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Abstract. Direct human forcings are important input variables for earth system and climate impact models, describing societal
influence on changes to climate and related risks. Here, we present a new multisource dataset consistently describing the spatial
and temporal dynamics of the two most important direct human forcings: population and economic production. The dataset
was created by harmonizing multiple datasets to achieve smooth transition both the historical (1850-2025) and future (2026-
2100) time periods, and to cover many resolutions down to 1 km. Projections were produced for the latest Shared
Socioeconomic Pathways (v3.2, 2025), applicable to the seven scenarios designed for Coupled Model Intercomparison Project
Phase 7 (CMIP7) earth system models, which require population density as one of the inputs. In a further stage of CMIP7, the
dataset will be applied to modelling (societal) climate impacts, particularly in the Inter-Sectoral Impact Model Intercomparison
Project 4 (ISIMIP4). This requires additional variables such as population split by degree of urbanization, gross domestic
product and fixed asset value, and high resolutions of the data. We show that the new data vastly improves upon quality and
availability of direct human forcings compared to previous CMIP phases. It enables, for instance, process-based impact

simulations across sectors, impact attribution research, risk assessment and socio-hydrology.

1 Introduction

Modelling the consequences of climate change requires specific input datasets known as “forcings” (Durack et al., 2025a).
They define the exogenous drivers relevant to the historical and future variability of climate and its impacts. Earth system

models operated under World Climate Research Programme’s Coupled Model Intercomparison Project (CMIP) use a set of
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standardized data on natural and human influences known as “climate forcings” (Naik et al., 2025). In the ongoing CMIP phase
7 (CMIP7), a total of 12 climate forcings were defined, including population density (Durack et al., 2025b, Durack and
Nicholls, 2026), which is for instance used in fire modelling (Li et al., 2026). Further downstream of the modelling chain,
climate impact models use multiple forcing datasets to estimate the hazard, exposure and vulnerability components of multiple
climate-induced risks. The outputs of earth system models constitute “climate-related forcings” that describe the hazard, while
“direct human forcings” will be extended to cover land use change, agricultural and water management and to quantify
exposure and vulnerability in particular (Frieler et al., 2026).
With the increasing resolution, accuracy and availability of climate-related forcings, there is growing need for improving direct
human forcings even further to provide better estimates of climate impacts (Frieler et al., 2024). Further, the introduction of
new scenarios of possible future climate change trajectories in ScenarioMIP-CMIP7 (The Scenario Model Intercomparison
Project for CMIP7; van Vuuren et al., 2026) also requires a new update of such forcing data. There is also a desire for greater
timeliness of input data under accelerating global warming (Naik et al., 2025), which would necessitate transparent,
reproducible and efficient means of delivering frequent updates. Global exposure data published under the scenarios of
previous CMIP cycles (e.g. Jones and O’Neill, 2016, Murakami and Yamagata, 2019, Wang and Sun, 2022, Wang et al., 2022)
in particular lacked harmonization with historical data and usually had limited reproducibility, and were in any case made
obsolete by the start of CMIP7. In this study, we introduce a methodology of combining numerous data sources into a
comprehensive and scalable dataset of essential direct human forcings: population and economic activity. The following
principles had driven the design of this dataset:
e Consistency between population data used as climate forcing in earth system models and the data used in impact
models as direct human forcing.
e Ability to generate consistent data across resolutions from very coarse (0.5°, or ~50 km) to very fine (307, or ~1 km)
for different applications.
e Harmonization of historical data with future projections to avoid breaks in the timeseries, both for national aggregates
and on the grid-cell level
e Homogenous treatment of demographic and economic data and consistency between the demographic data and labour
data in the economic model to avoid spatial and temporal discontinuities.
The resulting work is the first to provide a high-resolution, gridded dataset of global population and economic activity under
the historical and ScenarioMIP-CMIP7 scenarios, including updated population and economic estimates for the Shared
Socioeconomic Pathways, or SSPs (IIASA, 2025). It covers the full time period of interest in CMIP7 (1850-2100), while
additionally providing population projections up to year 2300 to support extended earth system model runs (van Vuuren et al.,
2026). The dataset has already contributed to CMIP7 by providing population density as one of the climate forcings (Paprotny,
2026, Durack and Nicholls, 2026). It will find further applications in climate change studies, ranging from impact attribution

and risk modeling, including the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP, 2026a). In its fourth simulation
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round (ISIMIP4) the impact models from different sectors will be forced by climate simulations and consistent direct human

forcings from CMIP7-ScenarioMIP and particularly include the population and assets distribution described in this paper.

2 Methods
2.1 Framework of combining data

The global exposure dataset combines multiple input datasets to produce homogenized and gridded datasets (Fig. 1). The
dataset is generated by an algorithm that combines three layers of input data:

(1) A database of national-level historical and projected timeseries of population, gross domestic product (GDP) and
fixed asset value for all countries of the world for 1850—-2100 (compiled in this study from multiple sources);

2) A database of subnational-level historical GDP per capita for selected countries and available years during 1850—
2023 (compiled in this study from multiple sources);

3) External gridded datasets of population and built-up area combined and interpolated where necessary (Klein

Goldewijk et al., 2017, Schiavina et al., 2023, Pesaresi et al., 2024, Bondarenko et al., 2025a, 2025b).

Fixed asset value

Population (net)
Annual multisource (100+) data
= <
National level = = 1850-2023
= l T SSP projections 2020-2100

Subnational level Annual multisource (120+) data
1850-2023 (if available)

Gridded level = External gridded data, 5/10-yearly
=\ ( , Build-up area)
l 60:40 l
Combined dataset ==\ _—\ Annual gridded exposure

Figure 1. Framework of combining three layers of datasets into annual gridded exposure.

Historical data at national and subnational levels were compiled and harmonized from about 200 different sources for years
18502023 (sections 2.3.2—4). Through consistent application of national/subnational divisions (section 2.3.1), the data is
downscalled to a 30” (~1 km) geographic grid using four external datasets (sections 2.3.2 and 2.3.5). SSP scenarios (section

2.2) provided further national-level data for future projections until 2100, with additional extension for population until 2300.
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The population data is further disaggregated by degrees of urbanization, using a methodology developed by several statistical
agencies (section 2.4). Finally, we compare the results with high-resolution population data from other sources to validate the

approach (section 2.5).

