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Regional shares differed markedly. Africa accounted for about 223 
million people living in morphologically deprived segments, or 43.6% 
of the 512 million residents covered. In Asia, an estimated 125 million 
people lived in morphologically deprived segments, representing 11.3% 
of the 1.1 billion people analyzed. In LAC, roughly 47 million people 
(13.8% of the 338 million) were estimated to live in morphologically 
deprived segments. These regional aggregates show that the highest 
share occurred in Africa, while Asia and LAC accounted for substantial 
populations residing in morphologically deprived segments.

At the national level, the share of urban population residing in 
morphologically deprived segments varied widely within and across 
regions (Fig. 3). In Africa, national urban shares ranged from 10% in 
countries such as Algeria and Botswana to more than 70% in Soma-
lia and Central African Republic, while countries such as Nigeria  
(~32 million) and the Democratic Republic of the Congo (~28 million) 
contained the largest urban populations in deprived segments. In Asia, 
national urban shares remained below 30%, although India (~58 million) 
accounted for the largest urban population residing in morphologically 
deprived segments. In LAC, Haiti (~65%) exhibited one of the highest 
national shares, whereas several countries recorded shares below 
20%. Country-level statistics are provided in Supplementary Table 11.

City-size structure of morphological deprivation
We summarized urban populations residing within morphologically 
deprived segments by city size to examine how deprivation was dis-
tributed across the urban hierarchy. The 5,132 cities were grouped 
into five size categories as defined by the United Nations24: 4,549 small 
cities (<500,000 inhabitants), 283 medium-sized cities (500,000 to 1 
million), 252 large cities (1–5 million), 25 very large cities (5–10 million) 
and 23 megacities (≥10 million). Collectively, these cities contained 
1.96 billion residents. Of these, approximately 102 million people in 
small cities (15.9% of their population), 34 million in medium-sized 
cities (17.2%), 112 million in large cities (21.5%), 50 million in very large 
cities (29.0%) and 97 million in megacities (22.8%) lived in deprived seg-
ments. Overall, small and medium-sized cities accounted for more than 
one-third (34%; 136 million of 395 million) of all residents in deprived 
segments, while large and megacities comprised more than half  
(53%; 209 million of 395 million), indicating that deprivation was dis-
tributed across the full hierarchy rather than concentrated solely in 
the largest metropolitan areas.

Patterns differed across regions (Fig. 4). In Africa, deprivation 
was observed across all city size classes, with the largest numbers in 
large cities (67 million) and small cities (63 million), even though more 
than half of the urban population lived in morphologically deprived 
settlements in very large cities (56.9%) and megacities (57.6%). In Asia, 
deprivation was concentrated in the largest urban centers: megacities 
alone accounted for 52 million people (18.4%), more than the combined 

total of small and medium-sized cities (34 million), while large and very 
large cities added further substantial numbers. In LAC, populations 
in deprived segments were distributed across size categories, with 
large cities contributing the highest absolute totals (19 million), fol-
lowed by small cities (14 million) and megacities (10 million). Across 
regions, the absolute number of residents in deprived segments in 
smaller cities remained substantial, prompting further examination 
of country-level composition.

At the country level, the composition of populations in morpho-
logically deprived city segments varied considerably across size classes 
(Fig. 5). In several cases, including Djibouti, Maldives and Belize, all 
observed deprived segments populations were in small cities. In oth-
ers, such as Nigeria, India and Venezuela, small and medium-sized 
cities collectively hosted millions of residents in deprived segments, in 
some instances matching or exceeding megacity totals. These patterns 
show that national deprivation burdens often reflected contributions 
from multiple smaller and intermediate cities rather than a single 
dominant metropolis.

To provide additional context for small-city patterns, Extended 
Data Fig. 1 presents satellite-based examples from six small cities across 
Africa, Asia and LAC, showing the spatial distribution of morphologi-
cally deprived and non-deprived segments. In some cities, such as Juba 
(South Sudan) and Ouanaminthe (Haiti), deprived segments covered 
larger portions of the built-up area, whereas in others, including Samb-
hal (India) and Myaungmya (Myanmar), they formed more localized 
clusters. Across these examples, deprived segments ranged from 
compact pockets to more contiguous expanses and corresponded to 
densely built areas with limited visible open space.

Comparative alignment with existing datasets
We compared CSMD classifications with three independent large-
scale products representing complementary dimensions of urban 
deprivation. Figure 6 reports country-level precision, recall and F1 for 
one representative configuration per dataset; results were consistent 
across alternative thresholds tested, which are shown in Supplemen-
tary Figs. 4–6.

Among the three external datasets, SSI (SpaceDef) demonstrates 
the strongest alignment with CSMD. Median precision (0.77), recall 
(0.79) and F1 (0.76) are consistently high across the 33 overlapping 
countries, indicating substantial agreement between morphological 
deprivation and overcrowding/living space inadequacy. Importantly, 
segment- and population-level coverage are closely aligned: CSMD 
identifies 54.6% of segments (46.7% of population) as deprived, while 
SSI identifies 43.2% of segments (42.6% of population).

