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Summary

Limiting transport poverty is consequential in improving well-being and employment levels,

which play meaningful roles in deciding public policy. We analyze how different socioeconomic

and built environment factors are related to the transport poverty environment for car and

public transport in terms of strength, significance, and direction for neighborhood zones

within the Amsterdam Metropolitan Area—our study area. Additionally, we provide policy

recommendations for the study area.

To this end, we use spatial distributions of environmental transport poverty indicators and

perform weighted least-squares regression analyses, where we regress each transport poverty

indicator on all built environment and socioeconomic variables. Our regression analyses

are preceded by a combination of logarithmic variable transformation, insignificant variable

elimination, and data normalization.

The environmental transport poverty indicators consist of average travel times, average

single-trip travel costs, and the number of accessible jobs within thirty minutes. Regarding

the built environment; we include inhabitant density and job density, whereas the socioeco-

nomic characteristics in our analyses consist of household size, five age cohorts (0-18, 18-34,

35-54, 55-64, and 65+), gender, car ownership, and income.

Our results indicate that levels of environmental car transport poverty are fairly low

over the whole study area when compared to the public transport poverty environment—the

highest car transport poverty levels among all zones correspond with the lowest levels of public

transport poverty. Regression results demonstrate that differences in the transport poverty

environment are substantially correlated with differences in the zonal built environment and

socioeconomic characteristics only for public transport travel times and public transport job

accessibility, which are also the only transport poverty indicators to exhibit considerable

variation among the study area zones in general.

Furthermore, the strength and significance of job density almost invariably greatly ex-

ceed those of inhabitant density and the socioeconomic variables—in relation to the transport

poverty environment indicators. Inhabitant density is, despite being overshadowed by job

density, also deemed to exhibit a marked correlation to the public transport measures of travel
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time and job accessibility. Both built environment variables are related to favorable trans-

portation conditions. Remarkably, all socioeconomic variables display either insignificant or

rather weak correlations to the transport poverty environment.

Consequently, we suggest focusing mainly on public transport measurements of travel

times and job accessibility when analyzing differences in the transport poverty environment

at a neighborhood level and the roles of job density and (to a lesser extent) inhabitant density

herein. We visualize the combined spatial distributions of both job density and average public

transport travel times, and inhabitant density and average public transport travel times for

our study area. Areas potentially interesting for public transport improvement are identified

based on the simultaneous occurrence of both relatively high levels of job or inhabitant

density and relatively high travel times.

We note that our results are limited to transport poverty resources and opportunities

in the context of neighborhood zonal averages within the Amsterdam Metropolitan Area.

Further research might investigate the strength, significance, and direction of the relationships

between socioeconomic and built environment characteristics, and transport poverty at the

individual level—which could demonstrate the purportedly high influence of socioeconomic

characteristics in relation to transport poverty differences among people. It would also be

interesting to determine how widely applicable or location dependent our results are based on

other studies which employ a different study area. Other suggestions are to include measures

of subjective perception, transport poverty outcomes, and transport externalities.
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1 Introduction

An extensive body of literature has addressed the ability of different groups of people to fulfill

their mobility needs. This ability and related concepts are named and described in various

manners. Moreover, generally agreed-upon definitions are rare throughout the literature

among these concepts. We discuss several concept and definition pairs.

The first of these pairs is accessibility poverty, defined by Martens & Bastiaanssen (2019)

as relatively high experienced travel times (compared to the entire population of the region

in question) to key destinations such as health care services, leisure, jobs, and social activ-

ities, where low-income population groups are at a greater risk of experiencing accessibility

poverty due to their dependence on the public transport system or active modes, which

generally leads to higher travel times compared to the car. Fan & Huang (2011) define trans-

portation affordability by the extent to which financial means are necessary to make use of

transportation services. Transport-related social exclusion identifies ten dimensions, related

to the capability of humans to access the transportation system, that are connected to so-

cietal participation for individuals (e.g., economic-, physical-, and informational exclusion)

(Luz & Portugal, 2022).

A rather extensive notion is transport equity (Martens et al., 2019), which comprises avail-

able transportation modes, travel time to key destinations (e.g., jobs, health care, parks),

observed travel patterns, well-being measures related to travel and activities, air and noise

pollution, traffic safety, and attractiveness of active mode usage. Another concept definition

pair is transportation disadvantage, described as "limits on or barriers to access to destina-

tions such as employment, education, health care and nutritious foods (Shay et al., 2016)."

The 15-minute city (Moreno et al., 2021) entails the transformation of contemporary car-

dependent cities into cities where walking and cycling are viable options to satisfy most of

the daily travel needs.

Finally, Awaworyi Churchill & Smyth (2019) take note of mobility poverty, accessibility

poverty, and transport affordability as constituent parts of transport poverty. Here, mobility

is defined by the available transportation options, whereas accessibility refers to the difficulty

to reach key destinations such as work, shops, and social contacts. Affordability constitutes
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the extent to which financial means available to a person are sufficient to make use of the

available transportation options.

There exist more concepts and definitions that could be added to this list, however,

the ones mentioned here provide sufficient background information on the issue we want to

address.

1.1 Research Relevance and Aim

Among all concept and definition pairs, we focus on transport poverty in this paper and split

it into its three constituent parts (mobility poverty, accessibility poverty, and transport af-

fordability) as given by Awaworyi Churchill & Smyth (2019). The importance of research into

transport poverty is related to outcomes influencing public policy-making, such as well-being

and employment levels. A higher level of transport poverty has been shown to negatively

affect well-being (Awaworyi Churchill & Smyth, 2019; Awaworyi Churchill, 2020; Delbosc &

Currie, 2011), and Bastiaanssen et al. (2020) find a negative association between transport

poverty and employment outcomes by merging 93 studies with quantitative estimates on this

association. Concluding, it is valuable to inform policy-making decisions by investigating the

dynamics at play between transport poverty and concepts expected to affect it, or vice versa.

How socioeconomic and built environment characteristics are related to transport poverty

is a much-researched topic (Martens et al., 2019; Fan & Huang, 2011; Shay et al., 2016;

Jomehpour Chahar Aman & Smith-Colin, 2020; Voerknecht, 2020; Kampert et al., 2019),

where careful consideration to the selection of the (combination of) indicators is often given

based on logical reasoning. Nonetheless, there is next to no information on how different

socioeconomic and built environment factors are related to each of the distinct dimensions

of transport poverty in terms of strength, significance, and direction.

Lucas et al. (2018) do obtain such statistics on correlations between socioeconomic and

built environment variables, and trip frequency (at the individual geographical level). How-

ever, they note that their analysis is somewhat hampered by their small sample size. Besides,

they solely focus on trip frequency and there are no results reported on certain interesting

socioeconomic and built environment variables such as job density and income.

Information on observed correlations between transport poverty, and socioeconomic and

6



built environment variables can inform research into causal mechanisms potentially under-

lying the correlations, and facilitate the identification of people or environments at risk of

exhibiting transport poverty. Subsequently, policy measures may be designed to reduce

transport poverty by addressing its causes, or by targeting people or environments (e.g.,

compensation measures, urban planning, further research) more effectively.

The main aim of this study is to provide policy recommendations and inform further

research into transport poverty by uncovering, at the neighborhood level, the strength, sig-

nificance, and direction of the links between built environment and socioeconomic character-

istics, and the three considered dimensions of transport poverty (mobility, accessibility, and

affordability) for both car and public transport.

We limit the scope of the research by solely looking at resources and opportunities existing

within the given transport environment in relation to transport poverty. It follows that any

results do not pertain in any way to outcomes and subjective measures of transport poverty

and leave heterogeneity between people in terms of experienced travel times and affordability

measures unaccounted for.