2.2 2025 SSP scenarios

The scenario data used here are national scenario data following the Shared Socioeconomic Pathways (SSPs), which provide
five internally consistent narratives of future societal development spanning divergent trajectories (O'Neill et al. 2017). For
GDP, country-level projections are made for 196 countries (collectively representing more than 99% of global GDP), building
on a range of country- and time-specific drivers, including investment; employment (as driven by demographic trends, labour
participation rates and unemployment scenarios); human capital (as driven by education); energy rents and demand (as driven
by energy efficiency and an assumption about future international oil prices); and total factor productivity (TFP), whereby
each country gradually converges to its own frontier (Dellink et al., 2017). For the period 2010-2025, global net growth was
roughly equally driven by capital and natural resources and by technology developments. The positive and negative effects of
demographic developments more or less cancelled each other out. In high-income countries, some demographic trends, such
as increased participation rates of older age groups and relatively low birth rates, implied that the positive effect on employment
and human capital outweighed the negative effect on population as a driver of income growth. Capital accumulation as a driver
of growth is especially strong in upper-middle income countries; these countries have the capacity to absorb additional capital
and translate that into productive use. In low-income countries, the commodity slump in the middle of the last decade and
other downward pressures on economic growth are reflected in the negative growth contribution of the “technology” group of
drivers, which effectively includes all drivers that are not attributable elsewhere.

In the projections until the end of the century, SSP2 is the scenario that is closest to a “business-as-usual” baseline, although
that should not be interpreted as a linear continuation of current trends; the global GDP per capita average annual growth rate
is projected to slightly decline from 2.0% for 2010-2025 to 1.8% annually. SSP1 is the scenario with fast convergence and
thus fast growth in low-income countries compared to higher income countries, leading to an average annual growth rate of
GDP per capita of 2.0%. SSP3 is a low-growth scenario with almost no income growth in higher income countries but still
some catch-up in low-income countries (global average annual growth rate 0.6%). SSP4 has fragmented growth: low-income
countries follow a trajectory close to that of SSP3, while high-income countries are closer to an SSP2 or SSP1 trajectory (the
global average annual growth rate, which is less meaningful in this scenario given the divergence, equals 1.3%). SSP5 has
highest growth rates in all regions although as countries catch up relatively fast, and growth rates tend to stabilise; the global
average annual growth rate peaks at around 3.4% in the 2030s and averages to 2.7% for the 2025-2100 period.

For population projections, the narrative elements of interest are fertility, mortality, migration, and educational attainment.
The demographic human core of the SSPs, developed by KC and Lutz (2014) and updated in KC et al. (2024), projects
population and human capital for 200 countries to 2100, disaggregated by age, sex, and six levels of educational attainment

(KC, 2026a). SSP1 represents a world of rapid social progress, combining low fertility, low mortality, and fast educational
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expansion. Under this pathway, the global population peaks below 9.3 billion around mid-century and declines to
approximately 8.1 billion by 2100. The SSP5 pathway is almost identical to SSP1. SSP2 is the central continuation scenario,
assuming medium fertility, mortality, and migration aligned with historical trends, and educational attainment. Global
population peaks at approximately 10.1 billion before declining modestly to 9.9 billion by 2100. This pathway lies within the
95% confidence interval of the medium variant of the UN World Population Prospects 2022. SSP3 describes a world of
regional rivalry and stalled human development. High fertility, high mortality, low migration, and stagnant educational
attainment (modelled through constant enrolment rates) produce the highest population trajectory of the five pathways: 13.0
billion people by 2100 while global population keeps growing. Sub-Saharan Africa dominates this growth, and the global
population retains large low-education segments throughout the century. SSP4 captures a world of increasing within-country
stratification. A dual educational structure distinguishes between a highly educated elite and a large segment with limited
education (at most lower-secondary). Fertility and mortality assumptions vary by country group, with high-fertility countries
experiencing high mortality (as in SSP3), while low-fertility countries follow medium mortality. The global population will
reach approximately 11.9 billion by 2100 under this scenario. Across all pathways, the updated WIC2023 projections yield
higher populations than WIC2013 in absolute terms, principally due to faster-than-expected mortality decline (particularly
child mortality in sub-Saharan Africa) and slower fertility transitions in high-fertility countries.

While the standard SSP population projections go until 2100, extensions to 2300 have been produced to enable long-term
demographic and climate dynamics explorations (KC, 2026b). These extended projections use country-specific fertility
convergence targets beyond 2100. For the middle-of-the-road SSP2, the global total fertility rate (TFR, in children per woman)
is assumed to converge to 1.75 by 2200 across all countries. For SSP1 and SSP5 this convergence is to 1.53, for SSP3 to 1.97
by 2200; note that, unlike the SSP2 value, these are outcomes of applying the low- and high-fertility variants to the education-
specific schedules rather than independently imposed global targets. No extensions are currently available for SSP4. Life
expectancy at birth is capped globally at 105 years. The results reveal markedly divergent long-run trajectories. Under SSP2,
the global population continues its post-2080 decline, reaching 4.2 billion by 2300, with over 22% of the population aged over
80 and only 17% under 20 by that year. Under SSP1 and SSP5, the decline is more severe, with the global population falling
to approximately 1 billion by 2300. SSP3, by contrast, projects a peak of over 16 billion people in the 23rd century. Economic

projections were not produced beyond 2100 as the uncertainties in model assumptions would be too high.
2.3. Input datasets

2.3.1 Map of administrative units

Disaggregation of population, GDP or asset data recorded at national or subnational level requires a consistent high-resolution
map of administrative units. A map was prepared based on OpenStreetMap (2026) national boundaries (including territorial
waters), with manual adjustments to remove overlaps or gaps between polygons of countries, and adapt it to the spatial extents

available in statistical data sources used in sections 2.3.2—4. In the final map (Fig. 2a), 248 national-level units were defined
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based on ISO 3166-1 standard (ISO, 2026). The only differences from this standard consist of the omission of Aland Islands
(included in Finland) and the uninhabited Antarctica, and inclusion of Kosovo as a separate entry due to much different data
availability from Serbia. The vector map was converted into a discrete raster at 30” resolution that uniquely assigns each grid
cell to a country.

