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Infrastructure form shapes equitable access to essential services under
flooding in Philippine cities
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Urban flooding is becoming an increasingly pressing issue due
to climate change. Flood risk in cities is usually assessed by
overlaying inundation maps with exposed population and assets.
That view misses an important mechanism of harm: residents
can lose access to essential services when flooded road segments
sever routes, even if neither the resident nor the facility is directly
flooded. Evaluating ten cities in the Philippines, one of the most
flood-affected countries in the world, we develop a reproducible
network-accessibility framework that combines OpenStreetMap
road networks and service locations, LandScan population grids,
Project NOAH flood hazard layers, and 2020 Philippine census
demographics. We validate flood hazard using independent multi-
source observations, including AI4G Sentinel-1 detections, PhilSA
satellite flood extents, and Groundsource event data. We find
further evidence of mobility disruptions by validating Reddit threads
of infrastructure outages during flood events. Baseline results show
substantial variation in road-network hierarchy, facility coverage,
and pre-flood access to hospitals, schools, markets, and pharmacies.
Betweenness centrality is highly concentrated in every city, with
Gini coefficients between 0.82 and 0.93, indicating that a small
set of links can structure a large share of shortest-path flow. The
flood-disruption model removes road edges intersecting medium-
or high-depth Project NOAH polygons and recomputes enhanced
two-step floating catchment area accessibility to identify direct and
indirect access losses. Independent satellite observations provide
strong support for NOAH hazard patterns, while Groundsource
offers auxiliary evidence but lower spatial precision, especially in
dense urban areas such as Manila. We then aggregate modeled
disruption to barangays and compare demographic profiles across
city-specific disruption quintiles to describe which populations are
most exposed to indirect service-access losses.

flood resilience | road networks | accessibility | infrastructure equity | Philippines

F looding is a central infrastructure and equity challenge for Philippine cities.
The Philippines ranked first in the 2025 WorldRiskIndex, and the report’s

local flood-exposure analysis identifies several Philippine provinces as among
the highest-risk subnational areas (1). PAGASA reports that the Philippine
Area of Responsibility receives roughly 20 tropical cyclones per year, with
about eight or nine crossing the country (2). Recent evidence also suggests
that the frequency of super typhoons in the Philippine Area of Responsibility
increased sharply after the late 1990s (3). These hazards operate through
infrastructure systems: roads that fail during floods can fragment cities, delay
emergency response, and isolate households from routine services.

Existing work provides pieces of this problem. Global and national flood-
network studies show that local inundation can produce nonlocal road-network
failure (4, 5). City-scale studies have overlaid flood footprints on road graphs
to measure topological degradation (6), while accessibility studies use two-step
floating catchment area methods to estimate spatial service availability under
ordinary conditions (7, 8). However, many accessibility applications treat
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planners working under scarce
adaptation budgets.
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networks as static, while many flood-network studies
focus on connectivity rather than supply, demand, and
competition for services.

We bridge these streams by coupling real flood-hazard
footprints with network-routed enhanced two-step floating
catchment area (E2SFCA) accessibility. The empirical
setting is ten Philippine cities selected from provinces
highlighted by the WorldRiskReport local flood-exposure
analysis. For each city, we combine OpenStreetMap roads
and facilities (9, 10), LandScan 2023 population grids
(11), and Project NOAH flood hazard layers (12, 13).
We validate flood hazard using multiple independent
observational datasets, including satellite-derived flood
detections and event-based reporting sources.

This analysis asks: How does pre-flood road
network topology in the Philippines shape access
to essential services during flood scenarios, and
how are these disruptions distributed across popu-
lations? We answer this question by first characterizing
baseline road-network structure and facility geography
across ten Philippine cities, then estimating pre-flood
access to hospitals, schools, markets, and pharmacies, and
finally simulating flood-related road disruptions to identify
direct and indirect losses in service access. To answer the
population-distribution component of the question, we
link modeled accessibility disruption to barangay-level
census summaries, allowing the analysis to move from
road and facility failures to the demographic profiles of
communities exposed to those failures (14).