1.2 Approach

Our research approach is visualized in a flowchart process scheme in Figure 1. To determine

the strength, significance, and direction of the links between built environment and socioe-

conomic characteristics, and the transport poverty environment, we first conduct a literature

review to deduce which socioeconomic and built environment characteristics are often linked

to transport poverty and hence interesting to include in our analysis.

The strength, significance, and direction of relationships between built environment and

socioeconomic characteristics (independent variables) and the transport poverty dimensions

for car and public transport (dependent variables) are analyzed using linear regression anal-

yses because this will provide such information. Next to a collection of potentially interest-

ing independent variables to include resulting form the literature review, further desirable

data properties originate from the choice for linear regression analyses. In linear regression

analysis, each independent variable should exhibit low levels of correlation with all other

independent variables to facilitate accurate estimation of the correlational links. Therefore,
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Figure 1: Research process scheme.
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it should be averted to include closely related independent variables.

The resulting eleven included independent variables (built environment and socioeco-

nomic characteristics) are inhabitant density, job density, household size, five age cohorts

(0-18, 18-34, 35-54, 55-64, and 65+), male, car ownership, and income. The three dimen-

sions of transport poverty are mobility, accessibility, and affordability. These dimensions

are respectively quantified through average inter-zonal travel times, the number of available

jobs within half an hour of travel time, and average inter-zonal single trip costs. The three

quantitative indicators are derived from the number of jobs for each zone as stated in the

database of a study area specific 4-step transportation model, and from inter-zonal skim

matrices on travel times and travel costs—which resulted from the application of this same

transportation model. The three quantitative indicators are computed for car and public

transport, we consequently end up with six dependent variables.

Our study area comprises the Amsterdam Metropolitan Area; the constituent neighbor-

hood zones of the study area specific transportation model are visualized Figure 2. The

socioeconomic, built environment, and transport poverty variables are computed on the level

of these neighborhood zones. In Appendix A, Study Area and the Netherlands, the location

of the study area within the Netherlands is depicted.

Before conducting the final linear regression analyses, we log-transform any variable when

it is judged from histogram plots of its empirical and log-transformed empirical distributions

that a logarithmic transformation substantially normalizes the data. Furthermore, the final

linear regression analyses are preceded by eliminating insignificant independent variables

through a systematic backward elimination method, and we correct for heteroskedasticity

if statistical evidence for its presence is found. Afterward, a linear regression analysis is

conducted for each dependent variable, regressing the dependent variable on all independent

variables. Moreover, as additional analyses all variables are standardized before performing

all regressions again, imposing the same scales for all variables.

Through the final regression analyses, the first intended main result is R2 values for each

of the six dependent variables, showing the amount of covariation between the estimated

linear combination of the selected built environment and socioeconomic characteristics for

each transport poverty indicator. In other words, the R2 values will show the extent to which
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Figure 2: Amsterdam Metropolitan Area overview.

differences in the built environment and socioeconomic characteristics may be related to dif-

ferences in the transport poverty indicator, for each indicator. Secondly, levels of significance

and direction of the relationships between the built environment and socioeconomic charac-

teristics, and the transport poverty indicators are identified from the regression results and

from the backward elimination method. Thirdly, relative correlational strength measures

follow from the coefficient estimates of the regressions on the normalized data. From the

results, we provide policy recommendations for the study area, establish conclusions, and

discuss implications and recommendations for further research as well as identify limitations

of this research.
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2 Literature Review

A literature review is conducted to decide which socioeconomic and built environment fac-

tors would be relevant to include in our analysis and to determine further how to shape

the methodology so that the contribution to the existing body of literature is maximized.

We use Google Scholar as our primary search engine and search for (combinations of)

the keywords "transport poverty", "determinants", "factors", "socioeconomic(s)", "demo-

graphic(s)", "built environment", "land use", "mobility", "accessibility", and "transport(ation)

affordability". Furthermore, sources referenced within the research found through the Google

Scholar search are often also included in our literature review, as well as research that refer-

ences the research found through the Google Scholar search.

From our obtained literature collection we find that concepts that have been shown to have

a connection with transport poverty are the built (transportation) environment (Lucas et al.,

2018; Godfrey et al., 2015; Martens, 2013), spatial distribution of the social network (Martens,

2013), fuel price (Godfrey et al., 2015), and predominantly the personal environment as

expressed by socioeconomic indicators (Martens et al., 2019; Fan & Huang, 2011; Shay et

al., 2016; Jomehpour Chahar Aman & Smith-Colin, 2020; Voerknecht, 2020; Kampert et

al., 2019). According to Lucas et al. (2018), trip-making patterns of city inhabitants in

Merseyside, England are influenced by socioeconomic characteristics to a lesser degree than

by the built (transportation) environment. However, they note that their paper should be

viewed as an exploration of their methodological approach, rather than as a robust causal

analysis of the relationship between social disadvantage and transport at the micro level.

Still, it illustrates the importance to remain aware of all the complex interactions at play

between the built environment, the personal environment, and the transport environment.

2.1 Socioeconomics and Transport Poverty

Which socioeconomic indicators relate to transportation poverty (or overlapping notions) and

in what way they interact has been researched extensively (Martens et al., 2019; Fan & Huang,

2011; Shay et al., 2016; Jomehpour Chahar Aman & Smith-Colin, 2020; Voerknecht, 2020;

Kampert et al., 2019). Martens et al. (2019) establish relevant socioeconomic determinants
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of transport equity from an extensive literature review, namely: income, car ownership,

age, gender, (dis)ability, and ethnicity. Fan & Huang (2011) argue for segregation based on

household socioeconomic characteristics regarding transport affordability because this would

define individuals’ financial and time limitations. The household categories are defined by

a multitude of combinations of the following socioeconomic factors: gender, marital status,

occupational status, car ownership, and presence or absence of children. Furthermore, Shay et

al. (2016) use low income, car ownership, mobility limitation, youth (non-driving age), seniors

(over age 62), ethnic minority, and low English proficiency as socio-demographic measures

influencing transportation disadvantage. This set was constructed from a comprehensive

literature review, and by consulting the project sponsors—North Carolina Department of

Transportation staff. Jomehpour Chahar Aman & Smith-Colin (2020) display an overview of

socioeconomic factors influencing transit dependency from previous literature, they mostly

coincide with the aforementioned measures.

For the Netherlands specifically, Hans Voerknecht extensively investigates the distribution

of transport poverty among different socioeconomic groups at different locations and how this

is impacted by policy decisions. For example, Voerknecht (2020) uses combinations of car

ownership, household size, driving licence status, subsidized use of public transport, income,

and preference for car or public transport to identify groups of people who might be analyzed

separately regarding transport poverty. Furthermore, Kampert et al. (2019) establish thresh-

old levels or categories from socioeconomic and built environment variables to identify the

risk of transport poverty among households within neighborhood zones for two municipalities

in the Netherlands. The used socioeconomic variables are car ownership, income, origin of in-

come, migrational background, health status, and certain household characteristics including

the age of the household members.

The link between socioeconomics and transport poverty at a neighborhood zone spatial

level might also be viewed from the perspective of residential location choice as an interme-

diate factor. Zondag & Pieters (2005) find that, for the Netherlands, accessibility appears to

have a significant but relatively low influence on residential location choice (locations with

higher accessibility levels are preferred, ceteris paribus) compared to socioeconomic factors,

neighborhood characteristics, and dwelling features, which is in line with their literature
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review. Accessibility is defined here as a household-type specific aggregate logsum value,

founded in microeconomic utility maximization theory, that expresses the utility of diverse

alternatives such as modes, destinations, and time-of-day options. They obtain these results

from a quasi-dynamic land-use and transport interaction model (TIGRIS XL) for six prede-

fined household types, partly at the four-digit postal code level but mostly at less detailed

spatial levels. Thus, evidence is found for an interplay between certain transport poverty

dimensions, socioeconomics, and the built environment through residential location choice,

where accessibility is relatively unimportant.