Similarly, OpenStreetMap was used to generate subnational boundaries, except most of the European countries, which largely
follow Eurostat’s nomenclature of territorial units for statistics (NUTS), version 2021, classification (Eurostat, 2020) using a
map created for harmonizing European flood impact and exposure data in Paprotny and Mengel (2023). In total, 2652
subnational units were defined for 82 countries (Fig. 2b). The regions are assigned numeric codes based on the ISO country
codes and serve as a link between the database of subnational GDP and the map. The vector map was converted into a discrete
raster at 30” resolution that uniquely assigns each grid cell to a subnational region. Where available, standardized codes were
included in the database of GDP for cross-referencing: ISO 3166-2 ‘country subdivision codes’ and either Eurostat’s NUTS
codes or OECD’s territorial classification (OECD, 2026).
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Figure 2. Administrative units at national (a) and subnational (b) level defined in the dataset. Spatial extents include internal and
territorial waters. Only the subnational units that are used for GDP disaggregation (section 2.3.3) are shown in (b). Boundaries
adapted from OpenStreetMap (2026), except for some European subnational boundaries (Paprotny and Mengel, 2023).
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2.3.2 Population

The national-level annual mid-year population timeseries for 1950-2023 were obtained from World Population Prospects: the
2024 (WPP2024) Revision (United Nations 2024), with minor adjustments for consistency with our geographical boundaries
(see previous section). Earlier data were obtained from multiple sources. Each country was researched individually to collect
the best information publicly available in each case. Where necessary, data were adjusted to a single boundary definition and
gap-filled. The exact sources and all data transformations are documented for each territory in Supplementary File 1. For the
future, SSP projections (see section 2.2) were adjusted to match the 2020 estimate from WPP2024. The 2024 timestep was
interpolated between the latest historical data (2023) and 2025 timestep for the SSP projections. Afterwards, the SSP data was
interpolated from 5-yearly timesteps. As the SSP dataset does not cover territories with a population below 100,000 (47 out of
248 defined in this study), future population was gap-filled by extrapolating the historical data with population change in
regional aggregates or other countries. SSP regional aggregates were used for minor independent countries, while for small
dependent territories the projections for their sovereigns were used. The mapping of our national-level units to SSP countries
and regions is shown in Supplementary File 1.

Disaggregation of national-level population was done using available external datasets, as shown in Table 1. The baseline
dataset is WorldPop’s ‘Global2’ R2025A, available in 30” resolution for 2015-2030 (Bondarenko et al., 2025a). From 2015-
2030, grid-cell population was represented using the WorldPop Global2 gridded population estimates. WorldPop’s Global2
datasets provide high-resolution population count surfaces, typically at 3 arc-second resolution, approximately 100 m at the
equator, in which administrative census and population projection counts are redistributed to grid cells using Random Forest-
based dasymetric modelling. The modelling framework combines population counts with a range of geospatial covariates

related to settlement patterns, land cover, infrastructure, accessibility, and other predictors of human population distribution.

Table 1. Gridded population datasets used in the study. * 1975 interpolated from 1970 and 1980 timesteps.

Dataset Version Resolution Timespan Timestep Reference
used used (years)

HYDE 3.2.1 57 (~9 km) 1850-1975%* 10 Klein Goldewijk et al. (2017)
GHS-POP R2023A 30" (~1 km) 1975-2015 5 Schiavina et al. (2023); Pesaresi et al. (2024)
WorldPop R2025A 30" (~1 km) 2015-2025 5 Bondarenko et al. (2025a)
Global2
(baseline)
FuturePop 0.2 30" (~1 km) 2025-2300 5 Bondarenko et al. (2025b)

Before 2015, grid-cell population was extrapolated back in time using 30” resolution population estimates from the GHS-POP

dataset that is part of the Global Human Settlement Layer (GHSL). This dataset combines detailed subnational population
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counts with remote sensing data on build-up surfaces, achieving high accuracy in estimating spatial population distribution.
When comparing with European population grids from 2011 and 2021 censuses (see section 2.5), the average accuracy was
very similar to WorldPop, which also used GHSL’s built-up surface data. However, we opted to use WorldPop Global2 as
baseline due to the availability of SSP-based projections consistent with WorldPop (see below). In any case, all grid-cell
population estimates were adjusted by a constant factor to match the total population between the grid and the dataset of
national timeseries (Fig. 3). It should be noted that the population is treated as a continuous, rather than a discrete quantity, in
all the input grids. The grid-cell population was further extended back to 1850 using the HYDE 3.2.1 dataset. It has a coarser
spatial and temporal resolution (~9 km and only 10-year timesteps), but is the only gridded population dataset available for
such an extended period. The methodological details of GHS-POP and HYDE are described by Pesaresi et al. (2024) and Klein
Goldewijk et al. (2017), respectively.

Adjustment to match national-level totals

Multi-source historical data SSPv3.2
1850-2023 2024-2100
80 « >4 >
70
Linking in year 2015
60 ~

w
o

Linking in year 1975

w
o

Grid population
s
o

N
o

[
o

o

1850 1900 1950 2000 2050 2100
HYDE GHSL —e—WorldPop (baseline) —e—FuturePop

Figure 3. Example of the population merging approach: gridded data are interpolated and harmonized, and then adjusted to
national-level total population.