The MN comparison shows moderate but meaningful alignment. 
Median precision is 0.58 and recall 0.32 (F1 = 0.39) across 45 countries. 
MN identifies a smaller share of segments as deprived (29.8%) relative 

Fig. 3 | National variation in the share of population residing in 
morphologically deprived city segments across Africa, Asia and LAC.  
a–c, Country-level share of urban population residing in morphologically 
deprived city segments for Africa (a; n = 52 countries), Asia (b; n = 30 countries) 
and LAC (c; n = 21 countries). Within each panel, countries are ordered by share, 
and point size is proportional to the population residing in deprived segments 
(in millions; see size key in b). Vertical dashed lines indicate the regional average 
share (Africa, 43.6%; Asia, 11.3%; LAC, 13.8%). For each region, the three countries 
with the highest shares are annotated with their percentages, and the three with 
the largest deprived-segment populations are annotated with their population 
(in millions); countries ranking in the top three on both measures show both 
values. AFG, Afghanistan; AGO, Angola; ARG, Argentina; BDI, Burundi; BEN, 
Benin; BFA, Burkina Faso; BGD, Bangladesh; BLZ, Belize; BOL, Bolivia; BRA, 
Brazil; BWA, Botswana; CAF, Central African Republic; CIV, Côte d’Ivoire; CMR, 
Cameroon; COD, Democratic Republic of the Congo; COG, Republic of Congo; 
COL, Colombia; COM, Comoros; CRI, Costa Rica; CUB, Cuba; DJI, Djibouti; 
DOM, Dominican Republic; DZA, Algeria; ECU, Ecuador; EGY, Egypt; ERI, Eritrea; 

ESH, Western Sahara; ETH, Ethiopia; GAB, Gabon; GHA, Ghana; GIN, Guinea; 
GMB, Gambia; GNB, Guinea-Bissau; GNQ, Equatorial Guinea; GTM, Guatemala; 
HND, Honduras; HTI, Haiti; IDN, Indonesia; IND, India; IRN, Iran; IRQ, Iraq; 
JAM, Jamaica; JOR, Jordan; KAZ, Kazakhstan; KEN, Kenya; KGZ, Kyrgyzstan; 
KHM, Cambodia; LAO, Laos; LBN, Lebanon; LBR, Liberia; LBY, Libya; LKA, Sri 
Lanka; LSO, Lesotho; MAR, Morocco; MDG, Madagascar; MDV, Maldives; MEX, 
Mexico; MLI, Mali; MMR, Myanmar; MNG, Mongolia; MOZ, Mozambique; MRT, 
Mauritania; MUS, Mauritius; MWI, Malawi; MYS, Malaysia; NAM, Namibia; NER, 
Niger; NGA, Nigeria; NIC, Nicaragua; NPL, Nepal; PAK, Pakistan; PAN, Panama; 
PER, Peru; PHL, Philippines; PRK, North Korea; PRY, Paraguay; PSE, Palestina; 
RWA, Rwanda; SDN, Sudan; SEN, Senegal; SLE, Sierra Leone; SLV, El Salvador; 
SOM, Somalia; SSD, South Sudan; SUR, Suriname; SWZ, Swaziland; SYR, Syria; 
TCD, Chad; TGO, Togo; THA, Thailand; TJK, Tajikistan; TKM, Turkmenistan; TLS, 
Timor-Leste; TUN, Tunisia; TZA, Tanzania; UGA, Uganda; UZB, Uzbekistan;  
VEN, Venezuela; VNM, Vietnam; YEM, Yemen; ZAF, South Africa; ZMB, Zambia; 
ZWE, Zimbabwe.
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to CSMD (55.8%), reflecting its focus on street-access complexity rather 
than broader morphological characteristics. Despite lower recall, the 
relatively strong precision indicates that when MN flags access-deficit 
areas, these often coincide with CSMD-deprived segments.

By contrast, WRI shows high recall (0.62) but lower precision 
(0.30), yielding a median F1 of 0.33 across 48 countries. WRI classifies 
a larger share of segments (43.2%) and population (43.2%) as informal 
compared with CSMD (26.0% of segments; 24.4% of population in 
overlapping geographies), indicating broader spatial delineation of 

informal morphology. The high recall suggests substantial overlap 
with CSMD-identified deprivation, while lower precision reflects the 
wider extent of WRI informal classes.

Discussion
This study is a proof of concept demonstrating that globally consistent 
morphological deprivation mapping is now technically feasible using 
harmonized open geospatial data and supervised learning. The current 
implementation relies on first-generation datasets, including City 
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Segments Layer v1 and IDEABench v2, both of which are undergoing 
rapid expansion and refinement. As these inputs improve in complete-
ness and geographic diversity, the modeling framework presented here 
provides a scalable foundation for constructing an operational global 
morphological deprivation layer to support SDG 11.1.1 monitoring.

Global picture
Our results provide comparable, neighborhood-scale estimates of 
spatially modeled morphological deprivation across 5,132 cities in 103 
countries, showing how morphological deprivation was distributed 
across the urban hierarchy. By combining standardized city-segment 
units with simple morphology and access indicators25 and harmonized, 
field-validated reference labels of morphologically deprived areas from 
IDEABench26,27, the analysis moved beyond case-specific studies that 
have constrained cross-city synthesis and largely focused on a handful 
of major cities4,20,21,28. It complements household-based slum indicators 
and survey-driven monitoring by emphasizing the spatial manifesta-
tion of disadvantage in urban form and access, responding to calls to 
bridge household conditions and neighborhood morphology through 
spatially modeled morphological deprivation5,9.

