 0.00043

PTplus 5E-07 4E-09 7E-06 1E-05 4E-06 8E-05 6E-05 1E-05 2E-05 2E-05 3E-08 7E-06 1E-05 1E-07 1E-04 4E-05 6E-05 4E-04 1E-05 3E-04 4E-06 3E-04 1E-04 0.002 7E-06 6E-06 6E-06 1E-04 9E-05 3E-04 6E-04 2E-04 3E-04 2E-04 6E-05 3E-04 2E-04 8E-04 3E-04 0.00018

Bike 8E-07 9E-06 3E-05 1E-05 4E-06 5E-05 7E-04 4E-04 4E-05 3E-05 1E-06 6E-04 4E-04 4E-04 9E-05 2E-06 3E-05 5E-05 1E-06 2E-04 3E-04 8E-04 6E-04 1E-05 6E-04 6E-04 4E-04 7E-04 4E-04 6E-04 6E-04 2E-04 0.001 1E-05 0.004 0.003 4E-04 3E-04 0.002 0.00050

PTcom 1E-04 2E-05 3E-05 6E-05 9E-05 2E-04 0.001 0.001 3E-04 1E-04 3E-06 0.002 0.001 0.001 9E-05 1E-04 1E-04 4E-08 1E-04 2E-04 2E-05 0.001 4E-04 0.003 0.001 0.001 0.002 0.003 3E-04 0.001 7E-04 0.001 0.001 0.002 7E-04 2E-04 3E-05 2E-04 7E-04 0.00073

Walk 2E-05 9E-05 7E-05 1E-06 7E-06 1E-04 3E-05 2E-06 9E-06 3E-05 1E-05 6E-06 1E-06 6E-09 1E-04 1E-05 2E-06 9E-06 2E-05 1E-05 4E-04 2E-05 5E-05 2E-04 2E-04 2E-04 1E-04 2E-04 1E-04 5E-05 2E-06 1E-05 3E-05 2E-05 9E-04 9E-04 1E-04 7E-04 9E-04 0.00015

AVG 3E-04 3E-04 6E-05 3E-04 2E-04 1E-04 0.001 0.001 6E-04 8E-05 7E-05 0.001 0.001 9E-04 9E-04 2E-04 6E-04 2E-04 2E-04 8E-04 2E-04 0.002 3E-04 0.003 6E-04 6E-04 9E-04 0.001 3E-04 0.003 0.002 6E-04 0.001 1E-03 0.001 8E-04 4E-04 7E-04 1E-03 0.00077

A-W-F x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915 AVERAGE

Bus 4E-04 9E-04 2E-06 5E-04 2E-04 2E-05 0.002 0.001 0.001 2E-05 4E-04 6E-04 0.001 6E-04 0.004 3E-04 0.001 7E-04 8E-05 0.002 3E-04 0.003 2E-04 0.011 9E-05 9E-05 2E-04 4E-04 5E-04 0.007 0.003 2E-04 9E-04 5E-05 0.002 0.003 0.002 0.003 0.003 0.00153

Train 5E-05 5E-05 2E-05 5E-07 2E-05 2E-04 0.001 6E-04 0.001 2E-04 6E-05 1E-05 5E-04 3E-05 3E-04 6E-05 3E-05 3E-04 5E-06 4E-04 5E-04 8E-04 6E-04 0.005 5E-04 5E-04 0.001 0.002 4E-04 0.025 5E-06 8E-05 5E-04 0.002 4E-04 2E-04 3E-04 1E-05 9E-05 0.00116

MCT 0.003 0.001 0.001 0.003 0.001 5E-05 0.007 0.005 0.001 2E-04 1E-04 0.006 0.005 0.004 4E-05 7E-04 0.004 1E-04 6E-04 3E-05 8E-04 0.012 4E-04 9E-04 0.008 0.008 0.013 0.014 0.004 0.001 0.012 0.001 0.008 0.006 9E-04 0.002 2E-04 6E-04 9E-04 0.00355