Related work. The methods used in this project are well
established, but they have largely developed in separate
strands. Street-network analysis tools such as OSMnx
have made it possible to construct, route over, and
compare urban road networks in a reproducible way
using open data (15). Recent work on travel-time
prediction from sparse open data further shows that
credible edge-level speed estimates can be derived from
OpenStreetMap and limited free training data, reducing
reliance on proprietary traffic feeds (16). In parallel,
spatial-accessibility methods such as the enhanced two-
step floating catchment area method introduced distance-
decay weights to reflect declining willingness or ability to
travel with time or distance (17), while comparisons of
2SFCA variants show how catchment thresholds and decay
functions shape measured accessibility (18). These tools
provide the foundation for estimating access to hospitals,
schools, markets, and pharmacies, but most accessibility
applications treat road networks as static rather than
vulnerable to disruption.

Flood-network research addresses the disruption side
of the problem. Wang et al. show that local flooding
can induce large-scale abrupt failures in road networks,
with flood-induced failures behaving differently from
random or targeted attacks (19). Fan et al. model flood
propagation and recession across urban road networks
as a contagion process, showing how road segments
transition through susceptible, exposed, flooded, and
recovered states over time (20). Boeing and Ha extend
the disruption perspective globally by simulating street-
network failures across urban areas, though their approach
relies on synthetic removal scenarios rather than local
flood footprints (21). At the city scale, Casali and
Heinimann overlay flood maps onto the Zurich road

Fig. 1. Study cities in the Philippines, labeled by LandScan-estimated population
inside each analysis radius. Cities were selected from provinces highlighted as high-
exposure areas in the WorldRiskReport local flood-exposure analysis.

network to measure topological degradation (22), while
Loreti et al. show that standard percolation metrics can
miss realistic accessibility losses during spatially correlated
floods (23). Gangwal and Dong move further toward
service access by identifying early-warning thresholds
at which accessibility to hospitals, emergency medical
services, and shelters begins to decline rapidly during
flood events (24).

A related literature highlights why disruption should
be measured not only as network damage, but as unequal
loss of access. Esmalian et al. use location-based mobility
data during Hurricane Harvey to show that areas not
classified as food deserts under normal conditions can
become functionally inaccessible during disasters (25).
Best et al. similarly show that isolation risk from sea-
level rise can emerge before direct inundation, with
disproportionate exposure among Black, Hispanic, renter,
and older-adult populations in the United States (26).
Kephart et al. document large socioeconomic disparities in
neighborhood flood exposure across Latin American cities,
reinforcing that flood risk is socially patterned rather
than merely hydrological (27). Together, these studies
suggest that flood vulnerability depends on the interaction
among hazard exposure, road-network structure, facility
geography, and the spatial distribution of population.
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Table 1. Study-city scale and road-network structure.

City Population Nodes Edges Avg. deg. Max BC BC Gini Hosp.

Manila 16,805,098 81,760 204,883 5.01 0.234 0.931 286
San Fernando 985,309 18,647 45,375 4.87 0.241 0.890 40
Dagupan 739,388 6,605 15,307 4.63 0.260 0.858 20
Cagayan de Oro 729,578 11,301 27,689 4.90 0.175 0.869 13
Cotabato 523,027 3,012 7,405 4.92 0.459 0.833 10
Naga 470,868 5,852 15,238 5.21 0.258 0.845 9
Butuan 347,820 5,823 14,564 5.00 0.297 0.841 12
Tuguegarao 269,517 3,944 9,693 4.92 0.371 0.845 11
Daet 152,260 2,472 6,595 5.34 0.378 0.820 7
Ilagan 133,307 2,762 6,976 5.05 0.485 0.837 2

Population is LandScan 2023 population within each study radius. Nodes and edges come from drivable OpenStreetMap graphs retrieved with OSMnx. BC denotes betweenness

centrality. Hospital counts are OpenStreetMap points of interest before registry-based quality assurance.

