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1. Introduction

In the last 11 years (2008-2019), the number of people living in the agglomeration of Warsaw
(Warsaw and 70 suburban boroughs, as defined by the EU NUTS2 classification) increased by
8.18%, while the number of Warsaw inhabitants increased by 4.73% and the number of people
living in the suburbs increased by 13.41%. This means that the ratio of those living in the
suburbs to the total population in the agglomeration increased by 4.84%.! The outflow of
Warsaw inhabitants to the city’s suburbs is quite significant, having increased by 43.90%
between 2008-2019. This outflow is compensated by the inflow of people from other parts of
Poland, which prevents the desolation of Warsaw, as is typical for the suburbanization process
(Caves, 2004). Nonetheless, due to the obvious shift of population from the city to the outskirts,
suburbanization can still be tackled in the context of Warsaw. The inflow of people to the
suburbs is not even, however. For example, in 2019 909 people moved to the most popular
borough, while 0 migrants reported a new residence in some of the least popular municipalities.
Even though suburbanization is a natural stage in the evolution of a city, unrestricted city
growth can lead to a variety of formidable consequences. The negative impacts of urban sprawl
include: an increase in vehicle mileage, residential energy consumption, and land use;
degradation of air quality; increased usage of natural resources and thus of greenhouse gas
emissions (Kahn, 2000); increased infrastructure costs and thus growing fiscal deficits (Downs,
McCann & Mukherji, 2005); decline of social capital; residential segregation resulting in class
and racial divisions (Duany, Plater-Zyberk & Speck, 2010); and health deterioration as a result
of increased vehicle usage (Sturm & Cohen, 2004). However, during the communist period,
city growth, residential mobility, and land and housing development were under tight political
control. Suburbanization “in a Western sense’ has been a recent phenomenon in European cities
of the former Eastern Bloc. It is believed to have begun in the post-communist countries in the
90s, following the political transformation (Lisowski, 2004, Timar & Varadi, 2001, Nuissl &
Rink, 2005).

The causes of metropolitan suburbanization are heavily discussed in the literature and
several theories have been proposed (Mieszkowski & Mills, 1993). Kok (1999), Lisowski
(2004), Murray & Szelenyi (2009), and Nuissl & Rink (2005) offered some insight about
suburbanization processes in post-communist cities. Quantitative measures of

suburbanization’s determinants are scarce in the literature and include works by Jordan, Ross

' Own calculation based on population data from the Polish Statistical Office.
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& Usowski (1998), Loibl (2004), and Kok (1999). In all of these three works, simple regression
models were used (logit in the case of Kok (1999)) and only a few possible pulling factors were
included. Surprisingly, no application of the gravity model of migration (the most well-known
quantitative migration model (Poot, Alimi, Cameron, and Mare (2016)) in the context of
suburban migration has been offered in the literature. Moreover, Loibl (2004) pointed out the
residential lot prices as a vital attractiveness measure, but didn’t include them in his analysis
due to his presumption that they can be directly dependent on the demand for migrants. This
matter has not yet been addressed. These two research gaps indicate the research potential of
the determinants of unequal suburbanization and they are addressed in this paper. An
econometric panel model spanning the years 2008-2019 and including various attractiveness
measures has been built and estimated by Feasible GLS. Endogeneity, which can arise due to
the included price of housing or the relative number of kindergartens, is addressed by lagging
and incorporating so-called Mundlak terms (Mundlak, 1978). Finally, a measure of the price of
housing relative to that in Warsaw is built on the basis of the transactional data obtained from
Poland’s county offices. These data include information on every transaction concerning three

types of properties: flats, houses, and parcels, in every borough, in 2008-2019.2

Since the suburbanization processes happening now in Warsaw are in relatively early
stages compared to Western cities, their negative consequences may be curtailed to some extent.
Therefore, it is highly useful to identify factors that push migrants from Warsaw and pull them
to the suburbs. Some of these factors can be directly influenced by local planning, e.g.,
institutional or transport amenities. My aim is to identify the features that are key pulling or
pushing factors for migrants. I believe that this work sheds light not only on the local situation
of Warsaw, but also contributes to understanding the bigger picture of suburbanization in post-
communist cities. The remaining part of this paper is structured as follows. In order to identify
possible pulling factors, the second section covers a review of suburbanization theories and the
existing empirical evidence, and is followed by methodological issues and dataset description.