Driver 2E-05 2E-04 2E-04 6E-07 8E-05 2E-05 8E-04 7E-04 3E-04 4E-06 2E-04 6E-04 7E-04 6E-04 0.003 5E-05 2E-04 0.001 1E-06 0.006 1E-04 0.002 0.002 0.022 7E-05 5E-05 4E-04 0.004 2E-04 0.002 0.003 8E-04 9E-04 0.005 1E-05 0.002 4E-04 0.003 3E-04 0.00161

CarPass 2E-05 2E-04 1E-04 2E-06 3E-05 0.001 0.001 0.002 0.001 4E-04 1E-04 0.002 0.002 0.002 9E-04 4E-05 2E-04 1E-05 4E-05 0.001 1E-04 0.001 1E-04 3E-04 1E-04 1E-04 1E-05 1E-04 2E-04 2E-05 7E-04 0.001 1E-04 6E-05 1E-03 4E-04 1E-04 2E-04 8E-04 0.00055

PTplus 1E-05 4E-06 4E-05 8E-05 2E-05 1E-04 2E-07 1E-05 1E-05 3E-05 9E-06 5E-06 1E-05 2E-05 8E-05 1E-04 1E-04 6E-04 2E-05 4E-04 2E-05 2E-04 2E-04 0.004 8E-06 8E-06 3E-05 7E-04 2E-05 5E-04 8E-04 2E-04 2E-04 4E-04 4E-04 0.001 4E-04 0.002 9E-04 0.00034

Bike 5E-04 3E-04 2E-05 2E-04 4E-04 3E-04 2E-04 2E-05 7E-05 2E-07 2E-05 2E-04 9E-06 4E-05 6E-04 3E-04 3E-04 5E-04 3E-04 6E-04 5E-04 6E-04 0.003 4E-04 0.001 0.001 2E-04 3E-04 0.001 0.003 5E-04 1E-06 0.001 0.001 0.011 0.006 0.001 0.001 0.007 0.00122

PTcom 6E-05 2E-11 2E-04 1E-04 1E-04 1E-05 4E-04 4E-04 3E-05 2E-05 4E-05 7E-04 3E-04 5E-04 6E-04 3E-07 4E-05 2E-05 1E-05 2E-04 3E-04 0.002 9E-05 0.003 0.002 0.002 0.001 0.002 6E-04 0.003 6E-04 3E-04 9E-04 0.001 4E-04 0.001 8E-05 3E-06 3E-04 0.00065

Walk 7E-05 2E-07 1E-04 1E-04 2E-06 2E-05 1E-04 1E-04 6E-06 7E-05 6E-05 2E-04 1E-04 2E-04 2E-05 7E-05 2E-04 4E-06 7E-06 1E-05 3E-04 1E-04 1E-07 2E-06 7E-05 8E-05 3E-05 7E-05 7E-05 6E-05 1E-04 1E-05 2E-07 2E-05 7E-04 4E-04 0.001 9E-04 9E-04 0.00017

AVG 4E-04 3E-04 2E-04 5E-04 2E-04 2E-04 0.001 0.001 6E-04 1E-04 1E-04 0.001 0.001 9E-04 0.001 2E-04 8E-04 4E-04 1E-04 0.001 3E-04 0.003 8E-04 0.005 0.001 0.001 0.002 0.003 8E-04 0.005 0.002 4E-04 0.001 0.002 0.002 0.002 7E-04 0.001 0.002 0.00120

A-W-F STBK x100 x110 x120 x130 x140 x200 x210 x220 x230 x240 x250 x260 x270 x280 x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915 AVERAGE

Bus 6E-05 2E-08 0.002 0.001 6E-04 0.009 0.008 0.011 0.019 0.006 0.006 0.002 0.011 0.006 0.062 1E-03 7E-04 7E-05 5E-04 0.017 4E-05 0.013 0.020 0.001 0.001 0.002 0.012 0.002 0.002 0.036 4E-05 6E-04 3E-04 3E-07 0.036 0.017 0.028 0.039 0.033 0.01040

Train 0.020 0.035 6E-04 0.038 0.036 5E-04 4E-04 4E-05 6E-06 0.003 6E-05 5E-04 4E-05 7E-05 3E-04 2E-04 0.018 0.016 1E-04 0.011 0.003 1E-04 0.021 0.009 0.005 0.004 4E-05 0.002 9E-04 0.087 3E-05 0.001 4E-04 0.010 7E-05 0.008 0.003 0.005 0.005 0.00882