This project bridges these literatures by coupling real
flood-hazard footprints with network-routed E2SFCA
accessibility. Unlike studies that focus only on topological
degradation, the analysis estimates how flood-disrupted
roads change modeled access to essential services after
accounting for population demand, facility supply, and
distance decay. Unlike mobility-data approaches, the
framework relies on reproducible open or public data
sources, making it transferable to settings where propri-
etary mobility traces are unavailable. This is especially
important in the Philippine context, where Project NOAH
provides locally relevant flood-hazard layers and where
flood-disrupted mobility has direct empirical support:
Mamuyac et al. show from Metro Manila CCTV footage
that flood depths above roughly 25 cm cause lane closures
and reduce vehicle flow by 40–70% per lane-kilometer as
closures increase (28). The resulting framework treats
flood vulnerability not simply as inundation exposure, but
as the modeled loss of access that occurs when road failures
sever routes between residents and essential services.

Study areas and network structure. The study sample spans a
large urban hierarchy, from Metro Manila’s 16.8 million
LandScan-estimated residents to Ilagan’s 133,000. The
corresponding road networks contain 142,178 nodes and
353,725 directed edges across all cities, with Manila
accounting for more than half of both nodes and edges
(Table 1; Fig. 1). Average node degree is relatively stable,
ranging from 4.63 in Dagupan to 5.34 in Daet, which
suggests that local intersection connectivity alone is not
a strong differentiator across the sample.

The more important structural variation is hierarchy.
Betweenness centrality is concentrated in every city: the
betweenness Gini ranges from 0.820 in Daet to 0.931
in Manila. This implies that a small fraction of road
nodes mediate a large share of shortest paths. The
mechanism differs by urban type. Manila combines dense
infrastructure with extreme flow concentration, suggesting
potential vulnerability to corridor disruption. Smaller and
rural cities show lower hierarchy but greater dependence
on dispersed facilities and fewer redundant alternatives.
Cross-source flood validation (presented below) indicates
that agreement between NOAH and observational data
varies systematically with urbanization, with weaker
observational support in dense built environments.

Flood exposure. Project NOAH 5-year flood hazard poly-
gons show distinct hazard regimes across the ten study

cities (Fig. 3). Riverine cities such as Tuguegarao
and Dagupan exhibit corridor-like hazard patterns that
follow well-defined floodplains, consistent with prior flood
mapping work (29). In contrast, highly urbanized areas
such as Manila show more spatially dispersed hazard
overlapping dense road networks.

Independent validation supports this distinction. Fig-
ure 2 presents four representative cities selected to illus-
trate variation in hazard pattern and validation strength.
Satellite observations reproduce the same broad flood
corridors in riverine cities such as Naga and Ilagan. In
contrast, agreement is weaker in more urbanized settings,
particularly in Manila and parts of San Fernando. These
areas correspond to dense built environments in the GHSL
layer, indicating that reduced agreement is associated with
urban structure rather than a clear model failure.

This pattern is consistent with the full study sample
(Fig. 9). City-level validation metrics show that agreement
is stronger in cities where flood-prone areas occupy a larger
share of the urban footprint, and weaker where hazard is
concentrated in built-up terrain.

We use the 5-year return-period scenario because it
represents a frequent, planning-relevant hazard rather
than a rare catastrophic event. In the post-flood network
experiment, road segments intersecting medium- or high-
depth polygons are removed from the graph. Segments
intersecting low-depth polygons are retained as passable.

The choice of a medium-depth cutoff is conserva-
tive with respect to field evidence from Metro Manila.
Mamuyac et al. find that flood depths above 25 cm
consistently caused lane closures and reduced vehicle
flow by 40–70% per lane-kilometer as closures increased
(28). Project NOAH categories are categorical rather than
continuous, so the analysis treats the medium class (0.5–
1.5 m) as the first reliably impassable category and retains
the low class (0–0.5 m) for sensitivity testing.