Small and medium-sized cities account for more than one-third 
of residents living in morphologically deprived segments globally. In 
Africa, large and small cities (67 million and 63 million) together host 
more residents in deprived segments than megacities (35 million), 
even though the largest agglomerations host the highest share. In 
LAC, residents in deprived segments are evenly distributed across size 
classes, while in Asia, megacities dominate both share and absolute 
numbers. Across countries, deprivation is frequently concentrated in 
networks of secondary cities rather than a single dominant metropolis. 
This was consistent with national-scale analyses from Argentina, which 
found that extra-small and small urban areas collectively contain more 
informal-settlement area and experienced faster growth than the 
main metropolitan region29, and with evidence from secondary cities 
in sub-Saharan Africa that small urban centers carried a dispropor-
tionate burden of overlapping deprivations in services, housing and 
employment30. Together with long-standing reviews showing that Earth 
Observation-based slum mapping has concentrated on a handful of 
large or iconic settlements4,28, these patterns indicated that morpho-
logical deprivation was not exclusively a megacity phenomenon but a 
distributed condition across national settlement systems, reinforcing 
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Fig. 4 | Population coverage and omission across city sizes and regions.  
a–c, Stacked horizontal bars show the total urban population (in millions) by city-
size class for Africa (a), Asia (b) and LAC (c), partitioned into three components: 
population in non-deprived City Segments v1, population in deprived City 
Segments v1, and population omitted from City Segments v1 (present in the 

GHS-UCDB 2019 database only). The red value labels give the deprived-segment 
population, and the value at the end of each bar gives the total GHS-UCDB 2019 
population for that class. City-size classes follow the definition: small (<500,000 
residents), medium (500,000 to 1 million), large (1–5 million), very large (5–10 
million) and megacity (>10 million).
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the need to examine neighborhood-scale conditions in secondary and 
intermediate cities using standardized spatial units.

Alignment with existing datasets
Comparisons with the three external products showed clear, interpret-
able alignment patterns. The SSI SpaceDef indicator22, which captures 
overcrowding and lack of living space, aligned most closely with CSMD, 
consistent with the observation that densely occupied housing often 
coincides with the built-form conditions the model learns. The MN 
project18, which measures street-access complexity, overlapped partly 
with CSMD, indicating that limited road access captures only part of 
morphological deprivation. The WRI intra-urban land-use product23, 
where we treated informal-subdivision and atomistic classes as proxies 
for informal built areas31, showed high recall but low precision rela-
tive to CSMD, reflecting its broader classification of informal built 
areas. Together, these results highlighted that agreement with CSMD 
depended on what each dataset was designed to measure; overcrowd-
ing, access or land-use morphology, rather than implying a single, 
ordered ranking of deprivation maps. These alignment patterns were 
broadly consistent across the urban hierarchy, with generally stronger 
agreement in larger cities (Supplementary Section 2.6). SSI, MN, WRI 
and CSMD are part of the new generation of global products made pos-
sible by near-complete building, road and Earth Observation datasets; 
CSMD added a city-segment-based, multicity model spanning more 
than 5,000 cities, including many that rarely appeared in depriva-
tion case studies. None of these layers should be treated as a defini-
tive ground truth. As comparisons are conducted at the city-segment 
level and summarized across countries for heterogeneous datasets 
with differing spatial representations, their overlaps and divergences 
should be interpreted as contextual triangulation rather than direct 
validation of all neighborhood-scale patterns.

Implications for policymakers
The global and cross-product patterns above have direct implica-
tions for where action on morphological deprivation is needed and 
who is expected to act. A substantial share of residents living in mor-
phologically deprived segments are located in small and medium-
sized cities rather than only in the largest metropolitan areas (Figs. 4  
and 5), meaning that local governments with relatively narrow tax bases 
and limited technical staff are responsible for these regions. Evidence 
from secondary cities in sub-Saharan Africa shows that such centers 
often combine rapid growth with high levels of multiple deprivation 
but attract less policy and investment attention than primary cities30, 
while global assessments of basic service provision, such as the What a 
Waste 2.0 report, highlight how core urban functions such as solid waste 
management can already strain municipal budgets and administrative 
capacity in low- and middle-income settings32. In this context, acting 
on the morphological deprivation patterns revealed by CSMD is not 

only about identifying hotspots, but also recognizing that many of 
them are located in cities that face tight fiscal, staffing and data con-
straints and are only weakly represented in national and international 
urban agendas.

Within these constraints, the main value of the CSMD model 
and the City Segments v1 layer for policymakers lies in providing a 
first-pass picture of intra-urban inequality and a practical spatial scaf-
fold for further work. At the global and national scales, CSMD makes 
visible where morphologically deprived segments are concentrated 
within and across cities, including many small and medium-sized 
cities that currently lack any neighborhood-scale mapping, helping 
ministries, development partners and civil-society organizations 
to identify which places and city types carry the largest burdens. 
At the city scale, the standardized segment layer offers a common 
spatial frame into which local actors can plug existing information 
on services, infrastructure, risk, and community priorities. In regions 
where SSI, MN, WRI or similar products are available, CSMD can be 
read alongside them to build a richer picture of deprivation; in many 
other cities and countries, it will be the only large-scale, neighborhood-
level representation currently available. In this role, CSMD is best 
understood as a screening and prioritization tool, not a substitute 
for local assessments, slum enumeration or participatory planning, 
with areas of agreement between CSMD, other datasets and available 
local data indicating high-confidence concentrations of deprivation 
and discrepancies pointing to where closer investigation is needed. 
Used in this way, the CSMD model and City Segments v1 complement 
household-based indicators and official statistics by locating and 
characterizing morphologically deprived areas, thereby strengthen-
ing spatial targeting and monitoring under SDG 11.1.1, particularly 
in smaller cities that remain underrepresented in global reporting. 
As global urban data ecosystems mature, with improved building 
footprints, population grids, service-access layers and interoperable 
datasets, the framework is well positioned to improve in robustness, 
scalability and policy relevance over time.