Driver 0.002 9E-04 5E-04 1E-05 2E-06 0.008 4E-05 0.002 0.005 1E-03 8E-05 4E-06 0.001 7E-04 0.004 0.008 0.007 0.005 0.006 0.009 1E-04 7E-04 0.005 0.001 0.001 0.002 7E-05 0.002 0.014 0.007 0.017 0.020 0.011 0.003 0.015 0.005 1E-04 0.011 0.010 0.00475

CarPass 2E-04 7E-04 2E-07 7E-04 0.001 3E-04 6E-04 6E-04 0.002 0.003 0.002 3E-05 7E-04 2E-04 0.005 0.011 0.002 0.009 0.010 7E-07 1E-03 0.002 0.009 1E-04 6E-06 6E-06 1E-03 2E-04 0.001 0.001 0.009 0.015 0.003 0.001 0.002 0.003 0.002 0.002 0.003 0.00270

Bike 3E-04 0.006 7E-04 0.007 0.013 0.013 7E-04 0.004 0.011 2E-04 0.005 1E-04 0.004 0.002 0.027 0.017 0.001 0.005 0.019 0.008 0.003 6E-06 0.021 8E-04 0.006 0.005 7E-04 0.007 1E-03 0.004 0.001 0.003 3E-04 5E-07 0.060 0.032 0.014 0.041 0.058 0.01033

AVERAGE 0.004 0.009 8E-04 0.009 0.010 0.006 0.002 0.003 0.007 0.003 0.002 6E-04 0.003 0.002 0.020 0.007 0.006 0.007 0.007 0.009 0.001 0.003 0.015 0.002 0.003 0.003 0.003 0.002 0.004 0.027 0.006 0.008 0.003 0.003 0.023 0.013 0.009 0.020 0.022 0.00740
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E.5 Type B models of work commute 

E.5.1 Table of correlation coefficients 

 

E.5.2 Table of coefficients of determination 

 

 
 

B-W-F x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915

Bus 0.03 -0.01 0.03 0.02 0.00 -0.06 0.06 0.01 0.00 -0.17 0.08 0.08 0.07 0.12 0.06 0.01 0.00 0.05 0.07 -0.09 0.05 0.11 -0.03 0.05 -0.05

Train 0.01 -0.01 0.01 -0.03 0.00 -0.02 0.01 0.04 0.00 -0.07 0.06 0.06 0.07 0.07 0.05 -0.13 0.03 0.04 0.06 -0.05 -0.01 0.02 -0.02 0.01 0.01

MCT 0.01 0.02 -0.06 -0.02 -0.02 0.02 0.01 0.10 -0.01 -0.01 0.06 0.06 0.08 0.08 0.03 -0.03 0.10 0.03 0.07 -0.06 -0.03 0.03 0.03 -0.03 0.03

Driver -0.03 0.02 -0.04 -0.02 -0.01 0.06 -0.06 0.01 0.02 0.16 -0.05 -0.05 -0.06 -0.09 -0.02 0.06 0.03 -0.01 -0.02 0.09 0.00 -0.06 0.01 -0.06 0.02

CarPass 0.02 -0.01 0.01 0.00 0.01 -0.02 0.03 -0.04 0.02 0.01 -0.02 -0.02 -0.02 -0.03 -0.01 0.02 -0.03 -0.04 -0.03 0.02 0.03 0.01 0.01 0.01 -0.03

PTplus 0.00 -0.01 0.02 0.01 0.01 -0.04 0.05 0.02 -0.01 -0.10 0.08 0.08 0.07 0.10 0.06 -0.06 0.00 0.03 0.05 -0.08 0.02 0.05 -0.02 0.04 -0.03

Bike -0.01 -0.02 0.02 0.02 0.02 0.00 -0.06 -0.06 -0.04 0.01 -0.09 -0.09 -0.07 -0.08 -0.08 -0.01 -0.06 -0.05 -0.09 0.03 -0.10 -0.10 0.00 -0.02 0.08