Facility coverage and baseline access. OpenStreetMap facility
coverage is uneven across service types. Schools are
present in meaningful numbers in all cities, while hospitals
and pharmacies are sparse in several cases. Ilagan has
only two mapped hospitals and one mapped pharmacy,
and Cotabato has ten hospitals and fourteen pharmacies.
These counts reflect a mix of real service scarcity and
incomplete tagging.

Baseline E2SFCA scores reveal a stable type hierarchy
across all ten cities (Fig. 5). Schools score highest (∼10−4
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Fig. 2. Cross-source spatial support for Project NOAH hazard across four representative cities selected to illustrate variation in hazard pattern and validation strength. Columns
show NOAH 5-year hazard classes, AI4G event fraction, PhilSA event fraction, the within-event union of the two satellite sources, and GHSL urban context.

Fig. 3. Project NOAH 5-year flood hazard exposure by city. Light, medium, and dark blue represent low (0–0.5 m), medium (0.5–1.5 m), and high (>1.5 m) hazard classes. The
edge-removal scenario treats medium and high polygons as disruptive to road travel.

to 10−3), reflecting their abundance, while hospitals sit
lowest (∼10−5), consistent with fewer facilities spaced
farther apart. Within-city inequality varies: Manila’s
hospital distribution is tight and unimodal, while Tugue-
garao’s spreads wide, with 1.5% of its population already
scoring zero before any flooding. Markets show the widest
gaps within cities, with some distributions splitting into
well-served and underserved halves.

Crossing population density with market access reveals
where the most people compete for the fewest facilities
(Fig. 6). Red cells mark high population and low

access. Peripheral Manila and core Cotabato are already
underserved before any flood. These populations are more
exposed to further access loss under disruption.

The spatial distribution of hospital access shows equity
stakes (Supplementary Fig. S1). Dense cities such as
Manila, Dagupan, and San Fernando maintain relatively
high hospital accessibility across much of the urban
extent, while several mid-size and smaller cities show
core-periphery gradients. Tuguegarao and Ilagan have
peripheral cells with very low or zero baseline hospital
accessibility before any flood disruption is imposed.
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Fig. 4. Pre-flood structural vulnerability profiles by city group. Axes summarize betweenness-centrality concentration (BC Gini), average degree, facility provision, and facility
dispersion. Manila’s profile is dominated by high hierarchy, while smaller and rural cities tend to express vulnerability through facility dispersion and sparse service alternatives.

Fig. 5. Baseline accessibility distributions across ten cities and four facility types. Each ridge shows the density of E2SFCA scores across LandScan demand cells. Smaller cities
have tighter spreads; markets show the widest within-city gaps. Schools are the most evenly distributed service type.

Flood disruption of service access. Removing road edges
that intersect medium- or high-depth NOAH polygons
produces sharply different outcomes depending on city
structure (Table 2). The share of edges removed ranges
from 1.4% in Cotabato, where flood polygons barely
overlap the road network, to 74.0% in Butuan, where
the Agusan River floodplain inundates most of the urban
road system. Yet the relationship between edge loss and
access loss is nonlinear. Naga loses 8.2% of edges but
18.9% of its population is affected, while Dagupan loses
a comparable 7.8% of edges yet only 15.9% is affected.
The difference reflects network topology: Dagupan’s grid
structure provides rerouting alternatives that Naga’s more
radial layout does not.

Three cities illustrate how road network structure
differentiates flood impacts (Fig. 7). Dagupan loses 7%
of road edges and 16% of the population is affected
(market access), but its grid reroutes traffic around flooded
segments, and 54% of affected residents are outside the
flood zone. Tuguegarao loses 9% of edges and 26% of
the population is affected; the Cagayan River bisects
the network, and flooded bridges sever the east bank,
producing an indirect share of 72%. Butuan loses 74%
of edges, affecting 85% of the population in a near-total
network collapse where most losses are direct (indirect
share 13%). Flood maps miss the indirect population
entirely.
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Fig. 6. Bivariate map of population density and market accessibility. Red cells have high population and low access; blue cells have low population and high access; purple cells
have both. Triangles mark market locations. These pre-flood disparities identify which populations are exposed to further access loss.