Conclusion
This study provides a standardized, neighborhood-scale representation 
of morphological deprivation across diverse urban contexts in Africa, 
Asia and LAC. By applying a consistent city-segment framework and 
supervised modeling approach across more than 5,000 cities, we show 
that morphological deprivation is distributed across the full urban 
hierarchy, not only within the largest metropolitan areas. Small and 
medium-sized cities account for a substantial share of residents living 
in deprived segments, highlighting the scale of deprivation beyond 
megacities that often dominate global urban narratives. Comparisons 
with existing spatial products indicate that different datasets capture 
complementary dimensions of deprivation—service conditions, infra-
structural access and land-use morphology—supporting the value of 

Fig. 5 | Composition of populations residing in morphologically deprived city 
segments by city-size class across Africa, Asia and LAC. a–c, Each horizontal 
bar represents one country and shows the percentage of its deprived-segment 
population distributed across five city-size classes: small (<500,000), medium 
(500,000 to 1 million), large (1–5 million), very large (5–10 million) and megacity 
(>10 million) for Africa (a; n = 52 countries), Asia (b; n = 30 countries) and LAC 
(c; n = 21 countries). Bars are normalized to 100%; annotated values give the 
absolute population residing in deprived segments within each size class, in 
thousands (k) or millions (M), shown where segment width permits. City-size 
classes follow the color key below the panels. AFG, Afghanistan; AGO, Angola; 
ARG, Argentina; BDI, Burundi; BEN, Benin; BFA, Burkina Faso; BGD, Bangladesh; 
BLZ, Belize; BOL, Bolivia; BRA, Brazil; BWA, Botswana; CAF, Central African 
Republic; CIV, Côte d’Ivoire; CMR, Cameroon; COD, Democratic Republic of the 
Congo; COG, Republic of Congo; COL, Colombia; COM, Comoros; CRI, Costa 
Rica; CUB, Cuba; DJI, Djibouti; DOM, Dominican Republic; DZA, Algeria; ECU, 
Ecuador; EGY, Egypt; ERI, Eritrea; ESH, Western Sahara; ETH, Ethiopia; GAB, 

Gabon; GHA, Ghana; GIN, Guinea; GMB, Gambia; GNB, Guinea-Bissau; GNQ, 
Equatorial Guinea; GTM, Guatemala; HND, Honduras; HTI, Haiti; IDN, Indonesia; 
IND, India; IRN, Iran; IRQ, Iraq; JAM, Jamaica; JOR, Jordan; KAZ, Kazakhstan; KEN, 
Kenya; KGZ, Kyrgyzstan; KHM, Cambodia; LAO, Laos; LBN, Lebanon; LBR, Liberia; 
LBY, Libya; LKA, Sri Lanka; LSO, Lesotho; MAR, Morocco; MDG, Madagascar; 
MDV, Maldives; MEX, Mexico; MLI, Mali; MMR, Myanmar; MNG, Mongolia; MOZ, 
Mozambique; MRT, Mauritania; MUS, Mauritius; MWI, Malawi; MYS, Malaysia; 
NAM, Namibia; NER, Niger; NGA, Nigeria; NIC, Nicaragua; NPL, Nepal; PAK, 
Pakistan; PAN, Panama; PER, Peru; PHL, Philippines; PRK, North Korea; PRY, 
Paraguay; PSE, Palestina; RWA, Rwanda; SDN, Sudan; SEN, Senegal; SLE, Sierra 
Leone; SLV, El Salvador; SOM, Somalia; SSD, South Sudan; SUR, Suriname; SWZ, 
Swaziland; SYR, Syria; TCD, Chad; TGO, Togo; THA, Thailand; TJK, Tajikistan; 
TKM, Turkmenistan; TLS, Timor-Leste; TUN, Tunisia; TZA, Tanzania; UGA, 
Uganda; UZB, Uzbekistan; VEN, Venezuela; VNM, Vietnam; YEM, Yemen; ZAF, 
South Africa; ZMB, Zambia; ZWE, Zimbabwe.
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interpreting these layers together rather than as substitutes. Positioned 
alongside household-based indicators, CSMD offers a spatially explicit 
framework for comparative assessment and initial screening, enabling 
more consistent monitoring of neighborhood-scale deprivation.

Limitations
Our estimates inherit structural constraints from the City Segments v1 
dataset and its inputs. Although City Segments v1 spans 107 countries, 

several urban systems (for example, China, Chile and parts of Asia) are 
excluded, and our analysis focuses on 103 countries across Africa, Asia 
and LAC. The 5,132 cities analyzed are those for which segmentation 
could be generated from available road data; many small and poorly 
mapped urban centers were excluded upstream. Estimates therefore 
apply to this road-mapped subset rather than to all settlements in the 
underlying GHS-UCDB 2019 database (coverage and omission are quan-
tified by region and city-size class in Supplementary Section 3). It is not 
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possible to gauge representativeness of the small cities included in this 
analysis relative to the full set of cities with more than 50,000 residents.

Segmentation quality depends on the completeness of input 
data. OpenStreetMap roads and rivers define segment boundaries, 
yet coverage varies markedly across regions and city sizes. In sparsely 
mapped areas, segmentation may produce very large or heterogene-
ous polygons that blend deprived and non-deprived areas, affecting 
indicator values. Recent global analyses of OpenStreetMap show that, 

although some regions exceed 80% completeness, many cities remain 
below 20% coverage, especially outside Europe and North America, 
highlighting spatial bias risks in global applications33. However, this 
picture is rapidly evolving due to advances in computing power and 
semi-automated feature extraction with GeoAI28. Population counts 
from GHS-POP 2023 are also subject to known biases; multiple gridded 
products systematically undercount residents in informal settlements, 
implying that, with respect to population denominators and coverage 
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row, the three boxplots show the distribution of country-level precision, recall 
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distribution is annotated. In every boxplot, the center line is the median, box 
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external dataset rule, shown for direct comparison.

http://www.nature.com/natcities


Nature Cities

Article https://doi.org/10.1038/s44284-026-00498-w

omission, estimates for morphologically deprived segments probably 
represent lower bounds34,35. Classification error, by contrast, acts in 
both directions, and false positives inflate and false negatives deflate 
totals, with city-level magnitudes characterized by the leave-one-city-
out (LOCO) spread (Supplementary Section 1.3) rather than formally 
propagated. A small number of countries exhibit near-zero deprivation 
shares, which probably reflect segmentation artefacts or data gaps 
rather than a true absence of deprivation.