2.2 Identified Gap

Much of the research thus far has employed socioeconomic and built environment data to

segregate a population into various sub-groups and identify people or locations at risk of

experiencing transport poverty. In the whole body of literature, used socioeconomic and

built environment indicators generally appear well-founded. Even combinations have been

made (Fan & Huang, 2011), accounting for the complex interplay of the indicators. Even

though other scholars often give careful consideration to the selection of the (combination

of) indicators based on logical reasoning (Martens et al., 2019; Fan & Huang, 2011; Shay et

al., 2016; Jomehpour Chahar Aman & Smith-Colin, 2020; Voerknecht, 2020; Kampert et al.,

2019), an analysis of how different socioeconomic and built environment factors are related

to each of the distinct dimensions of transport poverty in terms of strength, significance, and

direction, has yet to be conducted.

Lucas et al. (2018) do obtain such strength, significance, and directional information,

at the individual geographical level, but they note that their estimates are hampered by

their small sample size. Besides, they solely focus on trip frequency and there are no results

reported on certain interesting socioeconomic and built environment variables such as job

density and income. Therefore, we propose a quantitative analysis of the multidimensional

relationships between built environment and socioeconomic characteristics, and transport

poverty.
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3 Methods

At the core, we use linear regression analyses to obtain the desired results on significance,

strength, and direction among the built environment and socioeconomic characteristics in re-

lation to transport poverty. Linear regression analysis is chosen because it delivers the desired

results, outcomes are easily interpretable, and its steps are straightforward and transparent,

making our analysis easily reproducible.

To perform linear regression analysis, we necessarily assume a linear mathematical model

relating transport poverty to the built environment and socioeconomic characteristics. It is

specified as

yij = β′
jxi + εi, i = 1, 2, . . . , N, j = 1, 2, . . . ,M, (1)

where yij is the scalar observation on the jth transport poverty measure in the ith zone. The

number of zones is given by N = 1704, while the number of transport poverty measures

M = 6. The built environment and socioeconomic characteristics observations in zone i are

represented by xi, a k×1 vector, where k−1 gives the number of characteristics and k equals

the number of independent variables (built environment and socioeconomic characteristics

plus a constant). For transport poverty measure j, there is a corresponding k × 1 vector

of coefficients βj which relates the built environment and socioeconomic characteristics to

transport poverty measure j, and the scalar idiosyncratic error term (with a mean of zero)

is εit, it has a variance of σ2.

The sequential steps involved in our methodology consist respectively of logarithmic vari-

able transformation, insignificant variables elimination, and heteroskedasticity correction.

After performing these steps we obtain all the required information for the final regres-

sion models specifications. We conduct twelve final regression analyses, six on the (log-

transformed) data and six on the normalized data. Normalized data is used to obtain the

relative correlational strength statistics, and the regression analyses with original data pro-

vide coefficient estimates in terms of the (log-transformed) scales of measurement. Both sets

of the six regression analyses are comprised of three car analyses and three public transport

analyses, one for each of the three transport poverty indicators.
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3.1 Logarithmic Variable Transformation

A logarithmic transformation allows for a multiplicative model structure to be estimated

linearly. For instance, suppose that we have log(yi1) and log(x), then

log(yi1) = β′
jlog(xi) + εi, (2)

which is equal to

yi1 = xβ11

i1 xβ12

i2 · · · xβ1k

ik exp(εi), (3)

where xik is the ith observation on independent variable k and β1k is the coefficient relating

to the first transport poverty measure and the kth independent variable. As formulas (2) and

(3) illustrate, logarithmic variable transformation allows for substantially more flexibility in

model specification. In the example above, all regressors are log-transformed, but this may

even vary per regressor. In cases where a multiplicative specification is substantially more

reflective of the observed relationship, this will lead to a greatly improved estimation of the

respective assumed relationships.

From a visual inspection, it is decided for all regression variables (transport poverty,

built environment, and socioeconomic) whether a logarithmic transformation substantially

normalizes the data and thus would improve parameter estimates. If this is deemed to be

the case, the variable will be log-transformed in the regression analyses. Visual inspection

is performed by plotting a histogram for both the original and log-transformed data and

visually comparing the shapes of the histograms to the typical shapes of an exponential and

normal distribution.

When applying a logarithmic transformation to a variable that contains observations

equal to zero, unrealistic and unworkable observations result because limx→0+ ln(x) = −∞.

Therefore, we change all zero values into one thousandth before applying the transformation.

This way, the relatively more valuable information from these observations at the extreme of

the observed range will be reasonably reflected.
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3.2 Insignificant Variables Elimination

The elimination of insignificant variables in each regression analysis is carried out through

backward elimination. This a well-known method to determine a set of significant indepen-

dent variables to include in the final regression model. It starts by incorporating all variables

in the model and then consecutively drops the least significant variable from the regression

model estimated with the remaining variables until all remaining variables conform to a

predetermined threshold level of statistical significance. We use the generally applied signif-

icance level of 5% for this threshold and display the results of the final regression models.

The resulting regression models inform about the strength, significance, and direction of the

correlation between the remaining socioeconomic and built environment measures and the

transport poverty indicators in terms of the units of the variables.

3.3 Heteroskedasticity Correction

Heteroskedasticity, i.e., inconstant variance among observations, might be caused by outliers

or omitted confounding variables. For our model, it would mean that V ar(ε) = σ2
i ̸= σ2 for

some i ∈ {1, . . . , N}. Heteroskedastic observations with a relative high level of variance would

obscure the relationship between the built environment and socioeconomic characteristics,

and the transport poverty measures. Therefore, we limit the influence of such observations

in proportion to their relative excess level of variance. To account for the possibility that an

outlier might actually reveal interesting information contradicting the relationship established

on the basis of the other observations, we plot studentized residuals for each regression against

all the respective significant independent variables and visually determine from these plots

whether any potential relationships might exist that we did not account for.

After the visual check for model misspecification through plotting of the studentized

residuals against all of the respective significant independent variables, we carry out a White

test (White, 1980) to statistically check for heteroskedasticity in the error terms. When the

null hypothesis of homoskedasticity is rejected with at least 95% confidence, we estimate the

linear regression model through weighted least squares (White, 1980) for improved efficiency

of parameter estimates and to obtain correct standard errors. It works by making the influ-
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ence on the parameter estimates of each observation inversely proportional to its estimated

variance. When performing weighted least squares with the previously selected variables, it

may happen that evidence for a coefficient estimate possibly being equal to zero is stronger

than 5%. Hence, we conduct backward elimination again to ensure the significance of the

coefficient estimates.

3.4 Relative Correlational Strength Estimation

We compare the independent variables in terms of the degree of correlational strength with

each of the six transport poverty measures by normalizing the data and rerunning the

(weighted) linear regression models with the explanatory variables as given by the back-

ward elimination process on the nonnormalized data. Normalization is carried out by first

subtracting the sample mean and subsequently dividing the outcome by the sample standard

deviation, for all regressants and regressors. Measures of statistical significance are unaffected

by data normalization, so it is unnecessary to redo the backward elimination with the normal-

ized data. Normalization results in the same scales for all variables, as such the original units

of measurement do not apply anymore. For model interpretability, we consequently carry

out regressions with the normalized data as additional analyses, next to the regressions on

the nonnormalized data. Since all normalized variables exhibit the same scale, the coefficient

estimates represent how comparable changes in the independent variables relate to changes

in the dependent variables. Comparing the coefficient estimates resulting from performing

weighted least squares on the normalized data thus reveals the relative correlational strength

levels.

4 Data

In this section, the used data is discussed. Starting with the socioeconomic and built envi-

ronment data and followed by the transport poverty data. The spatial resolution of both is at

a neighborhood level and the data stems from the year 2014, the most recent available year.