Finally, future projections for the five SSP scenarios were obtained from FuturePop v0.2, an extension of WorldPop Global2
(Bondarenko et al., 2025a). FuturePop v0.2 was produced at 5-year time steps for the period 2025-2100 and subsequently
extended to 2300. WorldPop Global2 R2025A (Bondarenko et al., 2025a) provided the spatial baseline: 1 km gridded
population distributions, together with subnational population shares, for 2015-2030. For each GADM admin-2 unit, two rates

were calculated for each 5-year interval: the fraction of grid cells transitioning to new built-settlement, and the average number
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of people added per new built-settlement cell. These rates were extrapolated beyond 2025 and combined with a probability-
of-transition surface from the Built-Settlement Growth Model (BSGM; Nieves et al., 2020), which ranks non-settlement pixels
by their likelihood of becoming settled. Projections then proceeded in S-year steps from the 2025 baseline. At each step, and
within each admin-2 unit, the highest-probability non-settlement pixels were converted to built-settlement, extending urban
footprints in line with observed local expansion and infill dynamics. These new urban pixels were populated using the
estimated persons-per-new-cell rates, and the resulting distribution was normalised to match SSP national totals exactly while
preserving baseline admin-2 population proportions. This produced consistent 1 km projections in which urban areas expand
and densify according to historical patterns. Each subsequent step used the projected population from the preceding step as its
starting point. Because it follows historical patterns, this method does not explicitly represent the different modes of
urbanisation described by the SSP narratives. The approach was first applied to produce 1 km projected population maps for
each SSP to 2100, then extended to 2300. In the extension, the SSP4 scenario was not calculated as no input national projections
were provided. However, this is not an issue for CMIP7 purposes, as SSP4 is not used in any of the seven emission scenarios

that will drive the integrated assessment models (Van Vuuren et al., 2026).

2.3.3 Gross domestic product (GDP) per capita

As for population, all national-level timeseries of GDP per capita were harmonized spatially to a common territory and
temporarily to avoid breaks. Data for 2011-2023 were gathered from the National Accounts Main Aggregates Database
(United Nations 2025), amended with country-specific sources. Using GDP deflators from the same source, all data were
converted to 2017 US dollars and then further converted to purchasing power parities (PPPs). PPPs were mostly taken from
revised estimates for 2017 from the International Comparison Programme 2021 dataset (World Bank 2026). The GDP per
capita were then extended back to 1850 mostly using the Maddison Project Database 2023 (Bolt and van Zanden, 2025) with
the addition of country-specific sources. As for population, the exact sources and all data transformations are documented for
each territory in Supplementary File 1. SSP projections until 2100 compliment the dataset and are linked to historical data as
for population (see previous section).

Subnational GDP per capita was collected for 82 countries comprising 2652 subnational administrative divisions (Fig. 2b)
between 1850 and 2023, representing about 89% of global GDP. Data availability is largely limited to the present century, but
some countries have estimates spanning many decades before, even for 1850 (Denmark and Sweden). In many cases, the data
was interpolated between available benchmark estimates. All data were, to the extent possible, homogenized to the same
administrative boundaries for all years. In many cases of European countries, data at a more aggregated level are available for
earlier decades (typically Eurostat’s NUTS 2 level), therefore the values at more detailed NUTS 3 level were extrapolated
using the appropriate upper-level divisions. All data sources and transformations made to the data are documented for every
country in Supplementary File 2. The data were recorded as percentages relative to national GDP per capita. Total GDP and
population data, where available, are also recorded in the input dataset for reference, but only the relative GDP per capita is

used by the exposure disaggregation (see below). For years where there is no data, the earliest timestep was generally used for
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all years prior and the latest data were used for all years afterwards. However, to avoid large distortions in the historical data
due to some regions having extremely high GDP per capita related usually to modern fossil fuel production, the relative
subnational GDP was not allowed to exceed a 50-200% range in 1850. If a region was above or below this range in the earliest
available timesteps, its subnational GDP was interpolated with the limit value, so that it converges with the defined range in
1850.

National-level GDP per capita was multiplied by population (section 2.3.2), disaggregated by subnational administrative units
(where available), and then distributed into the grid: 60% proportionally to gridded population and 40% proportionally to built-
up area (section 2.3.5). This 60:40 ratio is intended to represent the typical ratio between the contributions of labour and capital

inputs to GDP (Arpaia et al., 2009, Piketty and Zucman, 2014, Guerriero, 2019, Office for National Statistics, 2024).

2.3.4 Fixed asset value

Fixed asset value is defined as the stock of all produced non-financial assets that are used repeatedly or continuously in
production processes for more than one year, both tangible (e.g. buildings, machinery, transport equipment) and intangible
(e.g. software and patents). Inventories, valuables, non-produced assets (e.g. land) and consumer durables are excluded. The
value of assets here is their net value, i.e. after deprecation, and inserted into the input database of national-level timeseries as
fixed asset-to-GDP ratio. Data on fixed assets are limited and were mostly obtained from Eurostat, OECD or national statistical
agencies for most of the developed economies, and supplemented by Penn World Tables v10.01 for 1950-2019 (Feenstra et
al. 2015) and Goldsmith (1985) before 1950. As with population and GDP, all country-specific data sources are identified in
Supplementary File 1. Still, coverage of data is far from complete, especially before 1950, even using interpolations of
available data points.

To gap-fill the fixed asset value, we leverage the observation that fixed asset-to-GDP ratio has a long-term upward trend,
attributed by Piketty and Zucman (2014) to the slowdown of productivity and population growth. Using 1458 data points of
fixed asset-to-GDP ratios (spaced at least 10 years apart to reduce autocorrelation), we indeed find a positive Spearman’s
correlation of 0.32 with GDP per capita level in data transformed to a standard normal distribution. We use a bivariate Frank
copula to capture the dependency structure and estimate the fixed asset-to-GDP ratio based on each country’s GDP per capita
(see previous section). The goodness—of-fit of different copula types was measured using a blanket test based on the Cramer—
von Mises statistic (Genest et al., 2009) before choosing the Frank copula. By randomly sampling the copula conditionalized
on GDP per capita, the fixed asset-to-GDP ratio was computed for all missing years. If some fixed asset value data was already
available for a given country, timeseries from gap-filling were used to extrapolate the earliest and latest available information.
The results in the global gap-filled estimates (Fig. 4, light blue line) show an upward trend in fixed asset-to-GDP ratio, except
for the period containing the Great Depression and World War II (c. 1930-1950).
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Figure 4. Net fixed asset value in the world relative to global GDP (%), 1850-2023, summation of available data compared with
summation of gap-filled estimates.