Model training relied on IDEABench v2 labels from eight large cit-
ies (approximately 3–25 million inhabitants) spanning three continents. 
While these cities exhibit substantial heterogeneity of deprived urban 
forms27,36,37, they do not capture the full diversity of global settlement 
forms. LOCO validation demonstrates transferability within the labeled 
sample, but small and intermediate cities may display configurations 
that are underrepresented in training data. Our approach assumes 
that morphological deprivation reflects structural spatial patterns, 
relating to building density, parcel configuration and connectivity, 
that recur across urban contexts5,6,18,19. Nonetheless, the model should 
be interpreted as a transferable screening tool rather than a definitive 
classifier for every local morphology. Performance metrics should be 
interpreted cautiously. IDEABench labels do not constitute a perfect 
ground truth, and deprived boundaries are inherently fuzzy and con-
text dependent. Segment-level aggregation can combine mixed urban 
forms within a single polygon, penalizing binary accuracy metrics even 
when the dominant structural pattern is correctly identified. Reported 
performance therefore represents a conservative estimate under noisy 
labels and spatial aggregation constraints.

Our label aggregation rule (>30% overlap) and binary simplifica-
tion abstract complex realities, particularly in mixed segments. The 
CSMD model is built solely from built-environment and access prox-
ies and does not directly observe income, tenure security or service 
provision. It captures the spatial imprint of morphological deprivation 
rather than its full socioeconomic dimensions.

Finally, all segment footprints and population counts are defined 
within GHS-UCDB 2019 urban extents. Rapid peri-urban expansion 
after this reference year is not included. While this temporal stand-
ardization ensures cross-city comparability, the results represent a 
structural snapshot rather than dynamic urban change. The framework 
is designed to be iterative; as global building, road and population 
datasets improve, the modeling architecture can incorporate updates 
without structural modification, allowing progressive refinement 
over time.

Methods
Overview
This study developed a globally consistent framework for mapping 
spatially modeled morphological deprivation using harmonized 
geospatial datasets and supervised learning. Two complementary 
data sources supported the analysis. The City Segments v1 dataset25 
provided standardized neighborhood-scale spatial units and associ-
ated built-environment indicators across thousands of cities, while 
IDEABench26 offered field-validated labels of morphologically deprived 
and nondeprived areas derived from multisensor Earth observation 
imagery. We used IDEABench labels from eight cities to train a ran-
dom forest (RF) classifier on the city segments indicators, including 
a categorical regional variable to capture broad contextual variation 
in urban form, and then applied the resulting model to 5,132 cities in 
103 countries across Africa, Asia and LAC. Feature selection was per-
formed using the Variable Selection Using Random Forests (VSURF) 
algorithm38. Predicted segment-level morphological deprivation was 
aggregated to city, national, region and city-size classes to summarize 
how populations residing in morphologically deprived segments 
are distributed across the urban hierarchy. Predicted morphological 
deprivation patterns were subsequently compared with three existing 
spatial datasets in overlapping geographies, the SSI22, MN project18 

and WRI Intra-Urban LULC dataset23, to contextualize spatial patterns 
of deprivation across different conceptualizations. Detailed model 
parameters, evaluation metrics and sensitivity analyses are presented 
in Supplementary Information.

City Segments dataset
The City Segments v1 dataset25 formed the spatial foundation of this 
study. City segments represent standardized neighborhood-scale poly-
gons delineating contiguous urban units bounded by navigable roads 
and major water bodies. Unlike regular grids or administrative units, 
segments are derived from the underlying street and hydrographic net-
work typology, producing spatially coherent blocks that approximate 
functional neighborhood units. Each segment contains a minimum 
population of 400 residents, ensuring demographic relevance while 
preserving intra-urban granularity.

Urban extents were first defined using the Global Human Settle-
ment Layer Urban Centre Database (GHS-UCDB 2019), after which 
OpenStreetMap roads (via Global Urban Street Networks, GUSN) and 
water features (via GeoFabrik) were used to partition these areas into 
contiguous polygons. An iterative adjustment procedure based on 
the GHS-POP 2023 population grid (estimates for 2025) ensured that 
each segment satisfied the minimum population threshold. Building 
footprints from the Overture Maps Foundation were incorporated to 
refine geometric representation and derive built-environment indi-
cators. This workflow produced standardized spatial units that are 
internally comparable across cities while remaining sensitive to local 
infrastructure morphology.

City Segments v1 spans 107 countries globally and is constructed 
entirely from open geospatial data sources. The present analysis 
focused on cities in Africa, Asia, and LAC, resulting in 103 countries 
and 5,132 cities. This regional restriction reflects both the global south 
emphasis of the study and the geographic coverage of the IDEABench 
training data. A complete list of countries included is provided in Sup-
plementary Table 11.