Therefore, our results will pertain to this rather distant moment in time and any changes in

the built environment, socioeconomic makeup of the neighborhood zones, and the transport
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poverty environment in the meantime will not be reflected. For example, the North-South

metro line opening and subsequent extensive Amsterdam metro schedule changes occurred

in 2018. However, no other transportation infrastructure change happened at a scale similar

to the North-South metro line in the meantime, and the opening of the North-South metro

line still presents only a relatively minor change when compared to the extensiveness of the

public transport network of the whole study area.

Regarding changes in the built environment and socioeconomic makeup of neighborhoods

from 2014 till now, it seems unlikely that these changes meaningfully impact the results be-

cause the vast majority of the zones likely did not see any property development projects

large enough to substantially change the average levels pertaining to the built environment

and socioeconomic characteristics. We thus expect that only a small number of zones that

were largely impacted by property or transport infrastructure development saw considerable

changes in the transport poverty measures or the built environment and socioeconomic char-

acteristics, such as zones in the North of Amsterdam with easy access to a new metro station

or zones that experienced big property development projects. Since we utilize average levels

for transport poverty, built environment, and socioeconomic characteristics in each zone and

use 1704 neighborhood zones for the regression, we expect that the results still mostly hold

now.

There are 1941 neighborhood zones situated in the Amsterdam Metropolitan Area. After

filtering out observations with missing data, 1704 neighborhood observations remain. Fur-

thermore, there are 1959 zones situated outside the study area, of which 159 are located

outside the Netherlands. These zones are important to include due to their influence on

transport poverty within the study area. Table 1 describes the study area zonal data used

(directly or indirectly) as input for our regression analyses, whereas Figure 3 visualizes the

study area zonal geography. A geographical overview of all 3900 model zones is given in Fig-

ure 4. You can clearly see in Figure 4 how the model zones become increasingly fine-meshed

when located closer to the Netherlands. In the Netherlands, the decrease of model zone area

occurs too with decreasing distance to the study area zone, which can already be deduced

from the information that the number of zones inside the study area is almost equal to the

number of zones outside of the study area (1941 and 1959, respectively).
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Figure 3: Geography of the 1704 study area zones.

The raw socioeconomic and built environment data consists (for each zone) of inhabitant

age cohort totals, inhabitant gender (female and male) totals, total inhabitants, total number

of households, area in hectares, number of jobs in seven sectors (agriculture, industry, retail,

services, government, self-employed, and other), number of cars registered, and average in-

come level. Most of the socioeconomic data originate from Statistics Netherlands, a Dutch

governmental agency. Additionally, there are some other sources and some modification is

performed by a research agency (ABF Research) tasked with providing the socioeconomic

measures for the national and regional Dutch transportation models. For a complete descrip-

tion of this dataset see Groenemeijer et al. (2022).

To obtain efficient correlational statistics from the linear regression analyses, each inde-

pendent variable should display only a limited amount of correlation with all other inde-

pendent variables. Otherwise, the variance of the coefficient estimate will inflate, inhibiting

accurate estimation of the correlational links. Hence, we want to limit the number of indepen-
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Figure 4: Geography of the 3900 model zones.

dent variables which are closely related to each other, which influences the built environment

and socioeconomic variables selection process.

4.1 Socioeconomic Data

Age, gender, income, car ownership, and household size are included as socioeconomic ex-

planatory variables in the analyses. Income is reflected by the average yearly income in euros

among the inhabitants of a zone, whereas car ownership is represented by the average number

of registered passenger cars per inhabitant. For the potential relation between household size

and transport poverty, we include the average household size in the analysis. A household is

defined as one or more persons who either share or do not share a dwelling with one or more

other households and who provide in their livelihood for themselves as a single unit (CBS,

2003).
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Table 1: Descriptive statistics of the 1704 study area zones.

Mean SD Median Min Max Description

Area 1.47 4.44 0.44 0.03 65.6 in square kilometers
Inhabitants 1.55 1.84 1.00 0.00 13.9 number of people (×103)
Jobs 0.77 1.42 0.30 0.00 14.5 number of jobs (×103)
Mobility level PT 2.32 0.29 2.28 1.75 4.44 average travel time in hours*
Mobility level car 1.20 0.08 1.19 1.06 1.46 average travel time in hours*
Job accessibility PT 35.2 57.9 13.7 0.00 387 jobs within 30 minutes (×103)
Job accessibility car 746 280 844 102 1223 jobs within 30 minutes (×103)
Costs PT 9.00 1.36 8.95 3.13 14.5 average travel costs in e*
Costs car 8.90 0.78 8.82 7.76 12.0 average travel costs in e*
Inhabitant density 3.97 4.23 3.25 0.00 27.8 people (×103) per square kilometer
Job density 1.97 3.74 0.75 0.00 44.26 jobs (×103) per square kilometer
Average household size 2.30 1.23 2.24 1.00 36.6 people per household
Age 0-18 0.19 0.08 0.19 0.00 0.85 fraction relative to all inhabitants
Age 18-34 0.20 0.13 0.18 0.00 1.00 fraction relative to all inhabitants
Age 35-54 0.29 0.09 0.29 0.00 1.00 fraction relative to all inhabitants
Age 55-64 0.13 0.07 0.13 0.00 1.00 fraction relative to all inhabitants
Age 65+ 0.18 0.12 0.17 0.00 1.00 fraction relative to all inhabitants
Male 0.51 0.07 0.50 0.00 1.00 fraction relative to all inhabitants
Average car ownership 0.48 0.17 0.47 0.00 2.00 cars per inhabitant
Average income 38.4 9.53 37.2 11.4 101 yearly income (e×103) per capita
Note: * arithmetic average for a particular zone is computed over the travel times (or costs) to all
other model zones (comprising the whole of the Netherlands and a small fraction of zones outside
of the Netherlands).

To limit the amount of correlation among the socioeconomic variables and consequently

improve the final parameter estimates, we aggregate seven age cohorts into two age cohorts;

all cohorts below 18 years, and all cohorts above 64 years. These ranges are chosen based on

previous research, Martens et al. (2019) and Shay et al. (2016) both identity young people

(under driving age) and seniors (62 years and older) as having a higher risk of experiencing

transportation poverty. Instead of 62 years and older, we choose 65 years and older since

this is the closest available separation in the data. The age cohorts aggregation means that

we implicitly assume there are no differences in the experienced transport poverty environ-

ment between people of different ages who are above 64 years of age and similarly for all

people under 18 years of age. We think that these are reasonable assumptions as household

composition changes leading to a change of residence (e.g., marriage, divorce, parenthood,

21



moving out from parental home) arguably do not occur as much for the aggregated age co-

horts. Moreover, as aforementioned, previous research has also aggregated these age intervals

(Martens et al., 2019; Shay et al., 2016). We include the other three age cohorts in the raw

data (18 to 34 years, 35 to 54 years, and 55 to 64 years) as separate cohorts in our analysis.

For all cohorts, we use fractions relative to the total number of inhabitants of the respective

neighborhood.

Regarding gender, we use the fraction of males among all inhabitants, which means that

we don’t account for gender and age combinations but instead focus on the correlations

between transport poverty, and age and gender in general. This aggregation of all the male

age cohorts is motivated again by improved parameter estimates from limiting the amount

of correlation among the socioeconomic variables.

It can be argued that, in our context, household structure is to a certain extent reflected

through household size. The number of people comprising a household has a very direct

relationship to household structure because 93% of households in the Netherlands consist

of either a single person, a partner duo living together, or a partner duo with one or more

children (CBS, 2022). However, the average household size might not give a good indication of

household structure if a neighborhood is relatively heterogeneous in terms of household sizes

and structures because, for example, single and three-person households in similar proportions

could give the false impression that the two-person partner duo household is an appropriate

characterization for the households within a zone. Concluding, the relationships between

household size and transport poverty indicators might also include correlations relating to

household structure, to a somewhat limited extent.