PTcom 0.02 0.01 -0.01 -0.02 -0.01 -0.01 0.03 0.05 0.00 -0.05 0.07 0.07 0.07 0.08 0.05 -0.07 0.04 0.04 0.06 -0.07 -0.03 0.03 0.00 -0.01 0.03

Walk 0.00 0.00 0.00 0.00 0.00 0.04 -0.03 0.00 0.01 0.03 -0.04 -0.04 -0.03 -0.03 -0.04 0.02 -0.01 -0.02 -0.03 0.04 0.03 0.02 0.07 0.03 -0.04

B-W-F x300 x310 x320 x330 x340 x350 x360 x370 x400 x410 x420 x430 x500 x510 x600 x610 x700 x710 x720 x730 x800 x810 x820 x905 x915 AVERAGE

Bus 9E-04 7E-05 0.001 6E-04 8E-07 0.003 0.004 2E-04 2E-06 0.029 0.007 0.007 0.005 0.015 0.003 1E-04 2E-05 0.003 0.004 0.009 0.002 0.011 6E-04 0.003 0.002 0.00445

Train 7E-05 3E-05 8E-05 0.001 9E-06 5E-04 9E-05 0.002 2E-06 0.005 0.004 0.004 0.004 0.006 0.002 0.018 7E-04 0.002 0.003 0.003 1E-04 6E-04 6E-04 1E-04 5E-05 0.00222

MCT 2E-04 4E-04 0.003 4E-04 3E-04 3E-04 1E-04 0.011 7E-05 5E-05 0.003 0.003 0.007 0.006 1E-03 8E-04 0.010 8E-04 0.005 0.003 1E-03 7E-04 0.001 6E-04 9E-04 0.00241

Driver 7E-04 4E-04 0.001 4E-04 1E-04 0.004 0.003 6E-05 3E-04 0.025 0.003 0.003 0.003 0.009 4E-04 0.003 8E-04 2E-04 5E-04 0.007 2E-06 0.004 6E-05 0.003 4E-04 0.00293

CarPass 2E-04 9E-05 6E-05 2E-06 8E-05 3E-04 0.001 0.002 4E-04 2E-04 3E-04 3E-04 5E-04 9E-04 2E-04 4E-04 9E-04 0.001 8E-04 3E-04 0.001 2E-04 4E-05 2E-04 9E-04 0.00050

PTplus 2E-07 2E-04 6E-04 1E-04 5E-05 0.002 0.003 5E-04 8E-05 0.010 0.006 0.006 0.005 0.011 0.003 0.004 2E-05 9E-04 0.003 0.006 4E-04 0.003 5E-04 0.002 8E-04 0.00270

Bike 2E-04 3E-04 3E-04 5E-04 3E-04 3E-09 0.004 0.004 0.002 1E-04 0.008 0.008 0.005 0.007 0.007 3E-05 0.003 0.002 0.008 8E-04 0.010 0.010 2E-06 4E-04 0.006 0.00341

PTcom 4E-04 1E-04 1E-04 3E-04 1E-04 9E-05 8E-04 0.003 2E-06 0.003 0.006 0.006 0.005 0.006 0.002 0.005 0.002 0.001 0.004 0.004 9E-04 8E-04 4E-06 2E-04 9E-04 0.00206

Walk 2E-05 2E-06 2E-05 5E-07 1E-06 0.002 0.001 1E-06 1E-04 0.001 0.002 0.002 9E-04 0.001 0.002 6E-04 6E-05 5E-04 0.001 0.002 0.001 3E-04 0.004 0.001 0.001 0.00095

AVG 3E-04 2E-04 8E-04 4E-04 1E-04 0.001 0.002 0.002 3E-04 0.008 0.004 0.004 0.004 0.007 0.002 0.004 0.002 0.001 0.003 0.004 0.002 0.003 8E-04 0.001 0.001 0.00240
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E.6 Type C models of work commute 

E.6.1 Table of correlation coefficients 

 

E.6.2 Table of coefficients of determination 

 

