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Abstract

This paper investigates the long-run determinants of cross-country differences in the
equality of city size distributions, with a particular focus on climate-related factors.
Using a harmonized definition of cities and a balanced panel covering the period
1975-2025, we estimate country-level Pareto coefficients as our main indicator of the
equality of national urban structures. We then implement a Bayesian model aver-
aging framework to address model uncertainty in a setting with multiple plausible
geographic, socioeconomic, and institutional factors. Our results show that climatic
conditions are systematically associated with the internal structure of national urban
systems. In particular, mean temperature is positively related to the equality of city
size distributions, whereas average precipitation is associated with more uneven ur-
ban structures, even after controlling for country and time fixed effects. By contrast,
drought intensity does not emerge as a robust determinant. When urbanization rates
are considered instead, precipitation remains the only climatic variable displaying a
stable association. These findings suggest that persistent climatic conditions influ-

ence not only the extent of urbanization but also the degree of urban concentration.
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1 Introduction

Recent estimates from the World Bank indicate that approximately 56 percent of the
global population currently resides in urban areas, which generate more than 80 percent
of global Gross Domestic Product GDP, and project that roughly seven out of ten people
will live in cities by mid-century (World Bank 2024). This trend reflects a context of sus-
tained and uneven urban growth across countries and regions and has made the analysis
of urban systems, and in particular the distribution of city sizes, increasingly central in
urban economics. Indeed, this distribution is one of the most extensively studied topics
in the field because of its far-reaching theoretical and policy implications. Understanding
why some countries exhibit primate city patterns while others display more balanced ur-
ban systems is crucial for the design of spatial development strategies aimed at fostering

inclusive, efficient, and sustainable urbanization.

Following the seminal contributions of Gabaix (1999) and Eeckhout (2004), much of
the literature has focused on testing whether the distribution of city sizes conforms to
the rank-size rule, commonly known as Zipf law. This empirical regularity posits that
the population of the N-th largest city is inversely proportional to its rank. However,
a growing body of evidence shows that Zipf law is not universal, particularly in cross-
country settings where urban structures differ markedly (Arshad, Hu, and Ashraf 2018).
Historically, comparative analyses have been constrained by inconsistencies in national
definitions of what constitutes a city, thereby limiting the scope for reliable cross-country
inference. Recent advances in harmonized global definitions of cities, enabled by satel-
lite imagery and remote sensing techniques and promoted by international organizations
and academic initiatives such as the Degree of Urbanisation framework, have substan-
tially improved comparability.

Building on these developments, an emerging strand of research shifts the focus from
testing Zipf law to identifying the geographic, socioeconomic, and institutional determi-
nants of the city size distribution; see Gomez Osorio and Mykhnenko (2025) and Puente-
Ajovin, Sanso-Navarro, and Vera-Cabello (2025), and the references therein. Nonethe-
less, although geography plays a fundamental role in shaping the location of economic

activity through first-nature factors such as the availability of natural resources, topogra-
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phy, and climate (Bosker 2022), existing studies on the determinants of the country-level
distribution of city sizes generally do not incorporate climatic variables as potential ex-
planatory factors. Moreover, while the effects of climate shocks have been extensively
examined, considerably less attention has been paid to the consequences of persistent,

large-scale, and anticipated changes in climate (Lemoine, Hausman, and Shrader 2025).

This paper examines the factors that explain cross-country variation in national city
size distributions in the long run, with particular emphasis on climate-related variables.
To ensure comparability in the definition and measurement of cities, we exploit the infor-
mation provided by the most recent release of the Urban Centre Database from the Global
Human Settlement Layer (GHSL; Florczyk, Corbane, et al. 2019; Florczyk, Melchiorri, et
al. 2019) project; see (Melchiorri et al. 2024; Pesaresi et al. 2024). Following this approach,
we construct a balanced panel data set covering the period from 1975 to 2025. Among
other indicators, and given the nature of the urban units included in this data set, we
focus primarily on the estimated Pareto coefficient derived from country-level rank-size
regressions (Gabaix and Ibragimov 2011). In addition, we examine cross-country vari-
ation in other measures, such as the urbanization rate and the Herfindahl-Hirschman

index.