Thereafter, empirical analysis is conducted. My conclusions complete the study.
2. Literature Review

An excellent, thorough review of the existing theories of suburbanization can be found in
Mieszkowski & Mills (1993) and according to those authors, two classes of theories have been

offered. The first one is “natural evolution theory” and it is based on a simple chain of events.

2 One of the 70 boroughs (Zyrardow) defined as part of the agglomeration is excluded from this analysis due to
the lack of transactional data.
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The job market is originally located in the city center. To minimize the costs of commuting to
the central business district (CBD), people settle in close proximity to it. As the centrally located
residential units become filled up, new houses are built in further located spaces. As the quality
of life in the city center deteriorates, affluent city residents prefer to move to these new,
suburban settlements, as they offer more living space and newer properties. Historically, due to
the high relative cost of commuting, higher social strata lived in the city centers, while the
poorer people inhabited the outskirts. Today, this tendency has been reversed. The second class
of theories is based on the Tiebout (1956) model and states that the given city’s institutional
problems are what underlie the causes of suburbanization. These problems are: high taxes, poor
quality of public schools, criminality, and low quality of the living environment. People
disappointed with living conditions in the city center move to the outskirts, while those who
cannot afford to remain there. The population outflow fuels the worsening fiscal and social
situation of the center, which in turn leads to further migration, creating a vicious circle.
Mieszkowski & Mills (1993) also stress the importance of social affiliation preferences: people
generally prefer to live in a neighborhood whose inhabitants evince a similar financial
background. The authors state that those two classes of theories have a number of
interconnections and that therefore it is challenging to distinguish them empirically.
Nonetheless, both are relevant to this work, as they point out certain features of suburban

municipalities that can attract migrants, e.g., higher average income.

Quantitative measures of suburbanization existing in the literature are scarce and
include works by Jordan et al. (1998), Loibl (2004), and Kok (1999). Jordan et al. (1998)
investigated the outflow to suburbs in 35 American metropolises in 1980-90, taking the
population density gradient as the dependent variable. They intended to compare the same
process in different cities and found out that suburbanization proceeds more quickly in places
previously unaffected by it — namely, those of greater population growth rate where the job
market is more centralized. On the other hand, the more expensive the rents in the suburbs, the
fewer people settle there. Loibl (2004) offered yet another quantitative study of suburbanization
patterns and adapted a multi-agent system approach to simulate different trends within urban
sprawl in Vienna. The simulations for a 30-year span were compared with real observations.
The author found out that a remarkable decrease of urban sprawl can be achieved by applying
the right planning measures, even when the number of migrating households stays the same.
Part of the simulation design was to identify “attractiveness measures” and 4 were distinguished:

landscape attractiveness (measured by the forest area quota in the neighborhood); the supply of
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local services (access and number of attorneys); core-city availability (calculated by applying
the shortest-path model to find the minimum travel time to Vienna); and residential lot prices
and availability of lots information (zoned, but still vacant residential areas). Loibl (2004) tested
the influence of these factors on the net number of migrants by linear regression. He identified
core-city accessibility, landscape attractiveness, and the supply of services as significant pulling
factors. Residential lot prices were not included in the final regression, as, according to the
author, they are directly dependent on the demand of migrants. The only empirical work
tackling suburbanization in post-communist countries was made by Kok (1999), who adapted
life-course approach to investigate individual decisions to move out. This approach assumes
that the decision to move out is an outcome of striving to satisfy individual needs and that the
“trajectory of migration” is closely connected to certain life events, such as taking a new job or
pursuing education. Kok (1999) based his logit model on survey data for Poland (49 cities) and
Hungary (19 cities), taking an individual binary decision of moving out as the dependent
variable. He found out that being married, getting a new job, purchasing property, being in age
groups 18-24 and 35-39, and moving out in the years 1989-1993 have a positive influence on
the probability of moving to the suburbs. These findings confirm the presumption that suburban
communities are rather homogeneous and that the suburbanization process started in Poland
right after the political change begun in 1989. Although some pulling and pushing factors have
already been suggested, little attention has been devoted to quantitative measures of
suburbanization in the existing literature. Apart from that, two research gaps have remained to
be addressed — and they are filled in this article. The extended gravity model of the migration
framework is used to measure the inflow to suburban municipalities. Simultaneously,

information about residential lot prices is incorporated in the model.
3. Methods