If omitting the travel time (x70 – x76) and travel time share (x80 – x86) explanatory variables, then the average coefficients of determination in columns x10 – x63, x90 and x91 is: 0.01391… 

 

C-W-F x10 x11 x12 x13 x20 x21 x22 x23 x31 x32 x34 x40 x41 x42 x43 x44 x45 x60 x61 x62 x63 x70 x71 x73 x74 x76 x80 x81 x83 x84 x86 x90 x91

Bus -0.02 0.06 0.03 0.07 0.20 0.11 0.22 -0.10 0.05 -0.21 0.23 -0.09 -0.04 -0.05 0.04 0.09 0.33 -0.14 -0.14 -0.13 -0.08 0.69 -0.12 -0.20 -0.02 -0.11 0.94 -0.19 -0.30 -0.07 -0.16 0.23 -0.20

Train 0.00 0.02 0.02 -0.04 -0.29 -0.17 -0.34 0.10 -0.05 0.06 -0.06 0.02 -0.01 0.07 0.04 -0.07 -0.11 0.03 0.02 0.02 0.00 -0.16 0.66 -0.13 -0.05 0.06 -0.19 0.94 -0.29 -0.06 -0.08 -0.01 -0.09

Driver -0.01 -0.04 -0.04 0.02 0.09 0.06 0.11 0.06 0.00 0.10 0.00 -0.01 -0.03 0.08 -0.04 0.01 -0.02 0.07 0.08 0.09 0.10 -0.20 -0.19 0.61 -0.15 -0.14 -0.33 -0.30 0.90 -0.20 -0.34 0.09 -0.10

CarPass -0.05 0.15 0.09 -0.02 0.03 -0.01 0.02 0.08 -0.03 0.02 0.04 0.16 0.11 0.00 -0.05 -0.02 0.07 -0.02 0.00 -0.03 -0.02 -0.08 -0.03 -0.08 0.70 -0.05 -0.10 -0.07 -0.27 0.89 -0.12 0.02 -0.01

Bike -0.04 -0.17 -0.17 0.01 -0.08 -0.01 -0.06 -0.08 -0.12 -0.13 -0.17 -0.07 0.04 -0.05 0.02 -0.20 -0.25 -0.18 -0.18 -0.18 -0.17 -0.14 -0.09 -0.34 -0.15 0.35 -0.14 -0.05 -0.33 -0.15 0.93 -0.34 0.36

C-W-F x10 x11 x12 x13 x20 x21 x22 x23 x31 x32 x34 x40 x41 x42 x43 x44 x45 x60 x61 x62 x63 x70 x71 x73 x74 x76 x80 x81 x83 x84 x86 x90 x91 AVERAGE

Bus 6E-04 0.004 0.001 0.005 0.038 0.011 0.050 0.009 0.003 0.044 0.054 0.008 0.002 0.003 0.002 0.007 0.106 0.019 0.019 0.017 0.007 0.479 0.014 0.040 5E-04 0.013 0.879 0.035 0.093 0.006 0.024 0.055 0.039 0.06323

Train 5E-06 4E-04 3E-04 0.002 0.082 0.030 0.116 0.011 0.002 0.004 0.004 4E-04 4E-05 0.006 0.001 0.005 0.013 9E-04 4E-04 3E-04 2E-05 0.026 0.442 0.016 0.003 0.004 0.036 0.880 0.086 0.004 0.007 3E-05 0.008 0.05422

Driver 4E-05 0.002 0.002 4E-04 0.008 0.003 0.012 0.003 6E-06 0.010 7E-06 3E-05 6E-04 0.006 0.002 1E-04 3E-04 0.005 0.007 0.008 0.010 0.040 0.037 0.378 0.021 0.020 0.106 0.088 0.819 0.041 0.116 0.009 0.011 0.05351

CarPass 0.002 0.024 0.008 6E-04 0.001 6E-05 3E-04 0.006 7E-04 3E-04 0.002 0.025 0.013 2E-09 0.003 3E-04 0.005 3E-04 3E-06 0.001 4E-04 0.006 8E-04 0.006 0.485 0.002 0.010 0.006 0.071 0.791 0.013 4E-04 1E-04 0.04501