Table 2. Flood disruption summary by city (market access).

City Edges rm. (%) Affected (%) Indirect (%)

Butuan 74.0 84.7 13.1
Ilagan 40.1 97.3 42.3
Manila 10.9 19.4 51.4
Daet 10.2 21.9 77.2
San Fernando 10.1 27.1 61.5
Cagayan de Oro 9.5 25.2 70.7
Tuguegarao 9.5 25.6 71.9
Naga 8.2 18.9 46.9
Dagupan 7.8 15.9 53.6
Cotabato 1.4 1.9 64.9

Across all ten cities, the indirect share of market-access
losses ranges from 13% (Butuan) to 77% (Daet) (Table 2).
In seven of ten cities, more than half of affected residents
are on dry land but lose access because flooded roads
elsewhere sever their routes.

Disruption severity varies by service type but the
network-mediation effect does not (Supplementary Table
S2). Schools are the most resilient: 20% of population
loses more than half of school access on average, compared
to 32% for hospitals and 33% for pharmacies. This
is consistent with the baseline finding that schools are
more numerous and spatially dispersed, providing more
rerouting alternatives. However, the indirect share
is stable across types (55–59%), indicating that the
proportion of access loss occurring outside flood zones
is a structural property of the road network rather than
a feature of any particular service geography.

Demographic profiles of accessibility disruption. We next exam-
ine whether modeled flood-related accessibility disruption
is distributed evenly across populations. To do so, we
aggregate LandScan-cell disruption measures to barangays
using allocated LandScan population weights, then com-
pare barangay demographic composition across city-
specific quintiles of the total disruption proxy. Defining
quintiles within city prevents the comparison from being
driven only by differences between Manila and smaller
cities.

The results show that disruption is not only an
infrastructural outcome. Barangays in higher-disruption
quintiles differ from lower-disruption barangays across sev-
eral demographic dimensions, including sex composition,
age structure, education, literacy, and functional difficulty
(Fig. 8). These patterns suggest that flood-related road
disruption can have different human implications depend-
ing on where socially or service-dependent populations
are located.

These results are descriptive rather than causal. The
analysis does not show that demographic composition
causes disruption, nor that flooding changes demographic
outcomes. Instead, it identifies which populations are lo-
cated in barangays where modeled disruption to essential-
service access is highest.

Cross-source flood validation. We compare Project NOAH
5-year hazard maps with independent observational flood
products to assess whether NOAH is a defensible hazard
layer for the downstream accessibility analysis. Project
NOAH was developed as an operational hazards program
for disaster prevention and mitigation in the Philippines
(12), and the 5-year hazard layer used here comes from
the Project NOAH archive (13).

The NOAH layer is a static hazard product. The obser-
vational layers are event-based detections from different
sensors and time periods. We therefore do not expect
exact spatial agreement. Instead, we evaluate whether
observed flooding occurs in areas identified by NOAH,
whether broad spatial patterns align across sources, and
where support is stronger or weaker.

Across the four-city comparison (Fig. 2), NOAH
receives strong independent support in riverine settings
such as Naga and Ilagan, where satellite observations
reproduce the same flood-prone corridors. In contrast,
agreement is weaker in more urbanized areas, particularly
in Manila and parts of San Fernando. These locations
correspond to dense built environments in the GHSL
layer, indicating that reduced agreement is associated
with urban structure rather than a clear model failure.

At the city level, support metrics show the same
pattern (Fig. 9). Across the ten cities, the share of
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Fig. 7. Flood disruption in three case cities. Top row: road networks with surviving (gray) and removed (red) edges under the Var ≥ 2 threshold, over NOAH flood polygons (blue).
Bottom row: market-access impact classified as direct (yellow: in flood zone and lost access), indirect (purple: outside flood zone but lost access through network-mediated route
severance), or unaffected (gray). Dagupan’s grid reroutes around damage; Tuguegarao’s river crossing is a single point of failure; Butuan’s floodplain removes most of the network.