The gravity model of migration is one of the oldest and most popular analytical models for
migration flows. According to this model, spatial flows of people depend positively on the size
of target areas and negatively on the distance between them. In that sense, it resembles
Newton’s law of universal gravitation (Newton, 1687) what was first noticed by Ravenstein
(1885, 1889). Poot et al. (2016) deliver a thorough description of that model and, following

their article, the commonly applied form is:
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where M is the migration number of people who previously lived in area j (i) and moved to
area i (j). P; (P)) is the population of that area at the beginning of the migration and Dj; is the
distance between the two areas. G is the local constant and ¢, f, y are parameters to be estimated.
It is useful to take the logarithm of the above equation in order to express it in a common,

econometric framework:

lan] =0+ «a lnPl' + ﬁ lnP] - Y lnDij + Sij,

where a zero-mean error term ¢; was added to the equation and the constant term was replaced
by the parameter J. Several extended forms of the gravity model of migration have been
proposed (Beine et al., 2016; Fan, 2005; Lowry, 1966; Millock, 2015) and a general linearized

extended model can be expressed:
InM;; = 6 + alnP; + B InP; — y InD;j + BrinXc + BrXp + &;j,

where Xc is a vector of supplementary continuous variables, Xp — a vector of supplementary

binary variables, f,,, and f3,, — vectors of coefficients of the supplementary variables.

I estimate the gravity model of migration equation with linear regression, considering
a panel setting (69 boroughs in 11 years). In order to capture the effects of several variables
constant in time, I choose the random effects specification. A formal justification for that choice
(results of the Hausman test) is provided in Table 4. One assumption of the random effects
model is the strict exogeneity of regressors with respect to both individual effects and transient
errors. In my model, the first lags are taken of all time-varying regressors in order to account
for possible simultaneity problems. In addition, I include a measure of the price of housing,
which can cause endogeneity (Loibl, 2004). One other variable is suspected of being directly
dependent on the number of migrants — namely, the number of kindergartens per 100,000
people. Despite a lack of evidence about this in the existing literature, it is common sense that
if the number of residents of a borough increases as a result of migration, more kindergartens
and schools are needed to foster the greater number of children. One way to allow for the
unobserved heterogeneity to depend on some regressors linearly is the Mundlak (1978)
framework (Woolridge, 2001). In this kind of setting, the individual effects may depend linearly
on the time averages of some regressors, resulting in these time averages capturing the
“environmental effect” of variables. In my case, it is feasible to assume global effects of the
price and the number of kindergartens increasing in all boroughs in time. When the time
averages of those variables are included, true coefficients of the time series can be revealed. It

is customary to call this kind of model “Correlated Random Effects” and the time averages
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included are usually referred to as “Mundlak terms”. Hence, a time average of the number of
kindergartens per 100,000 people is included in the regression equation. However, the possible
endogeneity arising due to the price of housing variable is tackled differently. I do not include
a crude measure of just the average price of m? of housing, but instead choose a relative measure,
i.e., the average price of m? in a borough is divided by the average price in Warsaw. The reason
for this inconsistency, with respect to Mundlak terms, is that there is naturally also a global
effect of residential lot prices rising in Warsaw each year and it is likely that the prices in
boroughs and in Warsaw rise by approximately the same or similar factor. Both time series of
the average price of m?— in boroughs and in Warsaw — should exhibit a global effect, but not
their ratio. The random effects model also requires sphericity of transient errors and
homoskedasticity of individual effects. While it is plausible to expect that the boroughs are
influenced by Warsaw more than by each other, they are spatial entities and can interact with
one another to some extent. The diagnostics for the here constructed model is reported in Table
A3 in the Appendix. It can be seen that, according to Pesaran’s test, cross-sectional dependence
is present in the model, resulting in the collinearity of transient errors. One way to deal with
this problem is to apply the Feasible Generalized Least Square estimator, which uses a robust
variance-covariance matrix. It is known to yield estimates more asymptotically efficient that
regular GLS, if the sphericity of the transient errors assumption doesn’t hold (Woolridge, 2001).