Bike 0.002 0.028 0.027 1E-04 0.006 7E-05 0.004 0.006 0.015 0.017 0.031 0.005 0.002 0.003 5E-04 0.039 0.060 0.034 0.032 0.032 0.029 0.019 0.008 0.114 0.023 0.121 0.019 0.003 0.110 0.024 0.865 0.116 0.128 0.05827

AVG 0.002 0.019 0.013 0.003 0.045 0.015 0.061 0.012 0.007 0.025 0.030 0.013 0.006 0.006 0.003 0.017 0.061 0.020 0.019 0.020 0.015 0.190 0.167 0.185 0.178 0.053 0.350 0.337 0.393 0.289 0.342 0.060 0.062 0.05485
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[F] Computation script of the used decision tree regressor model 
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[G] Decision tree diagrams 

G.1 Type A models of school commute 

Decision tree diagrams from type A models of school commute, version 3, using 17 explanatory variables and filtered data set of origin-destination pairs. 

G.1.1 Decision tree diagram of transport mode Bus 
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G.1.2 Decision tree diagram of transport mode Train 
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G.1.3 Decision tree diagram of transport mode MCT 
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G.1.4 Decision tree diagram of transport mode Driver 
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G.1.5 Decision tree diagram of transport mode CarPass 
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G.1.6 Decision tree diagram of transport mode PTplus 

 

 

G.1.7 Decision tree diagram of transport mode Bike 
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G.1.8 Decision tree diagram of transport mode PTcom 
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G.1.9 Decision tree diagram of transport mode Walk 
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G.2 Type B models of school commute 

G.2.1 Decision tree diagram of transport mode Bus 

 

 

  

Part 1 
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Part 2 



. 

256 
. 

G.2.2 Decision tree diagram of transport mode Train 
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G.2.3 Decision tree diagram of transport mode MCT 
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G.2.4 Decision tree diagram of transport mode Driver 
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G.2.5 Decision tree diagram of transport mode CarPass 
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G.2.6 Decision tree diagram of transport mode PTplus 

 

 

G.2.7 Decision tree diagram of transport mode Bike 
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G.2.8 Decision tree diagram of transport mode PTcom 
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G.2.9 Decision tree diagram of transport mode Walk 
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G.3 Type C models of school commute 

G.3.1 Decision tree diagram of transport mode Bus 
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G.3.2 Decision tree diagram of transport mode Train 

 

G.3.3 Decision tree diagram of transport mode Driver 
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G.3.4 Decision tree diagram of transport mode CarPass 
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G.4 Type A models of work commute 

G.4.1 Decision tree diagram of transport mode Bus 
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G.4.2 Decision tree diagram of transport mode Train 

 

G.4.3 Decision tree diagram of transport mode MCT 
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G.4.4 Decision tree diagram of transport mode Driver 
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G.4.5 Decision tree diagram of transport mode CarPass 

 

G.4.6 Decision tree diagram of transport mode PTplus 
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G.4.7 Decision tree diagram of transport mode Bike 

 

 

G.4.8 Decision tree diagram of transport mode PTcom 
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G.4.9 Decision tree diagram of transport mode Walk 
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G.5 Type B models of work commute 

G.5.1 Decision tree diagram of transport mode Bus 
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G.5.2 Decision tree diagram of transport mode Train 

 

G.5.3 Decision tree diagram of transport mode MCT 
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G.5.4 Decision tree diagram of transport mode Driver 
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G.5.5 Decision tree diagram of transport mode CarPass 

 

G.5.6 Decision tree diagram of transport mode PTplus 

 



. 

276 
. 

G.5.7 Decision tree diagram of transport mode Bike 
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G.5.8 Decision tree diagram of transport mode PTcom 

 

G.5.9 Decision tree diagram of transport mode Walk 
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G.6 Type C models of work commute 

G.6.1 Decision tree diagram of transport mode Bus 
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G.6.2 Decision tree diagram of transport mode Train 
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G.6.3 Decision tree diagram of transport mode Driver 
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G.6.4 Decision tree diagram of transport mode CarPass 
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G.6.5 Decision tree diagram of transport mode Bike 

 

 