4.2 Built Environment Data

We use job density and inhabitant density to reflect the relationship between the built envi-

ronment and the transport poverty environment. To obtain job density, we first aggregate all

seven job sectors by computing the total number of jobs for each zone to exclude any corre-

lation among the job sector variables and hence improve the final parameter estimate. This

way we can accurately determine the relationship between general job density and transport

poverty, without obscurement when multiple job sectors display similar spatial distributions.
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A limitation is that we consequently neglect the potential heterogeneous location pref-

erences among job categories. For example, industrial jobs might want to locate further

away from residential areas to limit air and noise pollution, whereas service industry jobs

would want to be located close to residences to increase the number of potential customers.

However, job density would still give a good indication of a substantial amount of the travel

demand associated with a zone in the sense that workers will move to and from work. This, in

turn, naturally correlates with mobility, accessibility, and affordability measures. We divide

the total number of jobs over the respective neighborhood area to acquire job density levels.

Another measure used in the Netherlands attempting to reflect the amount of human

activity within a certain region is the address density (Den Dulk et al., 1992). Address

density, defined as the number of addresses per square kilometer, is shown to significantly

inversely affect the likelihood that an individual will work outside of their home municipality,

for the Netherlands (Susilo & Maat, 2007). In line with this, Susilo & Maat (2007) find

evidence that higher address density significantly reduces commuting distance. Furthermore,

they observe that female gender, a higher income level, and a high education level are all

correlated with higher commuting travel time. Because address density is unavailable at the

considered neighborhood zone level, we include job density and inhabitant density in the

regression analyses.

4.3 Transport Poverty Data

The transport poverty data consists of a car measure and a public transport measure for each

of the three transport poverty dimensions (mobility, accessibility, and affordability), thus six

in total. To construct these indicators, we use skim matrices of travel times and travel costs

between zones, and the total number of jobs attributed to each zone. The considered period

for the skim matrices is a morning rush hour (7:00-9:00) on an average workday.

The skim matrices result from a local traffic model used by transportation planners in

the Amsterdam Metropolitan Area. The model is called VENOM (Vervoerregio Amster-

dam, 2022) and it relies on traffic modeling software named OmniTRANS developed by

Dat.mobility (Goudappel, 2022). OmniTRANS is a traditional 4-step transportation model

and includes freight traffic, passenger car, bicycle, train, bus, tram, and metro as modes,
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walking is the access and egress mode when applicable. Multi-modality is modeled and its

results are expressed as general public transport skim matrices as if it were a single mode.

Additionally, results for car and bicycle users are generated. The skim matrices for financial

costs and travel times consist of the respective values between every zonal pair, where costs

concern single trip costs and thus do not take ownership of transport means into account.

Since ownership costs are not included, the costs of using a car would be higher in reality

whereas the used public transport costs do reflect the experienced costs. For more details

see Smits (2011).

The indicators are computed for all zones within the study area, zones outside of the

study area have a certain influence depending on which indicator is concerned. Firstly, for

expressing mobility, we follow Martens & Bastiaanssen (2019). This entails a simple arith-

metic average of the zone-to-zone travel times to express potential mobility for a particular

zone. All model zones (both inside and outside of the study area) are involved in the com-

putation of this indicator to evaluate mobility for the study area zones as all zones contain

potential destinations, but not every unit of area affects the average travel times equally.

The zonal area is generally smaller for zones located in urban areas and these areas exist

mostly in the middle western part of the study area. Zonal density in these urban areas is thus

relatively high. Since every zone is weighted equally in the average travel time computation,

travel times to an urban area will generally outweigh travel time to a rural area of the same

surface area. Similarly, it holds in general that the further away a zone is from the study

area, the larger its size and the lower the importance of locations within the zone. Hence,

we do account for the superior relative importance of urban areas as opposed to rural areas

because urban zones generally contain more potentially interesting destinations (e.g., shops,

leisure, social contacts) per unit of land area than rural zones and we account for the lower

importance of destinations located further away.

The geographical distribution of the mobility indicator for public transport (i.e, average

travel times), as depicted in Figure 5, shows that lower travel times mostly exist along the rail

lines and in the vicinity of the larger cities, whose names are shown. Moreover, the eastern

part of the study area exhibits substantially higher public transport travel times. This eastern

disadvantage also shows for the average car travel times, whose spatial distribution among
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the study zones is visualized in Figure 6. In contrast to public transport, lower car travel

times are less concentrated along the main infrastructure (highways for cars) and the travel

times in most of the southern part of the study area are at the lower end of the spectrum.

By comparing the legends of Figure 5 and Figure 6, the substantial relative advantage of

the car in terms of travel times becomes apparent, which is generally only half of the public

transport travel time.

Figure 5: Travel time average public transport.

Secondly, the affordability measures are expressed in a similar manner as the mobil-

ity measures, taking the arithmetic average of the zone-to-zone single-trip travel costs for

each study area zone. Again for all zones within the study area, averaging over all model

zones. Around 13% of the public transport costs skim matrix values equal zero, a substantial

amount. For neighboring zones this might be representative of the experienced travel costs,

however, values for pairs located geographically far from each other are disproportionally

overrepresented here. Upon further inspection, we note that zonal pairs with one or more
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Figure 6: Travel time average car.

zones outside of the Netherlands or with one or more zones in remote areas of the Netherlands

comprise most of these unrealistic zero-value pairs. Presumably, the local traffic model is

unable to compute public transport travel costs when remote and foreign zones are involved

due to a lack of information on service provision or even the impossibility to reach these

zones using public transport. The averages are calculated using only valid values. Because

the discounted values are expected to have generally higher costs associated with them, the

cost averages will be an underestimation and should be interpreted as a lower bound of the

public transport costs.

The misrepresentation of the public transport travel costs for certain zones due to the

invalid values can be observed in Figure 7, where remote zones exhibit relatively low travel

costs. For example, the peninsula zone in the Markermeer lake (northeast of Amsterdam) has

the lowest travel costs among all study area zones. This misrepresentation happens because

only 10% of the cost pair values of this zone are valid and they are mostly located close to
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the peninsula. Luckily, as on average 87% of the costs values are valid, most of the study

area zones are affected to a much lesser extent and relative differences between zones are still

well represented since the invalid values occur mostly in the same manner, i.e., when a zone

with many invalid value pairs is involved.

Figure 7: Costs average public transport.

In contrast with the concentration of lower travel times along the rail lines, we conclude

from comparing between travel times in Figure 5 and travel costs in Figure 7 that lower

public transport travel costs are more dispersed within the study area. This can be ascribed

to the fact that travel costs are based on travel distance (Translink, 2021) and rural areas are

often solely serviced by relatively slower transportation modes such as the bus. It stands to

reason then that centrally located zones, relative to all other model zones, exhibit the lowest

travel costs, which is in line with the pattern observed in Figure 7 where the lowest travel

times are concentrated around Amsterdam.

Relatively lower travel costs occur in centrally located zones for car transport too, as can
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be seen in Figure 8. Compared to public transport, the lower car travel costs are located

somewhat more towards the south of the study area. A reason for this might be the many

invalid values for public transport costs associated with zones outside of the Netherlands or

in remote areas, these zones are generally closer in travel distance to the southern regions.

Another factor might be that car transport generally follows a more direct line between origin

and destination compared to public transport since public transport users are dependent on

predetermined routes and car users have the freedom to determine their own route. As a

consequence, the lowest car travel costs would be corresponding to the geographical center

among all model zones to a greater degree.

Figure 8: Costs average car.

Finally, as accessibility measures, we consider the number of total jobs within half an hour

of travel time. Jobs existing in all model zones are used in computing this job accessibility

indicator for the study area zones. This measure has already been used for comparable

research within the Netherlands (Susilo & Maat, 2007; Martens & Bastiaanssen, 2019). and
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it satisfies most of the criteria for a good accessibility measure as laid out by Geurs & van

Wee (2004).