For the future time period, the fixed asset value was extrapolated from 2023 using the predicted fixed asset-to-GDP per SSP
scenario of changes in GDP per capita. Finally, the relative fixed asset value was multiplied by national or subnational (where

available) GDP and distributed proportionally to the built-up area (see next section).

2.3.5 Built-up area

The basis for disaggregation of GDP and fixed assets, and for calculating the degree of urbanization was the GHS-BUILT-S
dataset (Pesaresi and Politis, 2023) that is part of GHSL. It includes both residential and non-residential surfaces detected from
satellite observations and is available in 5-yearly timesteps covering years 1975-2030. As no corresponding datasets are
available for earlier or future time periods, the built-up area is extrapolated using the same ratio as population change relative
to 1975 (for the past) or 2030 (for the future). However, the built-up surface is not allowed to decline over time in connection
to a falling population, as in reality once a surface is built up, it is very rarely restored to a ‘natural’ state. Also, the future built-

up area is capped at the total grid cell area calculated at 30” resolution.

2.4 Degree of urbanization

Using population density and built-up area layers at 30” resolution, we created a grid cell classification according to the Degree
of Urbanization (DEGURBA) methodology introduced by European Union/FAO/UN-Habitat/OECD/The World Bank (2021),
based on the implementation made by Schiavina et al. (2025). It enables classifying the grid into three main categories (cities,

towns, and rural areas), with further into seven more detailed classes (Table 2). The approach involves detection of continuous
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clusters of high population density according to Table 2. 4-point connectivity was used for except suburban and rural clusters,
where 8-point connectivity was applied. For detecting grid cells belonging to urban centres, we used the optional approach
suggested by European Union/FAO/UN-Habitat/OECD/The World Bank (2021) to include cells that are at least 50% built up,
to avoid scattering of large urban areas with relatively low population density, e.g. in the United States. Urban centres were
additionally smoothed with 3-by-3 conditional majority filtering and gap-filled by removing holes smaller than 15 km?, as
proposed by Schiavina et al. (2025). Uninhabited cells consisting of at least 50% of water were classified as such to distinguish
them from very low-density rural areas. The land fraction was computed using GHS-LAND, which combines satellite

observations with OpenStreetMap data (Pesaresi and Politis, 2022).

Table 2. Classification of Degree of Urbanization with grid code used in the output dataset. Based on European Union/FAO/UN-
Habitat/OECD/The World Bank (2021) and Schiavina et al. (2025).

Grid Class Equivalent settlement type Cluster Grid cell Additional conditions
code population density
thresholds | thresholds
(persons) (persons
per km?)
Urban centres Cities
30 Urban centres Cities 50,000 1500 Also >50% built-up if below
population density threshold
Urban clusters Towns and semi-dense areas
23 Dense urban clusters Dense towns 5000 1500
22 Semi-dense urban clusters Semi-dense towns 2500 900 At least 2 km from a dense
urban cluster or urban centre
21 Suburban or peri-urban grid cells | Suburban or peri-urban areas 5000 300
Rural grid cells Rural areas
13 Rural clusters Villages 500 300
12 Low-density rural grid cells Dispersed rural areas - 50
11 Very low-density rural grid cells Mostly uninhabited areas - - At least 50% on land
Water -
10 Water - - - | Less than 50% on land and no

population

The application of the methodology is not perfectly to the original, as it should be made on a projected, regular 1 km grid.
Here, we use a geographical grid of only approximately the same size that varies according to the latitude. We therefore tested
whether adjustments of the individual thresholds would be warranted. However, we found the results very similar to the GHSL
data classified with the DEGURBA approach and not sensitive to small changes in the thresholds. The comparison between
our results and the United Nations World Urbanization Prospects (WUP) 2025 based on GHSL (Schiavina et al., 2025) is

shown in section 3.4.
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2.5 Validation

We validated the approach of combining multiple population grids with available long-run, high-resolution data. Firstly, we
used 1 km population estimates for Spain from HIPGDAC-ES (Goerlich, 2025), covering years 1900-2021 in decadal
timesteps. Secondly, we used 1 km population estimates for most European countries covering 2011 and 2021 census rounds
(Eurostat, 2025). To extend this data further, we extrapolated the 1 km population cells with municipal-level population (almost
110,000 units) for most European countries based mainly on 1960-2010 data by the European Commission (2013) and
assembled by Paprotny and Mengel (2023). Separately, we extrapolated the 1 km population for Austria using harmonized
municipal-level (2117 units, incl. districts of Vienna) population since 1869 by Statistik Austria (2026), interpolated to full
decades where necessary. The average error per grid cell was analysed at 5° (~9 km) resolution and compared to the HYDE
dataset, which was the source of DHF data for previous ISIMIP rounds (Frieler et al., 2024) and is still used in CMIP7 as major
input source of the land use forcing dataset LUH3 . Additionally, we made a comparison with the HANZE dataset, which is a

high-resolution reconstruction of historical exposure for Europe (Paprotny and Mengel, 2023).

3 Results
3.1 Overview of the dataset

The final dataset consists of eight variables covering the period 1850-2100 in 30” (~1 km) resolution or coarser. Population is
available as a total count, density per km?, and urban only count. GDP total is accompanied by GDP per capita that is evenly
distributed across each administrative unit (national and subnational), excluding uninhabited cells. In resolutions coarser than
307, cells shared by multiple administrative units are computed by weighting GDP per capita by population within each
contributing unit. This layer is recommended for spatial analyses specifically requiring GDP per capita, as the layer with total
GDP is produced by distributing GDP partially by population and partially by built-up surface. Economic variables are

complemented by total net fixed asset value.

Table 3. Gridded data layers available in the output dataset.

Variable Unit Notes

Population count Persons Mid-year estimate

Population density Persons per km? Mid-year estimate

Urban population count Persons Mid-year estimate

Gross domestic product (GDP) 2017 US dollar in Purchasing Power Parity

Gross domestic product per capita 2017 US dollar in Purchasing Power Parity | Distributed evenly or weighted across

administrative units
Net fixed asset value 2017 US dollar in Purchasing Power Parity
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Degree of urbanization Discrete DEGURBA classes Only 30” resolution
Fraction of urban land % Only 1° or lower resolution
Built-up area m?