For each city segment, we used 21 built-environment indicators 
comprising 11 absolute variables and 10 ratio indices characterizing 
demographic structure, accessibility, parcelization and built mor-
phology. These indicators are grouped into four domains: population 
and area (for example, total population, segment area and density), 
roads and connectivity (for example, total road length and population-
to-road ratios), parcels and access (for example, parcel counts and 
proportion without road access) and buildings and morphology (for 
example, total built area, average building size and variability). The 
derived indices (i1 – i10) normalize these measures by population, area 
or parcel count to capture relative density and accessibility conditions. 
Together, these indicators served as predictor variables for modeling 
CSMD across diverse urban contexts. Full definitions and computation 
formulas are provided in Extended Data Table 1.

IDEABench benchmark dataset
IDEABench v226,27 provided the labeled reference data required to train 
and validate the supervised CSMD model. IDEABench was developed 
under the European Space Agency-funded IDEAtlas project using a 
user- and data-centric artificial intelligence approach that prioritized 
stakeholder engagement, iterative validation and ethical data govern-
ance. The dataset integrates multisensor Earth Observation imagery 
with locally coproduced reference annotations across eight cities in 
Africa, Asia and LAC: Nairobi, Lagos, Mexico City, Buenos Aires, Salva-
dor, Medellín, Jakarta and Mumbai27.

For each city, IDEABench consists of 128 × 128 pixel image patches 
(1.28 km × 1.28 km at 10 m resolution), derived from cloud-free Senti-
nel-2 imagery (10-m and 20-m bands), Sentinel-1 VV and VH backscatter 
aligned to 10 m resolution, and a precomputed built-up density layer 
derived from the Google Open Buildings dataset (v1). The reference 
label contains three classes: DUA, nondeprived urban area (NDUA) and 
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non-built-up area (NBA). The dataset comprises 47,476 labeled patches 
across the 8 cities and is publicly available to support benchmarking 
and methodological development26,27.

Reference labels were initially derived from locally available data-
sets provided by municipal authorities, community organizations and 
national statistical agencies. Through the IDEAtlas portal (https://
portal.ideatlas.eu), predictions were iteratively validated and refined in 
collaboration with local stakeholders, improving spatial completeness 
and correcting label inconsistencies. This iterative process enhanced 
semantic accuracy while preserving locally grounded definitions of 
deprivation aligned with SDG indicator 11.1.1 (ref. 27).

For this study, IDEABench reference labels were aggregated from 
the patch scale to the City Segments spatial framework. Patch-based 
classifications were converted to city-wide rasters and intersected with 
segment polygons. A segment was labeled as morphologically deprived 
(1) if more than 30% of its area overlapped with DUA-labeled pixels; 
otherwise, it was labeled as nondeprived (0). NBAs were grouped with 
nondeprived segments, as the modeling objective was to distinguish 
morphologically deprived from all other urban segments within the 
urban extent.

This integration produced a harmonized segment-level training 
dataset linking 21 built-environment indicators from City Segments to 
binary deprivation labels across 8 cities and 3 world regions, enabling 
supervised modeling of spatially modeled morphological deprivation 
at neighborhood scale.

Modeling framework
A supervised learning framework was used to predict morphological 
deprivation at the city-segment scale. Segment-level built-environment 
indicators from City Segments v1 were linked to binary deprivation 
labels derived from IDEABench and used to train an RF classifier. Train-
ing data comprised labeled segments from eight IDEABench cities span-
ning eight countries from Africa, Asia and LAC (refer to Supplementary 
Table 1). In total, 65,202 labeled segments were available for model 
development, of which 8,577 (13.2%) were classified as morphologically 
deprived. The trained classifier, referred to as the CSMD model, was 
subsequently applied to all segments across 5,132 cities.

All modeling was implemented in Python (v3.10.13) using scikit-
learn (v1.6.1) with a fixed random seed to ensure reproducibility. 
Records with missing predictor variables were excluded before model 
fitting; no normalization or scaling was applied because RFs are invari-
ant to monotonic transformations of input variables.

Feature selection was performed using the VSURF algorithm 
(R package VSURF v1.2.1; R v4.5.1)38. The full set of 21 built-environ-
ment indicators plus a categorical regional variable (Africa, Asia and 
LAC) was screened, and a parsimonious subset of 8 indicators was 
retained (highlighted in bold in Extended Data Table 1) including the 
categorical regional variable. This subset captures parcel morphol-
ogy, building form, accessibility and macro-regional context while 
limiting dimensionality.

Internal validation was conducted using a LOCO cross-validation 
design. In each fold, one city was held out entirely, the RF model was 
trained on the remaining seven cities, and performance was evaluated 
on the held-out city. This procedure was repeated for all eight cities 
to assess cross-city generalization. Hyperparameters were optimized 
within each fold using successive halving with stratified fivefold cross-
validation on the training portion, with model selection based on the 
area under the receiver operating characteristic curve. Across folds, 
performance was summarized using threshold-independent metrics 
and threshold-dependent metrics computed for the deprived class 
(refer to Supplementary Section 1 for full modeling details).

Probability outputs were converted to binary classifications using 
a decision threshold selected through sweep analysis. A threshold of 
0.4 was retained as it preserved high recall while maintaining moder-
ate precision, consistent with the screening objective of identifying 

morphologically deprived segments. Following internal validation, a 
final production model was trained on 100% of the labeled segments 
using the selected hyperparameters (1,350 trees; maximum depth 22; 
minimum samples per leaf 8; minimum samples per split 6; bootstrap 
enabled; balanced_subsample class weights) and applied to all city seg-
ments in the study area. As an internal diagnostic for this production 
model, out-of-bag (OOB) estimates were additionally computed on 
the full labeled training set; because OOB samples derive from cities 
already represented in training, these reflect within-benchmark fit and 
are optimistic relative to out-of-city transfer. LOCO cross-validation 
therefore remained the primary assessment of spatial generalization, 
with OOB metrics reported as a supplementary internal check (Sup-
plementary Section 1.4).