Fig. 8. Demographic composition across city-specific quintiles of flood-related
accessibility disruption. Points show barangay means by disruption quintile; shaded
bands show ± one standard error across barangays. Quintiles are computed within
city so that the comparison captures relative disruption exposure inside each urban
area rather than only differences across cities.

NOAH cells is positively associated with PhilSA recall
in NOAH, AI4G recall in NOAH, and any-satellite recall
in NOAH, with Spearman correlations of 0.38, 0.43, and
0.50, respectively. The strongest positive association is
with event recall in NOAH (ρ = 0.87). By contrast,
the urban share of NOAH cells is consistently negatively
associated with these support measures (ρ = −0.56, −0.49,
−0.56, and −0.58), indicating systematically weaker
agreement in dense built environments, consistent with
known limitations of satellite flood detection in urban
areas (30, 31).

Groundsource is evaluated as an auxiliary observational
reference but is not used as a primary validator. It shows
high recall but low precision (see SI Table S3), indicating

Fig. 9. City-level Spearman correlations linking NOAH support outcomes to
urbanization and hazard pattern across the ten-city sample. Positive values indicate
that higher values of a variable are associated with stronger observational support,
while negative values indicate weaker support.

that it broadly overlaps hazard zones without precisely
localizing flood extent. This makes it useful for confirming
that flooding occurred near hazard areas, but not for
detailed spatial validation.

Discussion

The baseline results suggest that flood vulnerability is not
reducible to flood exposure alone. Network form, service
distribution, and population geography jointly shape who
can reach essential services before and after flooding.
Manila’s risk is partly a problem of hierarchy: the road
network is dense, but shortest-path flow is strongly con-
centrated. Smaller cities express a different vulnerability:
lower facility counts, wider facility dispersion, and more
peripheral demand cells near the edge of the 30-minute
catchment.

PNAS May 8, 2026 LaTex v2025 Vol. XXX No. XX eXXXXXXXXXX 7 of 10



891

892

893

894

895

896

897

898

899

900

901

902

903

904

905

906

907

908

909

910

911

912

913

914

915

916

917

918

919

920

921

922

923

924

925

926

927

928

929

930

931

932

933

934

935

936

937

938

939

940

941

942

943

944

945

946

947

948

949

950

951

952

953

954

955

956

957

958

959

960

961

962

963

964

965

966

967

968

969

970

971

972

973

974

975

976

977

978

979

980

981

982

983

984

985

986

987

988

989

990

991

992

993

994

995

996

997

998

999

1000

1001

1002

1003

1004

1005

1006

1007

1008

1009

1010

1011

1012

1013

1014

1015

1016

1017

1018

Table 3. Core modeling parameters.

Parameter Value

Travel-time threshold 30 min
Decay weights 1.00 / 0.68 / 0.22
Sub-zone boundaries 10 / 20 / 30 min
Facility capacity 1 per facility
Flood removal threshold NOAH Var ≥ 2
Dispersion reference speed 30 km/h
BC sample size min(300, |V |)
Network representation Undirected
Demand unit LandScan cell

The NOAH Var ≥ 2 threshold corresponds to the medium and high categorical

hazard classes. Low-depth polygons are retained as passable. Sensitivity tests at 15-

and 20-minute thresholds confirm rank-order stability (Supplementary Table 1).

This distinction matters for policy. If flood planning
only maps inundated places, it can miss households outside
flood polygons that become isolated because connecting
roads fail. A network-accessibility view instead identifies
road segments whose protection would preserve service
access for many residents, including residents who are not
directly inundated. These segments are strong candidates
for drainage improvements, elevation, emergency-routing
protection, or targeted maintenance before recurring
seasonal floods.