In the final dataset at 30 resolution, the degree of urbanization is presented as a discrete classification of grid cells. At coarser
resolutions, the results are aggregated by showing the percentage of each grid cell covered by urban land (i.e. either cities or
towns and semi-dense areas). Urban population is similarly defined as all persons residing in either cities or towns, and is
computed by filtering the 30” grid cells and aggregating the results to the target resolution. Built-up area used to compute the

degree of urbanization is also provided in the dataset.

3.2 Long-term population and economic trends, 1850-2100

A global overview of the results shows a relentless increase in population, GDP and fixed asset value since 1850 that will
largely continue into the future (Fig. 4). Still, large variations in the growth rates were recorded in the historical period. Even
though the temporal resolution of available national-level timeseries is not equal, and for lower-income countries is often much
lower than annual particularly before the 1950s, many large global and regional crises (wars, pandemics, famines) are clearly
visible in the data. Population growth increased from about 0.5% annually until peaking at above 2% in the 1960s, and is
expected to drop to negative before the end of the century in SSP1, SSP2 and SSP5 scenarios. GDP per capita growth oscillated
around 1% in the 1850s before accelerating, and has averaged about 2% since the 1950s. A slow decline in the growth rate is
generally expected in the future, though after a temporary increase in SSP1 and SSP5. Reduction in the population growth rate
means that the global economy also slowed its growth rate since the peak above 4% in the 1950s and 1960s, and will likely
continue in the future. Finally, the value of fixed assets relative to GDP doubled since 1850 and should continue to increase in

the future if those historical patterns continue in the future.
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Figure 5. Global trends in main indicators, historical and SSP projections, 1850-2100. The vertical axis is logarithmic except graph
(d), which shows values in percentages. The online dataset contains visualizations for all national-level timeseries.

Spatially, there have been large variations between continents and countries. Very few locations experienced population
decline between 1850 and 1950, mainly in western Europe and east Asia (Fig. 6a), while in recent decades many parts of
Europe and North America recorded a decrease in population (Fig. 6b). In the future, there are large differences between SSP
scenarios, but Europe and east Asia is universally expected to decline substantially (Fig. 6¢c-g). South Asia and the Americas
have contrasting futures of growth or decline depending on the scenario. Only Africa, Oceania and most of western Asia is
expected to have a larger population in 2100 than at present across all SSP scenarios. GDP change has also been almost entirely
upwards, with faster rates of growth in the Americas in particular before 1950 (Fig. 7a) and in Asia afterwards (Fig. 7b). In
the future, GDP growth is expected to be the highest in Africa, driven partially by high population growth, and the lowest in

more developed regions, particularly Europe and Japan (Fig. 7c-g).
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3.3 Trends in the degree of urbanization

The population growth in the past two centuries was concentrated in cities and towns. Since 1850, population in cities of the
world increased from only 72 million to 3.7 billion in 2025, contributing to 52% of total population growth in that period.
Towns have grown from 361 million to 2.8 billion, while rural areas have only added 13% to global population growth, and
are home to 1.7 billion people worldwide. This results in an urbanization rate of 79% in 2025, with urban areas covering 3.7
million km?, or 2.8% of dry land, which is 11 times more than in 1850. With most of the population already residing in urban
areas, future growth in the urbanization rate will be slower, resulting in an urbanization rate of up to 86% (SSP4). Largest

growth is expected in Africa, which so far has been the least urbanized continent (Fig. 8).
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Figure 8. Urbanization rate by continent and globally, 1850-2100.

An extreme example of rapid urbanization is Egypt, where population is concentrated along the Nile delta (Fig. 9), as shown
by the population distribution at 30” resolution. We estimate that in 1850 only 6% of Egypt’s population lived in urban centres,
marked by red colour in the maps (Fig. 9a). By 2025, the population of cities rose from 0.3 to 83 million, or 69% of total
population (Fig. 9c). Further population growth under SSP2 scenario could result in 95% of the population being concentrated

predominantly in a single continuous metropolis (Fig. 9d).
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393 Figure 9. Example application of the Degrees of Urbanization methodology to a 30” (~1 km) population grid: the Nile delta, Egypt,
394 1850-2100. Cairo and three biggest cities outside the capital region are marked.
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3.4 Validation

To validate the approach of merging multiple different gridded datasets and harmonizing them by adjusting to national-level
timeseries, we first computed the average error at grid-cell level based on three validation datasets (see section 2.5). Then, we
compared the results with the global HYDE 3.2 dataset and pan-European HANZE 2.0. Due to the coarser resolution of HYDE,
we evaluated the error at 5° (~9 km) resolution. The results show that in all cases the merged gridded dataset outperformed the
HYDE dataset, also achieving similar results on average across Europe compared to HANZE (Fig. 10). The error still increases
when moving more into the past, as input population and land use data become increasingly coarser. Some of the error is due
to imperfect matches of spatial and temporal reference points between datasets, but still the challenge of exactly estimating

population distribution across large domains is clear.
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Figure 10. Average error (%) in population distribution at 5° (~<9km resolution) from this study for three validation datasets and
compared to two other datasets — HYDE (Klein Goldewijk et al., 2017) and HANZE (Paprotny and Mengel, 2023).
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We further compare our calculation of the degree of urbanization against other datasets. The primary corresponding dataset is
the GHSL-WUP (Schiavina et al., 2025), which follows the same classification and provides very similar urbanization rates
globally (Fig. 11). GHSL-WUP has only one future scenario, which corresponds on a conceptual level most closely with SSP2,
representing a ‘middle-of-the-road’ scenario. However, despite the total population of cities and towns being very similar (if
slightly lower throughout), GHSL-WUP considers cities as the main source of future demographic growth, while in our results
based on FuturePop it is concentrated in towns. This is partially connected to the differences in assumptions about the level of
dispersion of urban areas, to which any urban growth model is sensitive in the long temporal perspective. It is notable that the
SSP database (IIASA, 2025) provides a vastly different urbanization rate, which is methodological. As was the case with
previous World Urbanization Prospects from the United Nations before the 2025 revision, the SSP database uses urbanization
defined nationally, resulting in highly heterogeneous and usually underestimated urbanization rates. A similar approach of
using national definitions is present in the HYDE dataset. As visible in Fig. 11, there is a strange pattern visible in HYDE:
urbanization increases rapidly in the second half of the 19' before stagnating between 1910 and 1950. In our analysis, there is

a much more smooth transition since the beginning of the second industrial revolution in the 1870s.
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Figure 11. Comparison of urbanization rates (%) globally in this study, GHSL-WUP 2025 (Schiavina et al., 2025), CDM2024 SSP2
scenario (IIASA, 2025) and HYDE 3.2 (Klein Goldewijk et al., 2017) 1850-2100. (a) total urbanization according to the new and old

definitions; (b) population in cities or towns.