City-size analysis
To examine how spatially modeled morphological deprivation varied 
across the urban hierarchy, we aggregated segment-level CSMD predic-
tions from the final production model to the city scale and classified 
cities according to total population. City population was derived from 
the City Segments v1 dataset, which integrates GHS-POP 2023 popula-
tion (estimates for 2025) at the segment level. These segment-level 
populations were spatially aggregated within the GHS-UCDB 2019 
urban extents, which define the geographic boundaries of each city. 
City-level summaries were retained only where at least 80% of segments 
had valid RF prediction labels and segment-level population values.

Following the World Urbanization Prospects 2018 classification24, 
cities were grouped into five size categories: small (<500,000 inhabit-
ants), medium (500,000 to 1 million), large (1–5 million), very large 
(5–10 million) and megacity (≥10 million).

For each city, deprived segments population was computed as the 
sum of population residing in segments classified as morphologically 
deprived. The proportion of morphologically deprived segments popu-
lation was calculated as the ratio of deprived to total population per city.

Country-, regional- and global-level summaries were obtained by 
aggregating total and deprived segments populations across cities 
within each size class. All summaries are population-weighted and 
therefore reflect the distribution of residents rather than the number 
of cities. These aggregated statistics underpin the cross-scale com-
parisons shown in Figs. 2–4.

Comparative analyses
To contextualize the spatial patterns produced by the final CSMD 
production model, we compared its segment-level classifications with 
three existing datasets representing complementary operationaliza-
tions of urban deprivation: the SSI22, the MN project18 and the WRI 
Intra-Urban Land-Use/Land-Cover dataset23. These datasets differ in 
conceptual framing (service deficits, street-access complexity and 
land-use morphology), spatial resolution and geographic coverage. 
Accordingly, comparisons were interpreted as alignment across con-
cepts rather than formal validation, as each dataset operationalizes a 
distinct dimension of deprivation.

All external datasets were spatially harmonized to the City Seg-
ments geometry before comparison. Raster or block-level data were 
clipped to segment boundaries and aggregated to segment-level 
indicators, ensuring that all alignment metrics were computed on 
identical polygon units. Comparisons were restricted to overlapping 
geographies: sub-Saharan Africa for SSI and MN, and 48 countries for 
WRI where spatial overlap with City Segments was available.

For each dataset, a binary deprived/nondeprived label was derived 
at the segment level. These labels were intersected with CSMD classifi-
cations (treated as the reference), and country-level precision, recall 
and F1 score were computed. Segment and population coverage pro-
portions were additionally reported to contextualize scale differences 
between datasets. Metrics were calculated using consistent segment-
level denominators to avoid distortions due to differential coverage.
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SSI comparison
The SSI dataset operationalizes the four UN-Habitat slum indicators; 
water, sanitation, housing durability and living space adequacy (Space-
Def) at 100 m resolution across sub-Saharan Africa. Country-level ras-
ters (five bands) were clipped to City Segments polygons, and segments 
were retained only if they contained at least one valid SSI pixel. We 
focused on the SpaceDef component because it most directly captures 
overcrowding and inadequate living space, which are conceptually 
closest to built-form density patterns captured by morphological 
indicators. For each segment, we calculated the proportion of valid 
pixels with SpaceDef >0. A segment was classified as deprived when 
this proportion of valid pixels exceeded threshold τ ∈ {0.1, 0.2, 0.3}.

Threshold sensitivity was explicitly evaluated across these τ val-
ues. Alignment patterns (precision-recall trade-offs and coverage 
shares) were stable across configurations. Full threshold sweeps and 
alternative SSI components are reported in Supplementary Section 
2.3 and Supplementary Fig. 4.

MN comparison
The MN dataset reports a building-to-street depth index k at the block 
level across sub-Saharan Africa, where higher k values indicate reduced 
street accessibility and greater infrastructural isolation. MN blocks 
were harmonized to WGS84 and intersected with City Segments poly-
gons following geometry validation and repair. Blocks with k > 3 were 
treated as access deficit in the primary specification. Alternative k 
thresholds were evaluated in sensitivity analyses (Supplementary Sec-
tion 2.4). For each segment, we calculated the proportion of intersect-
ing blocks exceeding the selected k threshold. Aggregation employed a 
centroid-majority rule, with area-weighted fallback procedures in cases 
of ambiguous overlaps (Supplementary Section 2.4.2). Segments were 
classified as deprived when the proportion of access-deficit blocks 
exceeded τ = 0.1 in the main specification. Sensitivity analyses explored 
alternative τ values; alignment patterns remained qualitatively consist-
ent (Supplementary Section 2.4 and Supplementary Fig. 5).