However, thirty minutes of travel time is still an arbitrary threshold level—decisions of

people on whether a job is considered to be accessible to them will generally not exhibit such

a harsh cutoff level. Nevertheless, it will still give a good impression of relative differences

among neighborhood zones because a relatively high number of jobs accessible within half

an hour of travel time most likely also means a relatively high number of jobs accessible

within any specified amount of travel time. Since the validity of our main results is not

dependent on an absolute level of job accessibility, the relative job accessibility measure with

a thirty-minute threshold level will suffice.

The regions with 100,000 or more jobs accessible within half an hour of public transport

travel time are limited to Amsterdam and the surrounding area, as seen in Figure 9. Some

zones within cities not far away from Amsterdam are also within the upper part of the

spectrum in terms of the number of jobs within half an hour of public transport travel time.

Furthermore, many regions have relatively very few jobs considered accessible through public

transport. Half of the zones have 13,700 or fewer jobs within half an hour of public transport

travel time, see the corresponding median value in Table 1 (Section 4.1). This concentration

of comparatively much larger public transport job accessibility to a small portion of the zones

inside the study area results in many light-colored zones in Figure 9.

It becomes apparent from Figure 10 that, in contrast with public transport, zones with

a relatively high number of jobs accessible within half an hour of car travel time are sub-

stantially more dispersed throughout the study area. Especially striking is that many of the

zones with relatively many jobs within thirty minutes of travel time are located in the south

of the study area. Many jobs are located in the Randstad area, which is the main economic

area in the Netherlands of which Amsterdam, Utrecht, The Hague, Rotterdam, and some

smaller cities in between are a part. Since the Randstad cities other than Amsterdam are

situated roughly to the south of the study area, it is very likely that the jobs from those

zones strongly affect the southern region of the study area in terms of jobs accessible within

half an hour of car travel time. Hence, the southern region is less dependent on Amsterdam

for high job accessibility by car.

29



Figure 9: Number of jobs within half an hour of public transport travel time.

Comparing the number of jobs accessible within half an hour of travel time between car

and public transport, we notice a very substantial advantage of the car. The number of jobs

within thirty minutes of public transport travel time for zones with relatively high public

transport job accessibility is around the same level as the number of jobs within half an hour

of car travel time for zones exhibiting the lowest amount of job accessibility by car. In Table

1 (Section 4.1) we observe that the minimum number of jobs accessible within thirty minutes

of travel time by car among all study area zones is equal to 102,000. This number of jobs

would correspond to the darkest color in Figure 9 and thus correspond to the upper end of

the number of jobs accessible within half an hour of public transport travel time.
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Figure 10: Number of jobs within half an hour of car travel time.

5 Results and Discussion

Since our regression results report only on correlations, we cannot exactly determine the

cause of observed relationships and only provide probable reasons that are most in line with

the observed correlations based on spatial distributions, logical reasoning, and other research.

The weighted least squares regression results in Table 2 show that mainly the public trans-

port travel times and the number of jobs accessible by public transport within half an hour

are relatively strongly correlated with the (estimated linear combination of) socioeconomic

and built environment variables; the adjusted R2 values of their respective regressions are

equal to 0.437 and 0.859. The other adjusted R2 statistics vary from 0.0827 for car-accessible

jobs to 0.1176 for car travel costs. All regression results are obtained through weighted least

squares because the White tests’ null hypotheses of homoskedastic error terms were all re-

jected and the studentized residuals plots for all regression and respective significant variable
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pairs did not reveal any model misspecification.

The comparatively low adjusted R2 statistics for car transport poverty measures indicates

that job accessibility, travel times, and travel costs by car exhibit only a weak link with

the observed variation in the zonal socioeconomic and built environment characteristics.

This weak link suggests that there are only small variations in the car transport poverty

environment among people when distinguished by the socioeconomic and built environment

characteristics of their residential zone.

By contrast, the strong link between the variation among public transport job accessibility

and travel times and the variation among socioeconomic and built environment characteris-

tics suggests that there is a substantial difference in the public transport poverty environment

among people when distinguished by the socioeconomic and built environment characteris-

tics of their residential zone. The weak link with the socioeconomic and built environment

characteristics of public transport costs compared to the other public transport poverty in-

dicators is presumably related to the fact that fees are distance-based (Translink, 2021). As

such public transport costs are mainly determined by whether a connections exists and are

independent of the frequency and travel time of the particular connection.

Further evidence for small variations in public transport costs and car transport poverty

measures among zones are the geographical distributions shown in Figure 6, Figure 7, Figure

8, and Figure 10 (see Section 4.3). These figures depict that there is substantially less

variation among the study area neighborhood zones in terms of (respectively) car travel

time, public transport costs, car transport costs, and car job accessibility—when compared

to the geographical distributions of public transport travel time and public transport job

accessibility, respectively visualized in Figure 5 and Figure 9 (see Section 4.3). Moreover, we

observe relatively low variation levels of transportation affordability and car-related transport

poverty measures from the descriptive statistics in Table 1 (Section 4.1).

The results thus suggest that the included built environment and socioeconomic charac-

teristics of a neighborhood zone in the Amsterdam Metropolitan Area are quite unrelated to

the transport poverty measures for car and public transport costs, whereas these character-

istics do play an important role in public transport travel times and for the number of jobs

accessible through public transport within thirty minutes.
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Table 2: Regressions weighted least squares results summary.

Public transport Car
Dependent var.: log(Travel time) Travel costs log(Accessible jobs) log(Travel time) log(Travel costs) Accessible jobs

Estimate t value Estimate t value Estimate t value Estimate t value Estimate t value Estimate t value

log(Inh. density) −0.010∗∗∗ -7.96 0.333∗∗∗ 29.4
(0.001) (0.011)

log(Job density) −0.033∗∗∗ -22.9 −0.087∗∗∗ -5.11 0.521∗∗∗ 35.7 −0.009∗∗∗ -12.1 −0.014∗∗∗ -13.3 35.12∗∗∗ 9.94
(0.001) (0.017) (0.015) (0.001) (0.001) (3.53)

Household size 0.010∗∗∗ 4.53 0.175∗∗∗ 4.58 −0.077∗∗∗ -2.69 0.004∗∗∗ 2.60 0.006∗∗∗ 3.18 −16.89∗∗ -2.40
(0.002) (0.038) (0.029) (0.001) (0.002) (7.03)

Age 0-18 1.816∗∗∗ 4.57
(0.398)

log(Age 18-34) −0.216∗∗∗ -5.90
(0.037)

Age 35-54 −2.486∗∗∗ -6.47
(0.384)

log(Age 55-64) 0.008∗∗∗ 3.67 −0.240∗∗∗ -12.6 0.003∗∗ 2.46 −21.62∗∗∗ -3.33
(0.002) (0.019) (0.001) (6.49)

log(Age 65+) −0.126∗∗∗ -4.48 17.33∗∗∗ 3.08
(0.028) (5.63)

Male 1.017∗∗∗ 4.97
(0.205)

log(Car ownership) 0.025∗∗∗ 10.9 0.553∗∗∗ 10.2 −0.447∗∗∗ -15.6 0.008∗∗∗ 3.65 0.008∗∗∗ 4.38 −18.61∗∗ -2.58
(0.002) (0.054) (0.029) (0.002) (0.002) (7.22)

log(Income) −0.909∗∗∗ -6.23 −0.245∗∗ -2.11 −0.038∗∗∗ -4.26
(0.146) (0.116) (0.009)

Constant 0.833∗∗∗ 110 11.99∗∗∗ 22.6 2.197∗∗∗ 4.78 0.178∗∗∗ 37.8 2.304∗∗∗ 70.3 780.5∗∗∗ 35.3
(0.008) (0.530) (0.460) (0.005) (0.033) (22.1)

Adjusted R2 0.437 0.098 0.859 0.113 0.1176 0.0827

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. The total number of observations is equal to 1704. Standard errors are given in brackets underneath
the respective coefficient estimate. Var. is the abbreviation for variable and inh. stands for inhabitant.
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A potential reason for the observed substantial differences in terms of correlational strength

(R2 statistics) with the socioeconomic and built environment characteristics between car

travel time, car transport costs, car job accessibility, and public transport costs on the one

hand and public transport travel time and public transport job accessibility on the other is

that good public transport provision over large areas is much more difficult to organise than a

good environment for car transport. A car user is dependent only on the presence and quality

of road infrastructure, disregarding any car availability concerns since our indicators do not

account for the extent to which someone has a car to his disposal. By contrast, a public

transport user is dependent on frequencies, transfers, predetermined routes, and access and

egress options. Therefore, it stands to reason that good public transport provision is focused

on areas with relatively higher levels of job and inhabitant density, which is in line with our

observations on the relative correlational strength of these built environment characteristics

as well as with the adjusted R2 statistics.