In line with Wang, Yu, and Sun (2022), we consider three broad categories of deter-
minants of the spatial distribution of economic activity and population: characteristics
related to the physical landscape, or first nature; human-related factors and economic
incentives, or second nature; and institutions. Beyond the use of a five-decade panel
with five-year intervals, the main novelty of our study is the explicit inclusion of climate-
related variables among first nature factors. Following Puente-Ajovin, Sanso-Navarro,
and Vera-Cabello (2025), and given the wide range of potential determinants of national
city size distributions, we address model uncertainty by implementing Bayesian model
averaging (BMA) techniques (Raftery, Madigan, and Hoeting 1997). This flexible frame-
work does not require fixing the model size or selecting a specific subset of regressors
ex ante and instead provides an integrated approach to model selection, estimation, and
inference, enabling us to draw more robust conclusions about the determinants of urban

patterns, in general, and the role of climate change, in particular.
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We find robust evidence that climatic conditions are systematically associated with
cross-country differences in the equality of city size distributions. In particular, higher
mean temperatures are linked to more balanced urban systems, whereas greater average
precipitation is associated with more uneven city size distributions, even after controlling
for country and time fixed effects. When focusing on urbanization rates rather than the
internal structure of the urban system, precipitation remains the only climatic variable
exhibiting a stable relationship, while temperature does not appear to play a statistically
significant role. Moreover, although socioeconomic factors — such as the role of agri-
culture, population size, and trade openness — continue to matter, their relevance varies
depending on whether the outcome of interest is urban concentration or overall urbaniza-
tion. Taken together, these findings underscore the role of persistent climatic conditions
as structural determinants of national urban hierarchies.

The remainder of the paper is organized as follows. Section 2 describes the urban units
analyzed, and the potential determinants of their distribution at the country level. Sec-
tion 3 outlines the empirical strategy, including the estimation of the equality measure
under study and the BMA techniques employed. Section 4 provides a preliminary ex-
ploratory analysis of the evolution of national urban structures and climatic variables for
the countries in our sample, and Section 5 presents the main findings. Finally, Section 6

concludes.

2 Data and variables

The information on city sizes has been extracted from the GHS Urban Centre Database
2025 (Melchiorri et al. 2024; Pesaresi et al. 2024), which provides a harmonized and spa-
tially consistent delineation of urban areas worldwide. This dataset refers to urban cen-
tres identified by applying the Degree of Urbanisation (Stage I) methodology to the GHSL
population grid (GHS-POP), in line with recommendations for classifying human settle-
ments as urban in both developed and developing countries (World Bank 2008). Accord-
ing to this methodology, urban centres consist of contiguous grid cells with a population
density of at least 1,500 inhabitants per square kilometre of permanent land and a mini-
mum total population of 50,000. We use population data for the period 1975-2025, mea-

sured at five-year intervals. As we compute a regression-based summary indicator of
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inequality in the distribution of city sizes within each national urban system, we restrict
the sample from the outset to countries with at least 10 urban centres at the beginning of

the period.

[Insert Table 1 about here]

One of our main objectives is to identify the variables that exhibit a robust relationship
with indicators of national urban systems. In line with Wang, Yu, and Sun (2022), we
classify the variables that may influence the spatial distribution of economic activity and
population into three groups (see Table 1 for a description and sources). The first group
comprises characteristics related to the physical landscape, or first-nature factors. This
category includes land area, as countries with larger territories may have greater scope
for spatial expansion, which could lead to a more concentrated distribution of cities (Sun
etal. 2021; Wang et al. 2021). We also consider the shares of land classified as agricultural
and arable. These data are obtained from the Food and Agriculture Organization (FAO)
of the United Nations (UN).