Hence, it is used to estimate the equation in this article.?

4. Dataset Description

My dataset comprises observations for 69 suburban boroughs defined as belonging to the
“Warsaw Metropolitan Region,” according to the EU NUTS?2 classification, in the years 2008-
2019. Hence, I have the most recent data at my disposal. The specific variables used in the

model, with descriptions, are given in Table 1.

3 The calculations behind the econometric modelling presented in this article were prepared in Statal6 software.
Figure 1 was prepared in R software, using the ggplot2 package. Transactional data from Polish county offices
were parsed using Python regular expressions.
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Table 1: Description of the variables used in the analysis.

Name Description Source
| Logarithm of number of migrants who
0
g. checked out of Warsaw and reported @ Polish Statistical Office
(migrants) ) )
residence in one of the suburban boroughs.
Logarithm of population density (in ) .
log (popdens) . Polish Statistical Office
people/km?2) in a borough.
Logarithm of distanced between the centre of
log (dist) Warsaw and centre of the borough, measured = Google Maps

log (income)

log
(greenery)

unempl
kinder
mkinder

bu

bur

br

train

averagebwaw

by a straight line.

Logarithm of relative income in a borough,
measured by a PIT based income per capita
divided by the yearly average weighted by
total population.

Logarithm of total greenery spaces in a
borough (in ha) — parks, forests etc.
Unemployment rate in a borough.

Number of kindergartens per 100 000 people
in a borough.

Time average of the above.

Borough type — urban (according to Polish
administrative classification). Dummy.
Borough type — urban-rural (according to
Polish administrative classification). Dummy.
Borough type — rural (according to Polish
administrative classification). Dummy.
Dummy indicating presence of a suburban
train station.

Average price of m? of housing, weighted by
the number of transactions corresponding to
different types of properties: flat, house or
parcel, divided by the average price of m? of

housing in Warsaw.

Source of Table: own preparation

Following the gravity model of migration framework, a logarithm of the number of

migrants who checked out of Warsaw and reported residence in one of the suburban boroughs

Polish Statistical Office

Polish Statistical Office

Polish Statistical Office

Polish Statistical Office

own calculation

Polish Statistical Office

Polish Statistical Office

Polish Statistical Office

Polish Statistical Office

own calculation based on

transactional data

Polish county offices and

Polish Statistical Office

from
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is taken as the dependent variable. In cases where no migrants moved from Warsaw to the
borough, 0 is replaced by 0.5 before taking the logarithm, as described in Poot et al. (2016).
Logarithms of population density (which can be used instead of population total to make it
robust to the spatial sizes of boroughs) and distance are the basic regressors of that model.
Furthermore, I decided to include several other variables in the analysis. The logarithm of
relative income in a borough, measured by a PIT-based income per capita divided by the yearly
average weighted by total population measures the relative welfare in a borough. The
unemployment rate serves as a proxy for local job market conditions. The logarithm of total
greenery spaces in a borough, as well as the number of kindergartens per 100,000 people, depict
the influence of local amenities on the number of migrants. The presence of a suburban train
station is included as a measure of the transport system between Warsaw and a borough. Two
of three levels of a borough type according to Polish administrative classification are used as
proxies of urbanization. Finally, I have a perfect measurement of the residential lot prices at my

disposal.