Combining the regression results and normalized data coefficient estimates as visualized

respectively in Table 2 and Figure 11, we note that job density almost invariably exhibits

the most significant, most precisely determined, and strongest correlation with the transport

poverty measures. This is concluded by comparing, respectively, between all the t values,

standard errors, and normalized data coefficient estimates related to the independent vari-

ables. The direction of the relationships is such that a higher job density is correlated with

lower travel times, lower travel costs, and more accessible jobs for both car and public trans-

port. This suggests that favorable transportation conditions lead to the concentration of jobs,

or that a higher concentration of jobs leads to transportation infrastructure development (or

a combination of both)—and that job density largely dominates inhabitant density and the

included socioeconomic characteristics of a zone regarding the connections to the transport

poverty indicators.

Inhabitant density displays the same direction of correlation with favorable transportation

conditions as inhabitant density—higher inhabitant density is related to lower travel times

and more accessible jobs. However, significant estimates of the relationships between inhab-

itant density and the transport poverty measures were obtained solely for public transport

travel time and public transport accessible jobs. Hence, it is suggested that inhabitant den-
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Figure 11: Coefficient values weighted least squares on normalized data. Inhabitant is
abbreviated by inh., accessible by acc., and public transport by PT.

sity is an important factor relating to differences in the public transport poverty environment

while this does not seem to be the case for the car transport poverty environment.

Somewhat surprisingly, all socioeconomic variables display quite weak connections to

the transport poverty indicators; all absolute coefficient values of the regressions on the

normalized data are smaller than 0.19, see Figure 11. A coefficient value of 0.19 in the

regressions with normalized data means that a change in the corresponding independent

variable equal to its standard deviation is related to a change in the dependent variable with

0.19 of the standard deviation of the dependent variable.

The weak correlations of the socioeconomic variables with the transport poverty measures

might have to do with the aggregated nature of the data, differences among inhabitants of

a zone are averaged out while considering the socioeconomic characteristics of an individual

in relation to the transport poverty measures might reveal more information on their con-
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nections. Furthermore, our transport poverty measures account only for the resources and

opportunities provided by the environment in which the neighborhood zone exists. Since

the literature highlights the importance of the socioeconomic characteristics included in our

analyses, see our literature review in Section 2, our results suggest that this correlation man-

ifests to a substantially larger degree at a less aggregated level or in relation to transport

poverty factors outside of the resources and opportunities existing in the environment.

The socioeconomic variable of household size is correlated with disadvantageous trans-

portation conditions, the direction of the corresponding coefficient estimates is such that

larger household size is correlated with higher travel times, higher travel costs, and less

accessible jobs for both car and public transport. It is difficult to support a certain expla-

nation for the tendency of bigger households to be situated in zones where disadvantageous

transportation conditions exist based on our results. A possible interpretation is that bigger

households may share transportation resources among the members of a household and thus

are less dependent on the transportation environment of their residential location. It could

also be that smaller households generally exhibit a higher demand for transportation since

they are arguably more dependent on transport to satisfy social contact needs. Another pos-

sible explanation is that bigger households attach a higher value than smaller households to

residential location characteristics conflicting with advantageous transportation conditions,

such as dwelling space.

The demographic makeup of a zone in terms of age cohorts and gender proportions is

mostly insignificantly correlated with the transport poverty measures. This insignificance

of demographics can be seen from the large number of respective empty spaces in Table 2.

This insignificance suggests that the age and gender of inhabitants are mostly irrelevant in

relation to differences in the existing transportation environment.

The sole exception to the insignificance of age and gender coefficient estimates is the

proportion of inhabitants in the age cohort of 55 up to and including 64, a higher proportion

of inhabitants belonging to this age cohort is correlated with higher travel times and less

accessible jobs, both for car and public transport. Seeing that people within this age cohort

are still younger than the generally observed age of retirement in the year from which the

data stems (around 65 years old in 2014), the association with less favorable transportation
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conditions might seem surprising. A possible explanation is that parents might move to a

generally less accessible location once their children have moved out of the parental home

since the demand for accessibility (to e.g., schools and social contacts) arguably becomes

lower and household members can rely more on car usage.

Car ownership is found to be significant for all six transport poverty indicators, it is

associated with higher travel times, higher travel costs, and fewer jobs accessible within

half an hour of travel time. This correlation is less pronounced for car than for public

transport, judging from the respective t values in Table 2 and normalized data regression

coefficient estimates in Figure 11. Logically, the public transport environment is worse for

zones where car ownership is high since bad public transport conditions might induce the

necessity of a car to fulfill mobility needs or because car-owning people are less sensitive

to the quality of public transport infrastructure regarding residential location choice. The

observed correlation between worse car travel conditions and higher car ownership can be

explained by car dependency in areas that are less accessible in general because activities are

more often located in other areas that exhibit better transportation conditions.

Lastly, income correlations were found to be significant only for public transport-accessible

jobs and both costs measures, with higher incomes being related to lower costs and less

accessible jobs through public transport. We noted already in Section 4.3 that zones located

in the center and the central southern part of the study area generally coincide with the

zones associated with lower travel costs, presumably due to their relatively central location

with respect to all model zones. The zones in the central and southern central parts of the

study area are also zones where average income levels are higher.

5.1 Policy Recommendations

We identified from the results that differences in transport poverty among the built environ-

ment and socioeconomic makeups of the neighborhood zones in the Amsterdam Metropolitan

Area mainly exist for public transport travel times and public transport job accessibility. Re-

garding transport poverty for car users, this does not seem to be an issue when compared to

public transport poverty. Namely, the highest levels of car transport poverty correspond to

the lowest levels of public transport poverty in our analysis. Therefore, the greatest potential
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to limit transport poverty on the neighborhood zonal level likely exists for public transport

poverty aspects.

Although public transport job accessibility displays the strongest correlation with the built

environment and socioeconomic characteristics, we focus on public transport travel times.

The reason for this is that the strong relationship between job density and job accessibility

is somewhat self-evident and largely independent of the transportation system for locations

that are very close (as the crow flies) to a lot of jobs. Therefore, travel times will give a better

indication of how well the transportation system functions. Moreover, the log-transformed

measures of public transport job accessibility and public transport travel time averages are

highly correlated (Pearson correlation coefficient of -0.78) and thus are very similar.

Job density and inhabitant density were shown to display respectively the strongest and

second strongest relationship with the public transport travel times. Both higher job den-

sity and higher inhabitant density are linked to lower public transport travel times. Public

transport poor zones with relatively high levels of job or inhabitant density deviate from the

established strong relationships and could be interesting areas to improve public transport

provision because they are relatively transport-poor despite high levels of job or inhabitant

density.