Among the variables capturing human and economic conditions, we include three in-
dicators reflecting membership in the income groups defined by the World Bank — upper-
middle, lower-middle, and low income — based on the expectation that countries with
higher levels of development tend to exhibit more uniform city size distributions (Puente-
Ajovin, Sanso-Navarro, and Vera-Cabello 2025). Total population and population density
are demographic variables that are also likely to be associated with the equality of the
city size distribution at the national level (Rosen and Resnick 1980). In addition, they
are related to the number of observations available for the rankasize regressions used
to estimate the inequality indicator of national urban systems. Economic structure is
measured through the shares of value added in the agricultural and industrial sectors,
drawn from the World Development Indicators database. This database also provides
data on government final consumption expenditure, education expenditure — which may
mitigate regional inequalities through the redistribution of tax revenues (Modica 2017)
— and fixed telephone subscriptions. In line with recent contributions, globalization is

also considered a potential determinant of equality in the distribution of city sizes. It is

5



proxied by trade in goods and services and net foreign direct investment (FDI) inflows
(Puente-Ajovin, Sanso-Navarro, and Vera-Cabello 2025; Sun et al. 2021).

In order to incorporate the recent strand of the literature! providing evidence that cli-
mate change affects the pace and nature of urbanization, as well as spatial development
patterns (Castells-Quintana, Krause, and McDermott 2021, 2023; Helbling and Meier-
rieks 2023; Zhang and Yan 2022), we include climate-related variables obtained from the
WorldClim database. In particular, at the country level and averaged over the previ-
ous five years, we consider mean surface air temperature, precipitation levels, and the
median historical ensemble of the Standardized PrecipitationdEvapotranspiration Index
(SPEI). Given that climate influences both the habitability and the economic potential of
specific regions, we hypothesize that it plays a fundamental role in shaping the spatial
distribution of cities over time. In particular, adverse climatic conditions — such as ris-
ing temperatures and drought episodes — are expected to be associated with accelerated
urbanization and significant shifts in national urban structures. These changes may man-
ifest not only through the expansion of urban populations but also via increased spatial

fragmentation and altered patterns of city growth.

3 Methods

3.1 Rank-size regressions

The rank-size rule suggests that the city size distribution can be approximated by a
Pareto function with a power law exponent equal to one. Accordingly, cross-sectional
empirical analyses of Zipf’s law typically rely on a log-log linear regression of city rank
on city size. To mitigate the small-sample bias of OLS estimations, Gabaix and Ibragimov

(2011) propose estimating the following model:

log (Rank; —0.5) =« — B-log(Size;) +€;, 1=1,...,1; (1)

where i indexes cities and n denotes the sample size. Zipf law holds when g = 1.
A coefficient lower (higher) than one indicates that the population is more unevenly

(evenly) distributed across the national urban system than predicted by the rankasize

1. See Helbling et al. (2023) for a critical assessment.



rule. Therefore, this coefficient can be interpreted as a summary indicator of inequality in
the distribution of city sizes within a given country. Lower values signal a more balanced
urban hierarchy, whereas higher values reflect greater urban primacy or concentration.
By focusing on this well-established metric, we capture variations in urban structure that

are not readily observable through standard measures of urbanization.
3.2 Bayesian model averaging

Given the wide range of factors that may influence cross-country variability in city size
distributions, we follow Puente-Ajovin, Sanso-Navarro, and Vera-Cabello (2025) and im-
plement BMA methods to address model uncertainty. This approach allows the evalua-
tion of multiple regressors by estimating all possible model specifications and computing
a weighted average of their results. In doing so, it accounts for uncertainty both within

individual models and across alternative model specifications.

Assuming that the estimated coefficient from the rankasize regression depends lin-

early on a vector of covariates x, its conditional mean is given by:

E(Bc|xc)=x10, c=1,...,C; 2

where C denotes the number of countries and 6 is a vector of parameters estimated by

maximum likelihood.