We also compared national-level urbanization rates between datasets (Fig. 12). Urbanization rates across countries are very

similar between our results for 2025 (based on WorldPop) and WUP (based on GHSL), with the largest differences being for

very small territories (such as Montserrat, Anguilla, Cook Islands, or Western Sahara). For 1950 and 2100, the dispersion

increases, but the correlation remains high.
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Figure 12. Urbanization rate (cities and towns combined) by country in this study compared with GHSL-WUP 2025 (Schiavina et
al., 2025): (a) 1950, (b) 2025, (c) 2100. Area of the bubble is proportional to the total country population in the year analysed.

4 Discussion

4.1 Application of direct human forcing in CMIP7

The most direct need for this data in CMIP7 was expressed for the Fire Modelling Intercomparison Project (FireMIP). Gridded

population density information can be used to project changes both in anthropogenic ignitions and in the ability to suppress

fires. In future updates to gridded forcings products, including for (anthropogenic) emissions and land use, the possibility to

include population changes as a proxy is also enabled by this new dataset, which is specifically useful because of its harmonized
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nature, which allows for discerning historical patterns that may be useful for future projections. For instance, internal migration
and urbanisation patterns may lead to changes in within-country spatial distributions of emissions for the transportation and
residential and commercial emissions. As CMIP7 is evolving (Dunne et al. 2025), this data may be used in many more MIPs
under CMIP7 (World Climate Research Programme, 2026).
For CMIP7, we provided population density data in two resolutions (0.25° and 0.5°), which are publicly accessible through
the Earth System Grid Federation. Historical data (1850-2025) are stored on ESGF nodes with the identifier “PIK-CMIP-1-0-
1”. Future projections until 2100, including historical data from 2022 for convenience of modelling groups, were assigned to
seven emission scenarios (Van Vuuren et al., 2026) and have the identifier “PIK-scenario-1-0-0", where scenario is an
acronym defined as follows:

e h - High (based on SSP3)

e hl - High-to-Low (based on SSP5)

e m - Medium (based on SSP2)

e ml - Medium-to-Low (based on SSP2)

e |- Low (based on SSP2)

e In - Low-to-Negative (based on SSP2)

e vl- Very Low (based on SSP1)
Extensions of population density to 2101-2300 are split into two files (2101-2200 and 2201-2300), and can be found with the

identifier “PIK-scenario-ext-1-0-0", where scenario is an acronym as in the list above.

4.2 Application of direct human forcing in ISIMIP

The impact community strongly relies on GDP and population data seamlessly covering the time period 1850-2100. Depending
on the purpose these dataset are required at different resolutions and with varying temporal coverage and in case of population
data also urban and rural population shares. Within ISIMIP, process based impact models from various sectors (e.g. water,
biomes, health, fisheries and marine ecosystems, and energy) make use of population and GDP data at their standard 0.5°
resolution to account for the human interventions and activities shaping critical impact variables (Frieler et al., 2024, 2026).
In general, the population and GDP forcings are incorporated to resolve economic activity, resource demand, anthropogenic
stressors, and vulnerabilities. ISIMIP4a aims for a simulation of historical impacts to allow for model evaluation and impact
attribution making use of forcing data, which is as close to observations as possible. This highlights the need for an approach
allowing to combine the best available historical data sources for both the early and the recent past. At the same time, future
projections dynamically accounting for socio-economic changes (ISIMIP4b group III) require population and GDP projections
consistent with the latest SSP scenarios seamlessly harmonized with historical data both at the national and the grid level, to
avoid inconsistencies with the historical baseline at all scales. Besides the use of GDP and Population data as direct human
forcing for impact models, these datasets are key to derive direct socio-economic impacts such as displacements, damage,

exposed population or fatalities from extreme weather events provided as ISIMIP derived output (Lange et al., 2020, Thiery
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et al., 2021, Schewe et al., 2026). For damage assessments usually an estimation of exposed assets is required to calculate
damages based on the hazard intensity and the asset vulnerability. This comes with the need for high resolution estimates of
build-up assets. While previous studies worked with resolutions of 150” to 300” (Sauer et al. 2021, Stalhandske et al. 2024),
the presented dataset will allow for historical impact attribution and future risk assessments at resolutions up to 30”. Upcoming
developments entail an improvement of the impact model resolution to 0.1° for selected sectors starting with simulations for
Europe (ISIMIP Europe). These enhancements come with the need for better resolved direct human forcing data including
population and GDP and will benefit from the flexible approach to generate these datasets at various resolutions. In 2025, the
macro-economic multimodel intercomparison project on indirect economic impacts of extreme events (macroMIP) was
initiated in close collaboration with ISIMIP, to compare indirect impacts of extreme events in macro-economic models to
improve the understanding of the mechanisms of indirect impacts. MacroMIP also strongly relies on population and GDP to
simulate the economic development along given GDP baselines. The data for population, GDP and fixed asset value at various
resolutions was produced for ISIMIP4 for the historical (4a) and future (4b) scenarios and will become publicly available soon

(ISIMIP, 2026b).