We consequently end up with three focal measures: job density, inhabitant density, and

average public transport travel times. For each of the three focal measures, we determine

three relative levels: low, medium, and high. Each level contains a third of all study area

zones and all levels are relative to all other study area zonal observations. For example, the

lowest job density level contains all study area zones that fall into the lowest one third in

terms of job density.

It should be noted that job density exhibits a substantially stronger correlation with

public transport travel times compared to inhabitant density, suggesting that lower public

transport travel times are markedly more important for jobs than for inhabitants. Hence, we

suggest attaching more importance to lowering public transport travel times to job locations

compared to residential areas when designing policy measures to limit transport poverty at

the neighborhood zonal level.

The zones that are most interesting for public transport provision improvement are colored
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Figure 12: Travel time average public transport and job density.

dark blue in Figure 12 and in Figure 13. These zones exhibit simultaneously relatively high

travel times and a high job density, and relatively high travel times and a high inhabitant

density, respectively. For instance, the zone to the south-west of Beverwijk which contains

the Tata Steel factory has a high level of job density and at the same time a high level of

average public transport travel time. The closer the color of the zone is to dark blue, as may

be identified using the legend, the more interesting it is to consider public transport provision

improvement.

Finally, we find that there is only a very weak correlation between the transport poverty

environment and the socioeconomic characteristics of household size, age, gender, car owner-

ship, and income. Nevertheless, it is probably still effective to design certain policy measures

targeting the neighborhood transportation environment at locations where inhabitants are at

a greater risk of experiencing transport poverty based on these socioeconomic characteristics.

For instance, low-income groups often depend on public transport as they cannot afford a car
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Figure 13: Travel time average public transport and inhabitant density.

or prefer to not own a car for financial reasons. Therefore, policy measures limiting transport

poverty for areas with a relatively high concentration of low-income inhabitants are arguably

very effective.

6 Conclusion

Transport poverty has been shown to worsen well-being (Awaworyi Churchill & Smyth, 2019;

Awaworyi Churchill, 2020; Delbosc & Currie, 2011) and lower employment probability (Bas-

tiaanssen et al., 2020). Since well-being and employment levels influence public policy, it is

important to investigate how transport poverty is related to factors shown to influence it or

vice versa.

Much of the existing research identifies the importance of socioeconomic and built envi-

ronment characteristics in relation to transport poverty (Martens et al., 2019; Fan & Huang,
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2011; Shay et al., 2016; Jomehpour Chahar Aman & Smith-Colin, 2020; Voerknecht, 2020;

Kampert et al., 2019; Lucas et al., 2018). Often, these scholars give careful consideration

to the selection of the (combination of) characteristics based on logical reasoning. However,

research into how different socioeconomic and built environment factors are related to each of

the distinct dimensions of transport poverty in terms of strength, significance, and direction

has not yet been conducted.

Our transport poverty measures consist of statistics on travel time, travel costs, and

the number of accessible jobs within thirty minutes, for both public transport and car. To

decide which built environment and socioeconomic characteristics to include, a literature

review is conducted that identifies which characteristics are often related to transport poverty.

Regarding the built environment; we include inhabitant density and job density, while the

socioeconomic characteristics in our analyses consist of household size, five age cohorts (0-18,

18-34, 35-54, 55-64, and 65+), gender, car ownership, and income.

We establish the significance, strength, and direction of correlations between transport

poverty indicators on the one hand and built environment and socioeconomic variables on the

other for neighborhood zones within the Amsterdam Metropolitan Area through a combina-

tion of logarithmic variable transformation, insignificant variable elimination, data normal-

ization, and weighted least squares. Additionally, we use spatial distributions as evidence to

support explanations of the established correlations and to provide policy recommendations.

We find that public transport travel times and especially public transport job accessibility

exhibit high correlations with the estimated linear combination of the built environment and

socioeconomic variables, the adjusted R2 values of their respective regressions are equal to

0.437 and 0.859. The car transport poverty indicators and public transport costs display

much lower adjusted R2 values of around 0.1, which is likely related to much less variation in

these transport poverty indicators among the study area zones when compared to the other

two transport poverty measures.

Furthermore, higher job density is shown to be associated with favorable transportation

conditions for all transport poverty measures and to substantially outweigh inhabitant density

and the socioeconomic variables in terms of significance and strength for almost all trans-

port poverty measures, which suggests focusing mainly on job density among the included
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variables when analyzing the existing differences in the transport poverty environment on

the neighborhood level. Still, inhabitant density also seems to play a noteworthy role in the

observed differences in transport poverty levels, a higher inhabitant density is also linked to

favorable transportation conditions, but only for the public transport poverty measures of

travel time and job accessibility.

By contrast, all included socioeconomic variables seem rather inconsequential in relation

to the observed differences in levels of environmental transport poverty among the study area

zones because correlations are mostly either insignificant or relatively weak. Nonetheless, we

report the significant relationships that we found. Household size and car ownership are

correlated with a disadvantageous transportation environment for all six transport poverty

measures. The correlation with worse transportation conditions applies for the age cohort

of 55 up to and including 64 as well, although the coefficient estimates relating to the cost

measures were found to be insignificant. Higher average income levels were observed to be

associated with lower costs for both car and public transport, which seems mainly caused

by the simultaneous occurrence of both higher incomes and lowers costs in the central and

southern central part of the study area.

The coefficient estimates for the remaining demographic variables on gender and age

cohorts (0-18, 18-34, 35-54, 65+) proportions of inhabitants were almost exclusively insignif-

icant in relation to the six transport poverty measures, which suggests that they are mostly

irrelevant regarding observed differences in the existing transport poverty environment at the

neighborhood level.

The established relationships between the built environment and socioeconomic variables,

and the transport poverty indicators apply to transport poverty resources and opportunities

within the context of neighborhood zonal averages in the Amsterdam Metropolitan Area.

Since we use aggregate neighborhood zonal data, we implicitly assume the transportation en-

vironment measures to be defined uniformly across the heterogeneous group of people within

a zone, whereas travel times and costs might actually differ among these people. Moreover,

differences in the socioeconomic characteristics of the zonal inhabitants are averaged out and

the average measure is assumed to apply to all inhabitants.

Other than using average measures for potentially heterogeneous groups of people, there
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are a few more limitations that we would like to mention. First, subjective perceptional mea-

sures that influence how people experience transport poverty, such as safety and comfort, are

not taken into account. Second, transport poverty outcome measures (e.g., trip frequency,

activity participation, and social isolation) are not included in our analyses. Third, exter-

nalities like traffic safety, noise pollution, and air pollution, which (partly) result from the

transportation environment are not included. These transport externalities might also be

included in the definition of transport poverty, their potential relevance may be illustrated

using an example; people might opt to live in the vicinity of a busy highway or train sta-

tion due to the associated favorable accessibility, costs, and travel time levels. Finally, our

findings are limited to a somewhat small area within the Netherlands.

Considering the mentioned limitations, we have several recommendations. First and fore-

most, further studies may study the relationships between socioeconomic and built environ-

ment characteristics, and transport poverty at the individual level. Studying the individual

level might reveal the strength, significance, and direction of the supposedly existing strong

relationships between socioeconomics and transport poverty that we were unable to find.

Considering the individual level will, among others, open up the possibility to use (dispos-

able) income measures in determining transportation affordability, enable the inclusion of a

personal measure of car availability, and allow for differences among individuals living in the

same neighborhood zone.

Moreover, it would be interesting to see whether our findings are more generally ap-

plicable, outside of our study area. Therefore, similar analyses for different regions could

provide more comprehensive information, and potentially reveal the location-specific nature

of the relationships between socioeconomic and built environment characteristics, and trans-

port poverty. Lastly, the extent to which the inclusion of measures of subjective perception,

transport poverty outcomes, and transport externalities would impact our results are poten-

tially interesting avenues for further research.
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Appendix

A, Study Area and the Netherlands

Figure 14: Amsterdam Metropolitan Area within the Netherlands.
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