Model uncertainty arises from the choice of regressors to include in x. Specifically,
given a total of q potential explanatory variables, there are 27 possible models, denoted
by M; for j =1,...,29. Each model M; is associated with a parameter vector 6/ and has

the following conditional posterior density:

) f(B16,M;),8(6 | My) )
f(BI M) ’

g0 | B, M)

where f(B | ¢/, M;) and g(6/ | M;) denote the likelihood function and the prior distribu-

tion, respectively.

Given a prior model probability P(M;), the posterior model probability is obtained

using Bayes rule:



f(B| M))P(M))
f(B)
Expressions (3) and (4) highlight the need to specify prior distributions for both model

P(M; | B) = (4)

parameters and model probabilities, which are then updated using the data. Leamer
(1978) assumes that 6 is a function of 6/ and derives the posterior density of parameters
across all candidate models using the law of total probability. Posterior inclusion prob-
abilities (PIPs) for the g regressors are obtained by summing the posterior probabilities
of the models that include each variable. As emphasized by Steel (2020), these PIP and
model probabilities represent key advantages of the BMA framework.

To avoid estimating the full set of 27 models, we apply a Metropolis-coupled Markov
chain Monte Carlo sampler. After discarding the first 2,500 draws as burn in to ensure
convergence to the target distribution, the empirical analysis is based on 10,000 subse-
quent iterations. We employ a benchmark g prior for model-specific parameters and a

beta binomial prior over the model space.

4 Exploratory analysis

Before examining the potential determinants of the distribution of national city sizes,
we conduct a description of the countries that are included in our sample, as well as the
evolution of their estimated Pareto coefficients and climatic-related variables. Both the
minimum threshold of 10 urban centers to estimate rank-size regressions and data avail-
ability of the regressors restrict the number of countries to 51, which are highlighted in
blue in Figure 1. Broadly speaking, they constitute a globally representative and struc-
turally diverse sample, allowing for the identification of systematic associations between
geographic and socioeconomic characteristics, climatic conditions, and the degree of con-

centration in national urban systems.
[Insert Figure 1 about here]

The sample contains a geographically diverse and socioeconomically heterogeneous
group of countries, spanning all inhabited continents. In particular, the sample cov-

ers advanced economies, emerging economies, and a broad set of lower-middle- and



low-income countries across Sub-saharan Africa, North Africa, South Asia, Southeast
Asia, Eastern Europe, and Latin America. These countries range from highly urbanized
service-based economies to resource-dependent countries, passing from rapidly industri-
alizing nations, and agrarian economies. Population size also varies substantially, rang-
ing from demographic giants to medium-sized and smaller economies.

From a geographical and climatic perspective, the sample encompasses a broad range
of environmental conditions. It includes tropical and equatorial countries characterized
by high temperatures and substantial precipitation variability; arid and semi-arid re-
gions exposed to drought risk; temperate European economies; continental and cold-
climate countries; as well as monsoon-influenced and climate-sensitive regions in South
and Southeast Asia. This climatic diversity is particularly relevant for examining how
temperature, precipitation, and drought indicators are associated with patterns of urban
concentration. In addition, many of these countries are highly exposed to climate-related
risks — such as heat stress, water scarcity, flooding, desertification, and extreme weather
events — which may affect internal migration, rural-to-urban flows, and the spatial re-
organization of economic activity. In this context, the combination of climatic variability
and heterogeneous stages of economic development provides a suitable empirical setting
to analyze the relationship between climate-related variables and the Pareto coefficients

derived from city size distributions.

[Insert Figure 2 about here]