4.3 Other applications

The dataset was designed for flexibility in applications across spatial scales and topics. Apart from the application to CMIP
and ISIMIP, the dataset in its current (Paprotny, 2025b) or preliminary versions (Paprotny, 2025a) was applied in several
studies already. For example, in the “Compound extremes attribution of climate change: towards an operational service”
(COMPASS) project (Vertegaal et al., 2026, Paprotny et al., 2025), our estimates of population, GDP, and asset value was
used to reassess damages from high wind speeds generated by extra-tropical cyclone Xynthia in 2010 and attribute them to
changes in exposure (Compass, 2026). Serres et al. (2025) used our gridded population data for attribution of the historical
spread of tropical mosquito-borne viruses in Europe, and projection of the future risk of tropical diseases under climate change
in Europe. Pietroiusti et al. (2026) also used our gridded population data to analyse past and future changes in lifetime exposure
of people to extreme fire weather at different spatial scales (Portugal and Europe). In another example, Luderer et al. (2026)
utilized our urban population and GDP data to develop a spatially explicit framework to downscale future global emissions
pathways to urban areas.

One important application for the dataset would be the emerging field of socio-hydrology, which looks into the dynamic
interactions between society and hydrological risks (Barendrecht et al., 2017). Changes in floodplain population, urbanization
rates or GDP can be analysed to search for existence of the “levee effect”, wherein settlement growth close to rivers or coasts
is encouraged by perceived safety behind flood defences, or the “adaptation effect”, wherein exposure growth is reduced by
disinclination to live or invest in floodplains due to experience of past flood disasters (Di Baldassare et al., 2015). Similarly,
the “reservoir effect” pertains to population growth encouraged by enhanced water supply through reservoir storage, potentially
leading to unsustainable water usage (Di Baldassare et al., 2018). High-resolution DHF could be used to detect those effects

at different spatial scales, and quantify practical socio-hydrological models, also under future climate change conditions
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(Schoppa et al., 2024). We will use the global exposure dataset in this context within the framework of the ongoing “Flood
Adaptation under Climate Change with the European Socio-Hydrological Model” (EuroSoHo) project (ttps://eurosoho.eu/,
last access: 25 May 2026).

4.4 Uncertainties and limitations

None of the datasets contributing to this DHF dataset is completely error-free and accurate. The validation for both total and
urban populations indicates room for future improvements. Some aspects could not be validated due to a lack of comparable
data. In particular, GDP is an estimate of annual production and consumption that is already troublesome to compute at the
level of subnational units, let alone in higher spatial resolutions. More detailed disaggregation could be possible with high-
resolution land use data, but that would also require long-run historical and projected data on GDP by economic sectors
(agriculture, fishing, mining, industry, etc.). Population projections from FuturePop have the limitation of assuming constant
relative distribution of population at the subnational administrative levels, which could underestimate urbanization in some
countries. Still, this conservative approach helps to avoid major distortions that were visible in previous studies. For instance,
Steinhausen et al. (2022) noted that the regional population change patterns for Europe in gridded projections by Murakami
and Yamagata (2019) are very different from regional projections from Eurostat. They also note the high concentration of
future population growth in European city cores in Jones and O’Neill (2016) in contrast to extensive suburbanization observed
in recent decades.

Long development cycles of CMIP, ISIMIP or other major climate-change research projects mean that over time the forcing
datasets lose their timeliness (Naik et al., 2025). While population distribution changes slowly over time, except for major
displacements related to armed conflicts or disasters, economic growth varies to a much higher degree. Consequently, the
algorithm behind this dataset includes an option to leverage data with higher frequency such as the half-yearly updates of the
World Economic Outlook (WEO) by the International Monetary Fund (2026), containing short-term GDP projections for up
to 5 years ahead. If the option is enabled, the code will replace SSP projections with the WEO data and then slowly converge
with the SSP projection by year 2100. Similarly, GHSL and UN population projections can be used up to 2030 with
convergence to SSP trajectories by 2100. By default, this extra harmonization step is not enabled for consistency with the
SSPs, but might be useful for researchers requiring more up-to-date information for impact modelling.

The global data presented here by necessity generalize many processes occurring in more local scales and do not cover all
aspects covered by SSP projections (e.g. population by sex and age, education levels) or needed as DHF (e.g. non-urban land
use, detailed agricultural variables or water management-related information). Other studies provide more localized
downscaling of projections at continental or national scales (e.g. Winkler et al., 2026, Bonatz et al., 2026), which could also

be useful for analyses at smaller spatial scales.
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5 Conclusions

This study resulted in a new framework for combining multiple datasets into a coherent forcing dataset for use in earth system
and impact modelling spanning the historical and future time periods. The dataset was designed to be a flexible and scalable
solution for consistent application of direct human forcing across the current cycle of climate change research. With the code
and input data accessible online (Paprotny, 2025b), the users can generate the dataset in any resolution that is a multiplier of
30” (~1 km). The full dataset in the highest resolution was not provided only due to the large size of all files. A subset of data
generated specifically for CMIP7 (1850-2300) and ISIMIP4 (1850-2100) is fully accessible online (see “Code and data
availability”). Research will continue to expand the range of variables in the data and improve the quality of both historical

estimates and future projections.

Code and data availability

The code to produce the DHF dataset presented in this study, together with the necessary input data, is provided on Zenodo:
https://zenodo.org/records/17572467 (Paprotny, 2025b). Only a selection of data produced in the study is accessible on Zenodo

as the data at 30” resolution for all variables and timesteps approaches 1 TB in size: https://zenodo.org/records/17572467
(Paprotny, 2025b). The population density forcing data used in CMIP7 (0.25 and 0.5 degree resolution, 1850-2300) are

available on ESGF - for a list of applicable identifiers, see https:/input4mips-cvs.readthedocs.io/en/latest/dataset-

overviews/population/ (Paprotny and Hawker, 2026). A copy of the CMIP7 data is also stored on Zenodo:
https://zenodo.org/records/19353707 (Paprotny, 2026). National-level SSP scenarios are available from ITASA:

https://ssp.apps.ece.iiasa.ac.at/documentation/basic-drivers (IIASA, 2025). The 2025-based scenarios used here are archived

at https://doi.org/10.5281/zenodo0.21738149 (KC, 2026a). Population count, GDP and fixed asset value used in ISIMIP4 (1 arc

min, 5 arc min, 0.1, 0.25 and 0.5 degree resolutions, 1850-2100) will become available on the ISIMIP Repository soon:
https://data.isimip.org/ (ISIMIP, 2026b).
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