WRI comparison
The WRI Intra-Urban LULC dataset provides 5-m land-use classifica-
tions across more than 100 countries. In the 48 countries overlapping 
with City Segments, rasters were mosaicked and clipped to segment 
boundaries. Mutual-coverage masking was applied so that only seg-
ments containing at least one valid WRI pixel and a valid CSMD label 
were retained. Following Friesen et al.31, we treated ‘informal sub-
division’ and ‘atomistic’ classes as proxies for informal built areas. 
For each city segment, we computed the proportion of valid pixels 
belonging to these classes. A segment was classified as deprived when 
this proportion exceeded τ = 0.1 with τ ∈ {0.1, 0.2, 0.3} evaluated to 
assess sensitivity. Alternative τ values yielded similar relative align-
ment patterns (Supplementary Section 2.6 and Supplementary Fig. 
6), supporting the robustness of reported country-level precision 
and recall metrics.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The CSMD dataset generated in this study, including segment-level 
predictions and the aggregated country-, region- and city-size-level 
statistics, is publicly available via Zenodo at https://doi.org/10.5281/
zenodo.17637264 (ref. 39). An interactive web viewer for exploring the 
CSMD dataset on a map, with accompanying statistics, is available at 
https://saiga143.github.io/csmd-viewer/. The City Segments v1 dataset 
is available from the Harvard Dataverse at https://dataverse.harvard.
edu/dataset.xhtml?persistentId=doi:10.7910/DVN/XLRSF0 (ref. 25). 
The IDEABench reference dataset is available from the DANS Data 

Station Physical and Technical Sciences at https://doi.org/10.17026/
PT/X4NJII (ref. 26). External datasets used for comparative analysis are 
available from their original sources: the SSI via Zenodo at https://doi.
org/10.5281/zenodo.14998570 (ref. 40); the MN dataset from https://
www.millionneighborhoods.africa/download; and the WRI Intra-Urban 
Land Use dataset via Google Earth Engine at https://code.earthengine.
google.com/?asset=projects/wri-datalab/urban_land_use/V1. Popula-
tion and urban-extent inputs derive from the publicly available GHS-
UCDB 2019 and GHS-POP 2023 layers.

Code availability
All code used for data preprocessing, model training, prediction and 
figure generation is publicly available via GitHub at https://github.
com/saiga143/citysegmentdeprivation and via Zenodo at https://doi.
org/10.5281/zenodo.17637264 (ref. 39).
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Extended Data Table 1 | Built-environment indicators derived from City Segments v1 used as candidate predictors in the 
CSMD model

Domain Variable Name Code Definition Formula Unit

Population / Area

Population POP_SEG Estimated population in the 
segment

– Persons

Segment area AREAHA_SEG Land area of the segment – Hectares

Population density i1_pop_area Average population per 
hectare

POP_SEG / 
AREAHA_SEG

Persons / ha

Pop-parcel ratio i2_pop_par Population per parcel POP_SEG / PAR_N_SEG Persons/parcel

Pop-untouched parcel ratio i3_pop_paru Population per parcel 
without road access

POP_SEG / PARU_N_SEG Persons/parcel

Roads / 
Connectivity

Road length ROAD_SEG Total road length within the 
segment

– Meters

Pop-road ratio i4_pop_roads Population per unit of road 
length

POP_SEG / ROAD_SEG Persons/meter

Road density i7_roads_area Road length per hectare ROAD_SEG / 
AREAHA_SEG

m / ha

Roads per parcel i9_roads_par Road length per parcel ROAD_SEG / 
PAR_N_SEG

m / parcel

Roads per untouched parcel i10_roads_paru Road length per untouched 
parcel

ROAD_SEG / 
PARU_N_SEG

m / parcel

Parcels / Access

Number of parcels PAR_N_SEG Total number of parcels in 
the segment

– Count

Untouched parcels PARU_N_SEG Parcels without road access – Count

Share of untouched parcels PARU_P_SEG Proportion of parcels without 
road access

PARU_N_SEG / 
PAR_N_SEG

%

Median untouched parcel area PARU_A_SEG Median area of parcels 
without road access

– m2

Parcel area CV PAR_CV_SEG Coefficient of variation of 
parcel areas

– Dimensionless

Avg. parcel area i5_par_area Average parcel size AREAHA_SEG / PAR_N_
SEG * 10,000

m2

Avg. untouched parcel area i6_paru_area Average area of untouched 
parcels

AREAHA_SEG / 
PARU_N_SEG * 10,000

m2

Untouched parcel share i8_paru_par Ratio of untouched parcels 
to total parcels

PARU_N_SEG / 
PAR_N_SEG

%

Buildings / 
Morphology

Building area B_AREA_SEG Total footprint area of 
buildings

– m2

Avg. building size B_AVG_SEG Mean building footprint area – m2

CV of building size B_CV_SEG Coefficient of variation of 
building sizes

– Dimensionless

The 21 indicators span four domains – Population/Area, Roads/Connectivity, Parcels/Access, and Buildings/Morphology comprising 11 absolute variables and 10 derived ratio indices (i1-i10) that 
normalize measures by population, area, or parcel count. For each indicator the table gives the variable name, code, definition, computation formula, and unit. The eight indicators (seven + 
one regional encoding variable) retained by VSURF feature selection for the final model are shown in bold. ‘Untouched’ parcels denote parcels without road access.
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Extended Data Fig. 1 | Spatial distribution of morphologically deprived and 
non-deprived city segments in six small cities. (a-f) City segments classified 
as morphologically deprived (red outlines) or non-deprived (black outlines) 
by the CSMD model, overlaid on satellite imagery for six small cities across 
the three study regions: Kisumu, Kenya (a) and Juba, South Sudan (b) in Africa; 
Myaungmya, Myanmar (c) and Sambhal, India (f) in Asia; Ocumare del Tuy, 

Venezuela (d) and Ouanaminthe, Haiti (e) in Latin America and the Caribbean. 
The examples illustrate the diversity of spatial arrangements, with deprived 
segments ranging from localized pockets (e.g. c, f) to larger contiguous areas 
(e.g. b, e). Scale bars differ across panels with each scale bar shown within its 
panel. Basemap imagery Esri (sources: Esri, i-cubed, USDA, USGS, AEX, GeoEye, 
Getmapping, Aerogrid, IGN, IGP, UPR-EGP, WFP and the GIS User Community).
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