Information about prices of housing available at the Polish Statistical Office are limited
to the county level in years 2015-2018, which is a very rough measure for prices in boroughs.
In my attempt to find a better one, I obtained real estate transactional data from Polish county
offices for each of the 69 boroughs in the years 2008-2019 for the following property types:
flats, houses, and parcels. Based on that parsed data, I constructed an indicator of the relative
price of housing. I included observations for each borough, type, and year where the number of
transactions was greater than 10. The average price of m? of housing was obtained by weighting
average prices of property types (in each borough and each year) by the number of transactions
corresponding to different types.* That average price was divided by the average price in
Warsaw as obtained from the Polish Statistical Office for 2015-2018 and extrapolated for 2008-
2019 by the use of the index of prices of housing for Warsaw for 2008-2019. Hence, a price

relative to the one in Warsaw was constructed. Furthermore, no transactions were observed for

4 However, in terms of flats, the price is related to the living space, while it corresponds to the area of a parcel for
both house and parcel. This is due to the reason that no information about the living space of houses was available
for about half of the boroughs in my study. The availability of details of transactions depends on the data
classifying and storing system a specific county office uses and there is no standardization of such a system in
Poland. In addition, I limited the area of parcels to observations greater than 200 m? and smaller than 2000 m?.
The reason for this distinction is that properties classified as houses or parcels are not necessarily lots habitable by
private agents, but can be also service establishments. On the one hand, 200 m? is the minimum parcel size, where
a habitable house, rather than holiday cabin can be built. On the other, 2000 m? is a reasonable upper boundary
since private houses are rarely built on larger parcels in the suburbs of Warsaw (the average parcel size is between
1400-2000 in 90% of the boroughs in years examined) giving rise to the presumption that larger parcels function
as service establishments in the vast majority.
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all types or at all for some boroughs in some years. To complete the unbalanced panel, the well-
known multiple imputation technique was used. Since in my setting observations for only one
regressor were missing, predictive mean matching was applied. When imputing the missing
values of a continuous variable, PMM may be preferable to linear regression when the
normality of the underlying model is suspect (Little, 1988; Rubin, 1986). Panel models are
asymptotically normal and formal normality is not required (Woolridge, 2001). As reported in
Table 2 (Shapiro-Wilk normality test p-value), the variables presented here are not normal,
which justifies the use of PMM. 140 of 759 observations were missing and imputed by PMM.
The imputation was made before calculating the time average or price relative to the price in

Warsaw.?

Table 2: Descriptive statistics of the variables from the dataset.

Shapiro-Wilk

Name Mean Std. Dev. Min Max test p-value
log(migrants) 3.90 1.62 0.41 7.03 0.00
log(popdens) 0.71 1.23 - 1.37 3.69 0.00
log(dist) 3.27 0.45 2.20 4.07 0.00
log(income) -0.29 0.58 -2.33 1.26 0.01
log(greenery) 3.21 1.23 0.64 6.14 0.00
unempl 0.05 0.02 0.01 0.13 0.00
kinder 36.39 18.73 0.5 106.02 | 0.00
mkinder 36.49 16.14 3.09 92.53 0.00
bu 0.19 0.39 0 1 -
bur 0.28 0.45 0 1 -

br 0.54 0.50 0 1 -
train 0.51 0.50 0 1 -
averagebwaw 0.13 0.16 0.00 0.67 0.00

Source of Table: own preparation

5 A proof that imputation doesn’t change the general outcome of the estimation reported here can be made
avaliable on request.
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Table 2 reports the summary statistics for all of the variables, after the imputation. It
can be seen that the mean of log number of migrants is equal to 3.90 and the standard deviation
— 1.62. While, in some boroughs, as low as 0 migrants have reported residence, it was
maximally 909 — a great disparity. Great discrepancies between boroughs in the levels of the
logarithm of population density, logarithm of distance, logarithm of income, logarithm of
greenery, and the number of kindergartens are also evident. It is also worth noting that the levels
of variables are generally comparable, which provides reasoning for the regression models
being numerically stable. Visual representation of the logarithm of number of migrants, as well
as the logarithm of population density, logarithm of distance from Warsaw and the logarithm

of average income in 2019, is plotted on Figure 1.
Figure 1: Visual representation of the log number of migrants, log population density, log
distance and log average income in boroughs.