Sensitivity tests on two cities (Daet and Cotabato)
confirm that cell-level accessibility rankings are stable
across travel-time thresholds (Table S??). At 20 minutes,
Spearman rank correlations against the 30-minute baseline
exceed 0.87 for all service types. At 15 minutes, hospitals
remain highly stable (ρ > 0.95) because they are sparse
and catchment membership changes little, while schools
are more sensitive (ρ = 0.48–0.78) because shorter
thresholds exclude peripheral facilities. These results
support the 30-minute default and are consistent with
prior findings on rank-order stability across E2SFCA
configurations (8).

A remaining limitation is that the demographic analysis
should be interpreted as an exposure profile rather than
a realized behavioral response. The model identifies
barangays where residents are more exposed to service-
access disruption under the road-removal scenario, but
it does not observe actual post-flood trips, route choices,
or substitutions across facilities. Future work should
combine these modeled exposure profiles with observed
mobility, facility-capacity data, and local emergency-
routing information to distinguish potential accessibility
loss from realized disruption.

Finally, while the model evaluates barangay-level
vulnerability, further work must be done to be able to
recommend specific infrastructure mitigations.

Materials and Methods

Study sample and data sources. The analysis uses ten Philippine cities
selected from provinces highlighted in the WorldRiskReport 2025 local
flood-exposure analysis. City radii range from 8 to 20 km and are centered
on each city. Road networks and points of interest are extracted from
OpenStreetMap using OSMnx (9, 10). Population demand comes from
LandScan Global 2023, an ambient population raster at approximately 1-km
resolution (11). Flood hazard comes from Project NOAH 5-year return-
period flood polygons (12, 13). Flood validation uses multiple independent
observational datasets. These include AI4G Sentinel-1 flood detections (29,
32), PhilSA satellite-derived flood extents (33), and Google Groundsource

event data (34). These sources are used only for validation and are not
applied in the road-removal model. Validation metrics are computed on a
common grid by comparing NOAH hazard classifications with independent
observational flood detections. Support is defined as the share of NOAH
hazard cells with at least one observational hit from a given source, with
an additional any-satellite metric defined as the union of AI4G and PhilSA
detections. Urban context is derived from the GHSL GHS-SMOD R2023A
settlement dataset (35), which classifies land into rural, peri-urban, and
urban categories using the Degree of Urbanisation framework (36). PSA
2020 Census Data is finally used to look at potental demographic trends
(14).

Road networks and facilities. Drivable OSM networks are downloaded
by city center and radius. OSMnx imputes free-flow speed from maxspeed
tags and highway-type defaults, then computes travel time for each
edge as τe = ℓe/ve. Directed graphs are converted to undirected
graphs for E2SFCA routing because catchment membership assumes
symmetric travel time. Essential-service facilities are extracted for four
categories: hospitals (amenity=hospital), schools (amenity=school),
markets (shop=supermarket or amenity=marketplace), and pharma-
cies (amenity=pharmacy). Polygon features are represented by centroids.
Each facility is snapped to the nearest graph node with a KD-tree.

Population demand. LandScan cells are clipped to each city radius,
and zero-population cells are dropped. Each remaining cell centroid is
snapped to its nearest graph node with the same KD-tree procedure used
for facilities. Population is retained at the cell level rather than aggregated
to proxy nodes. Multiple cells may share a proxy node, but each cell retains
its own population weight.

Enhanced two-step floating catchment area. For each facility j, the
weighted population competing for it within the travel-time threshold d0 is

Dj =
∑

i:τij ≤d0

W (τij)Pi,

where Pi is the population of demand cell i, τij is network travel time from
cell i to facility j, and W (·) is a step-wise distance-decay function. With
equal facility capacity Sj = 1, the supply-to-demand ratio is Rj = 1/Dj .
Cell-level accessibility is then

Ai =
∑

j:τij ≤d0

W (τij)Rj .

The catchment threshold is 30 min, divided into 0–10, 10–20, and 20–30
min sub-zones with weights 1.00, 0.68, and 0.22 following the slow-decay
E2SFCA scheme (7). Under equal capacity, the population-weighted mean
accessibility for a city-service pair equals the service’s per-capita provision,
which is used as a computational check.