Figure 2 displays kernel density estimates of the slope parameter in expression (1) at
the national level for three different years: 1975, 2000, and 2025. The graph in the upper-
left panel includes all countries in the sample and shows that national urban systems
have become less equal over time, as indicated by the declining density of values above
1.2. Nonetheless, by the end of the sample period, the distribution exhibits a substan-
tial concentration of density around one. In line with the related literature, this provides
evidence of a general fulfillment of Zipf’s law in the distribution of city sizes when mea-
sured in demographic terms (Diiben and Krause 2021; Puente-Ajovin, Sanso-Navarro,
and Vera-Cabello 2025). The remaining three panels illustrate the evolution of the dis-

tributions by income level. They show that high-income countries have experienced
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the lowest variability in the degree of equality of their size distributions, while middle-
income countries follow a pattern similar to the overall evolution described above. The
most significant changes are observed in low-income countries, where the Pareto coeffi-
cients have evolved into a bimodal distribution, with two density peaks at values slightly

above one and around 1.5.
[Insert Figure 3 about here]

igure 3 presents the temporal evolution of annual mean temperature, precipitation,
and the SPEI over the period 1970-2025 for the countries in our sample. In the upper-left
panel, the mean annual temperature is shown in blue, together with its 5-year moving
average (dashed line). Both series display a persistent upward trend, particularly since
the 1990s, with the highest values recorded in the most recent decade. The orange and
green lines depict annual maximum and minimum temperatures, respectively, revealing
an upward shift across the entire temperature distribution rather than changes confined
to one of its tails. The upper-right panel indicates that annual precipitation is character-
ized by pronounced interannual variability and lacks a clear long-run monotonic trend.
Precipitation declined until the mid-1990s and, after reaching a trough, began to increase.
This subsequent rise may reflect a growing incidence of extreme weather events, poten-
tially intensifying rainfall episodes and contributing to the recent upward movement in
aggregate precipitation levels.

The lower panel displays the SPEI, reflecting the combined influence of temperature
and precipitation on drought conditions. Although the index values fluctuate around
zero — indicating alternating mildly wet and dry phases — there appears to be a slight
tendency toward more frequent or prolonged negative anomalies in recent decades, con-
sistent with rising temperatures increasing evapotranspiration pressures. Overall, Fig-
ure 3 documents a robust warming trend alongside variable precipitation dynamics and
emerging signs of growing hydroclimatic stress. These evolving climatic conditions may
contribute to reshaping the national distribution of city sizes by altering migration incen-
tives, sectoral composition, infrastructure demands, and the relative resilience of large
metropolitan areas compared to small and medium-sized cities. In this way, long-term

climate change may be linked to patterns of urban concentration and dispersion.
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[Insert Figure 4 about here]

Figure 4 presents a series of choropleth maps illustrating the rates of change from 1975
to 2025 in the Pareto coefficient, mean temperature, mean precipitation, and the SPEL
Darker shades of red indicate higher positive growth rates, whereas lighter shades cor-
respond to smaller increases or declines. Several spatial patterns emerge. First, changes
in the measure of inequality in city size distributions exhibit clear regional clustering,
with particularly pronounced increases in parts of the Southern Hemisphere. Second,
temperature trends display a generally positive pattern, consistent with global warm-
ing, although the magnitude of change varies across regions. In contrast, precipitation
changes are more heterogeneous, with both positive and negative rates unevenly dis-
tributed across countries. Finally, the evolution of the SPEI reveals substantial spatial
asymmetries, with notable deteriorations in several already arid and semi-arid regions.
Taken together, the maps suggest that shifts in climatic conditions and changes in the
inequality of city size distributions are spatially structured rather than randomly dis-

tributed.

[Insert Figure 5 about here]

Figure 5 presents scatter plots relating the percentage growth of the Pareto coefficient
to percentage changes in mean temperature, mean precipitation, and the SPEI over the
1975-2025 period. The association between mean temperature growth and changes in the
Pareto coefficient appears, at most, slightly positive, indicating that countries experienc-
ing stronger warming trends tend to exhibit somewhat larger increases in the inequality
of their city size distributions. A similar, albeit weak, positive relationship can be ob-
served for the drought index. In contrast, the association between mean precipitation
growth and the Pareto coefficient is more clearly negative, with countries experiencing in-
creases in precipitation tending to display declines in the Pareto coefficient. Although the
dispersion of observations remains substantial in all three panels, the graphical evidence
suggests that precipitation dynamics may be more strongly associated with changes in
urban size inequality than temperature or the SPEL. While these unconditional correla-

tions do not establish causality, they provide suggestive evidence consistent with the
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hypothesis that climate change may be associated with shifts in the internal structure of

city size distributions.