a) log(migrants) b) log(popdens)

log # of migrants
6

4

2

0
Data Source: Polish Statistical Office

c) log(dist) d) log(income)

log # of people / km”2
3

I-1

SN

Data Source: Polish Statistical Office

log ratio

0.5

0.0
-0.5
-1.0

Source: own preparation in R based on data from Polish Statistical Office and Google Maps. The coordinates for

Data Source: Google Maps Data Source: Polish Statistical Office

the maps come from Open Street Map, which bases the coordinates for Poland on the Polish National Registry of
Borders. The presented color scale is the default for Python — the Viridis palette. It is robust to all kinds of

colorblindness, and was hence used.

It can be seen that none of the variables was evenly spread between boroughs in that
year. Some of the boroughs with a greater logarithm of the number of migrants are the ones of
increased logarithm of population density, smaller logarithm of distance, and greater logarithm
of the average relative income, which follows the anticipated relationships between the
dependent variable and the three plotted regressors. Furthermore, we expect larger greenery

spaces, more kindergartens, and the presence of a suburban train station to be a pulling factor.
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Following the literature (e.g, Loibl, 2004), migrants should choose municipalities of lower

residential lot prices. We don’t expect the local job market conditions represented by the

unemployment rate to play a role in the case of suburban migration, because migrants living in

the suburban ring usually still commute to work to Warsaw’s core.

5. Empirical Analysis

The following equation is estimated by Feasible Generalized Least Squares:

log(migrants);, = Bo + By log(popdens);—1y + B> log(dist);_1) +

B3 log(income);—1) + By log(greenery);_1) + Bsunempl;_q1y + Bekinder;_1) +

Bymkinder; + Bgbur; + Bob7; + Byotrain; + fiiaveragebwaw;_qy + n; + &,

where ([, .., f11) denote the coefficients to be estimated, n; denotes individual effects and &;;

- transient errors, [ = 1, ...,69; t = 2008, ...,2019. The results are reported in Table 3 below.

Table 3: Model estimation results

Number of observations 690
Number of groups 69

Time periods 10

Wald chi2 (12) 2258.66
Prob > chi2 0.00
Dependent variable log(migrants)
Regressor Coefficient | Std. Err. z P>z | 95% lower @ 95% upper
log(popdens) | 0.27 0.07 3.98 0.00 0.14 0.40
log(dist) - 1.51 0.13 -11.86 | 0.00 -1.77 -1.26
log(income) 0.32 0.10 3.28 0.00 0.13 0.52
log(greenery) | 0.28 0.05 6.12 0.00 0.19 0.36
unempl 2.30 1.69 1.36 0.18 -1.02 5.61
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kinder -0.01 0.00 -2.77 0.01 -0.02 -0.00
mkinder 0.03 0.00 6.73 0.00 0.02 0.04
bur 0.53 0.13 4.14 0.00 0.28 0.79
br 0.50 0.14 3.62 0.00 0.23 0.78
train 0.24 0.07 3.30 0.00 0.10 0.38
averagebwaw | - 0.63 0.28 -2.22 0.03 -1.18 - 0.07
constant 6.63 0.48 13.86 0.00 5.70 7.57

Source of Table: own preparation

The results of the estimation are consistent with the prior expectations. All regressors
are significant at 5% tolerance level, except for the unemployment rate (in all three cases). Since
the dependent variable and the majority of the regressors are logarithmed, the coefficients can
be interpreted as elasticities or semi-elasticities. Population density is a pulling factor — if it
rises by 1%, the number of migrants increases by 27%, as indicated by the coefficient by that
variable in the model estimations. On the other hand, distance is a pushing factor — the number
of migrants decreases by 151% with a 1% increase in distance. With the highest absolute value
of the coefficient, it is also the strongest factor of all included in the analysis. These findings
about population density and distance are in line with the gravity model of migration
assumptions and existing empirical evidence. Further on, the number of migrants increases by
about 32% with a 1% increase in relative income and by about 28% with a 1% increase in total
greenery areas. The unemployment rate turned insignificant in the regressions, which is in
agreement with my initial guess. Most likely, migrants who move out of Warsaw’s inner city
still commute to work there, and thus are indifferent to the local employment situation. Both
the time average of the number of kindergartens per 100,000 people and its time series turned
out significant. While the coefficient of the time average is slightly positive (0.03), the
coefficient of the time series is slightly negative (-0.01). This indicates that there is a positive
global effect of the average number of kindergartens increasing in all boroughs in time.
However, after this decomposition, the influence of the number of kindergartens per 100,000
on the number of migrants turned slightly negative, almost 0, but was still statistically
significant. A probable explanation of such an ambiguous result is that migrants do not
necessarily choose to place their offspring in kindergartens located near the place of residence,