5 Results

Table 2 presents the PIPs — which indicate the relative importance of each variable
in explaining the data — for the potential determinants of national city size distributions
across alternative specifications that either include or exclude climate-related variables,
as well as country and time fixed effects. When neither fixed effects nor climatic variables
are incorporated (first column), the variables with the highest PIPs are total population,
the number of cities in the national sample, the share of arable land, the indicator for
upper-middle-income countries, and trade openness, all exceeding 50 percent. The lower
panel shows that the sampler visited 556 models, with an average size of 10 covariates,
and that 178 models were required to reach a cumulative posterior model probability
(CPMP) of 90 percent. The correlation between iteration frequencies and analytical poste-
rior model probabilities is 0.97, indicating a close correspondence between the sampling
algorithm and the theoretical posterior distribution. The results reported in the second
column indicate that most of the previously relevant regressors retain high PIPs when cli-
matic indicators are included. Among these indicators, mean temperature emerges as the
most important factor in explaining cross-country variation in the estimated coefficients

from the rank-size regressions, with an inclusion probability of 74 percent.
[Insert Table 2 about here]

The introduction of country fixed effects increases the PIPs of the share of agricultural
land (1.00) and the indicator for low-income countries (1.00). Together with trade open-
ness, however, the relationship between the latter and the Pareto coefficient disappears
once climate-related variables are included. In this specification, both mean temperature
and precipitation exhibit a robust association with the estimated rank-size coefficients,
with inclusion probabilities of 100 percent. Relative to the first two specifications, the
inclusion of time fixed effects does not meaningfully alter the PIPs of the potential deter-
minants of the city size distribution. Nonetheless, given the pooled cross-sectional nature

of our estimations, our preferred specifications are those that incorporate both country
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and time fixed effects, reported in the last two columns of Table 2. These results closely
resemble those obtained when only country fixed effects are included, with the excep-
tion of a stronger and more robust relationship between the variable capturing the role
of international trade and the degree of equality in the city size distribution, particularly

when climatic variables are taken into account.
[Insert Figures 6 and 7 about here]

Figure 6 presents density plots of the regression coefficients for geographical and so-
cioeconomic variables with high PIPs when explaining the cross-country variability of
Pareto coefficients, as reported in the last column of Table 3. The results indicate that,
on the one hand, the share of agricultural land and population size are inversely associ-
ated with the equality of national city size distributions. On the other hand, arable land,
the relative importance of the agricultural sector, the number of urban centres, and trade
openness are positively associated with the equality of city size distributions. Density
plots of the regression coefficients for climate-related variables are displayed in Figure 7.
In line with the unconditional relationships shown in the scatter plots in Figure 5, there
appears to be a positive relationship between mean temperature and the equality of ur-
ban structures. By contrast, average precipitation and the drought index are associated
with more uneven city size distributions. Nonetheless, it should be noted that the SPEI

receives very low posterior inclusion probabilities.
[Insert Table 3 about here]

Table 3 reports the PIPs obtained when the same BMA exercise is conducted using the
urbanization rate as the dependent variable. Our discussion focuses on the specification
that includes both country and time fixed effects, as well as climatic variables. As was
also the case for the rank-size regression coefficients, the shares of agricultural land and
agricultural value added, as well as the number of cities, receive high inclusion proba-
bilities. However, the relationship between the share of arable land, population size, and
trade openness and urbanization is much less robust than their link with the equality
of the urban system. In this specification, variables related to the level of development

appear to be more important in explaining cross-country variability in the urbanization
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rate. More closely aligned with the main objective of our study, the only variable that
displays a robust association with the share of the population living in cities is average

total precipitation.
[Insert Figures 8 and 9 about here]

The density plots of the regression coefficients displayed in Figure 8 indicate that ur-
banization is positively associated with the share of agricultural land and negatively as-
sociated with the share of agricultural value added. These signs are the opposite of those
observed for national Pareto coefficients. The density plots for the estimated coefficients
of the income-group indicators show that lower-middle- and low-income countries tend
to exhibit lower urbanization rates. Regarding climatic factors, Figure 9 shows that the
estimated coefficients for mean temperature are centered around zero, resulting in a neg-
ligible inclusion probability. In contrast to the findings for the rank-size regression co-
efficients, urbanization is positively associated with average precipitation and the SPEIL

However, the latter variable once again receives a very low posterior inclusion probabil-

ity.

6 Concluding remarks

This paper investigates the long-run determinants of cross-country differences in the
equality of city size distributions, with particular emphasis on climate-related factors. Us-
ing a harmonized definition of cities from the Global Human Settlement Layer (GHSL)
and a balanced panel covering the period 1975-2025, we estimate country-level Pareto
coefficients along with complementary indicators of urban structure. To address model
uncertainty in a context with multiple plausible geographic, socioeconomic, and insti-
tutional determinants, we implement a Bayesian model averaging (BMA) framework.
The main contribution of the study is the explicit incorporation of climatic variables —
mean temperature, precipitation, and a drought index (SPEI) - into the analysis of na-
tional urban systems. In doing so, we move beyond the traditional focus on purely geo-
graphic, socioeconomic, or institutional factors and provide systematic evidence on how
first-nature climatic conditions are associated with the spatial distribution of population

within countries.
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Our results indicate that climatic factors are robustly associated with the distribution
of city sizes, even after controlling for country and time fixed effects. Mean temperature
is positively related to the equality of urban systems, whereas average precipitation is as-
sociated with more uneven city size distributions. By contrast, drought intensity exhibits
low posterior inclusion probabilities. When urbanization rates are used as the dependent
variable, precipitation emerges as the only climatic factor with a stable association, while
temperature does not play a statistically meaningful role. These findings suggest that cli-
mate affects not only the overall level of urbanization but, more importantly, the internal
structure of national urban systems. At the same time, socioeconomic variables — such
as the role of agriculture, population size, and trade openness — remain important cor-
relates of urban concentration, although their relevance varies depending on the specific
dimension of urban structure under consideration.

These findings have several implications. First, persistent climatic conditions appear
to be systematically linked to how population is distributed across cities, pointing to a
structural channel through which climate change may reshape urban hierarchies over
the long run. Second, the asymmetric effects of temperature and precipitation on ur-
ban concentration versus urbanization rates highlight the importance of distinguishing
between the size distribution of cities and the overall share of the population living in
urban areas. Finally, from a policy perspective, fostering balanced and resilient urban
systems requires accounting for country-specific climatic constraints and risks. As cli-
mate change intensifies and alters temperature and precipitation patterns, anticipating its
spatial consequences will be essential for the design of adaptive infrastructure, regional

development strategies, and sustainable urban planning frameworks.
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Figure 1: Countries (51) included in the sample.
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Figure 2: Kernel density estimates of Pareto coefficients from country-level rank-size OLS
regressions.
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Figure 3: Annual mean of temperature, precipitation, and SPEI for the sample. Blue: mean;
dashed: 5-year moving average. Max and min temperatures in orange and green.
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Figure 5: Scatter plots of percentage growth of Pareto coefficient and of temperature, pre-
cipitation, and SPEI (1975-2025). Outliers removed for temperature and SPEI (5th-95th per-
centile).
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Figure 6: Determinants of city size distribution at the country level: Density plots of regres-
sion coefficients for geographical and socioeconomic variables with high posterior inclusion
probabilities.
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Figure 7: Determinants of city size distribution at the country level: Density plots of regres-
sion coefficients for climatic variables.
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Figure 8: Determinants of urbanization at the country level: Density plots of regression co-
efficients for geographical and socioeconomic variables with high posterior inclusion proba-
bilities.
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Figure 9: Determinants of urbanization at the country level: Density plots of regression coef-
ficients for climatic variables.
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