but rather close to their work place in Warsaw. Further on, two out of three levels of borough
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type were included in the analysis (urban-rural and rural). As indicated by the coefficients by
these variables, the number of migrants increases about 53% if a borough is of urban-rural type,
taking the urban type as a benchmark and about 50% if a borough is of rural type in reference
to the urban-rural type. The presence of a suburban train station is a strong pulling factor as
well — the number of migrants increases by 24% if such a station is located in a borough,
illustrating the preference for better connected municipalities. Finally, the number of migrants
decreases by 63% with an increase of the ratio of the average price in a borough to the average
price in Warsaw by 1. This result is in conformity with the expectation that lower residential
lot prices in suburbs than in the core city are a strong incentive to move out, despite the distance.
As a form of robustness check, in Table 4 I report p-values of standard diagnostics tests for
panel model (Woolridge, 2001). With the p-value of the Breusch Pagan Lagrange Multiplier
test for individual effects being 0, I conclude that individual effects can be distinguished in the
model, and thus, simple pooling would lead to incorrect inference. Furthermore, it can be seen
that cross-sectional dependence is present in the model, but, as already mentioned, this problem
was tackled with the use of Feasible GLS, robust to such misspecifications. The individual
effects are normal, but the residuals are not. Yet, panel models are asymptotically normal
(Woolridge, 2001). Finally, there is no autocorrelation in the model. Having checked the
diagnostics and tackled the endogeneity, I conclude that the estimation method presented here

1s valid and leads to correct statistical inference.

Table 4: P-value of different diagnostic tests for the estimated model.

Breusch Jarque-
Jarque-
Pagan Pesaran’s Bera test
Bera test Woolridge  test
Lagrange | test for for
for for
Hausman  Multiplier | cross- normality
normality autocorrelation
test for sectional of  panel
of  panel in panel data
individual | dependence individual
residuals
effects effects
0.29 0.00 0.00 0.00 0.27 0.27

Source of Table: own preparation
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6. Conclusions

In this paper, determinants of the suburbanization of Warsaw were investigated. The aim was
to find the features of boroughs which are key pulling factors for migrants. The contribution of
this work is two-fold: it applies the gravity model of migration to explaining suburbanization
and assesses the role of residential lot prices, having a perfect measurement of prices at its

disposal.

My findings are in line with the previous research on the topic. It was confirmed that
migrants choose boroughs of greater population density, higher average relative income, more
total greenery spaces, and those classified as urban-rural and rural. Greater distance and
residential lot prices relative to prices in Warsaw are pushing factors. Migrants are indifferent
to the number of kindergartens (as their offspring likely attend kindergartens close to parents’
work, rather than to their home) and the local job market, as in the majority they likely commute
to work in Warsaw. Some of the regressors used in the analysis here are institutional amenities,
e.g., total greenery spaces, which can be directly influenced by local planning. Thus, this work

can be valuable for both Warsaw and local authorities.

Several follow-ups to this work are possible. First of all, it can be useful to include
a wider range of borough features and to use methods capable of variable selection. Further on,
different strategies of dealing with endogeneity can be applied to account for the residential lot
prices being directly dependent on the demand for migrants. Mundlak terms were used here due
to the lack of a good external instrument. However, if such an instrument can be obtained, 3SLS
method could be used instead of feasible GLS with Mundlak terms. Finally, running
comparative analysis of the same process in different cities in Poland and in the wider region

could lead to deeper insight into the determinants of suburbanization.
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