Network structural metrics. Average degree is computed as k̄ =
2|E|/|V | on the undirected graph. Betweenness centrality is approximated
with k = min(300, |V |) sampled source nodes and seed 42. The
betweenness Gini coefficient is computed from sorted betweenness values
b1 ≤ · · · ≤ bn as

GBC =
2

∑n

i=1 ibi

n
∑n

i=1 bi

−
n + 1

n
.

Facility provision is the raw count of facilities per capita. Facility dispersion
is the median nearest-neighbor network travel time among same-type
facilities, normalized by the travel time implied by the city radius and a 30
km/h reference speed.

Flood disruption analysis. Road edges are spatially joined to NOAH
flood polygons. In the main scenario, an edge is removed when its
maximum overlapping hazard class satisfies Var ≥ 2, corresponding to
medium or high modeled depth. E2SFCA is rerun on the degraded graph
to produce Apost

i . The relative cell-level change is

δi =
Apost

i − Abase
i

Abase
i

.

A cell is classified as affected if δi < 0, i.e., any loss of accessibility.
Affected cells are further classified as direct if the cell lies within a flood
polygon and indirect if the cell lies outside all flood polygons but loses
access because network routes are severed elsewhere. The indirect
ratio is the affected outside-flood-zone population divided by total affected
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population. City-level summaries also report the population share with
severe access loss (δi < −0.5) and the share newly disconnected
(Abase

i > 0 and Apost
i = 0).

Reddit NLP and discourse map. In considering questions on the
behavioral aspects of a population, and to validate the predictions and
assumptions made in our physical models, we explored using natural
language processing (NLP)-styled methods to give us preliminary insight
into people’s behavior during flood conditions, and confirmation for how
they are affected by such conditions. This direction is informed by recent
methodological literature by Hameed et al.(37) which uses LLMs to assist
in geotagging disaster impact related Twitter/X posts to their corresponding
locations on a map. Our result in this effort led to the creation of a geotagged
map of Reddit threads which both discuss impacts of flooding and named
locations.

To do this, we took some of the Subreddits most frequently used by
people in the Philippines, picked a series of timeframes corresponding to
either flood events or baseline, embedded the content, and used augmented
retrieval to verify that we could recover conversations related to impacts
on people’s mobility and access to infrastructure, confirming that such
discourse is taking place on Reddit. We then ran a series of data cleaning
techniques to filter out bot and irrelevant data, string match against a
geographical index, and enact a final LLM filter to parse for relevant threads
that discuss both flood impacts and named geographical locations (Fig.
S3).

Some known scope and limitations to the data: in 2025, internet usage
penetration in the Philippines was estimated to be around 83.8 percent
of the population, representing 98 million individuals (38). Of the internet-
use population, 15.4 percent is estimated to have used Reddit based on
advertisement statistics. While specific demographic information on Reddit
users in the Philippines is not readily found, we use information on usage
in the US to infer that, in general, Reddit users are typically male and at
or below middle age (39). Moreover, our final geotagged map is limited
to 35 threads from a start of 60,949 after the data cleaning and relevance
filters were applied. These limitations, combined with the generally new
methodology, lead us to decide that this approach is not yet ready as a
validation for our physical models. In future work, we might look towards
using more demographically representative, and frequented, social media
data, such as Facebook.

Demographic linkage and barangay aggregation. To connect modeled
accessibility disruption to population vulnerability, we link LandScan de-

mand cells, barangay boundaries, and 2020 Philippine census demographic
summaries. Because LandScan cells are coarser than many urban
barangays, we allocate each cell to barangays by area overlap rather
than assigning the full cell to a single polygon. We then allocate LandScan
population proportional to the cell-area overlap. For each service type
or total disruption proxy k, barangay-level disruption is computed as the
allocated-population-weighted mean

Qbk =

∑
c∈b

P̃cbqck∑
c∈b

P̃cb

,

where P̃cb is allocated populaton and qck is the disruption proxy assigned
to cell c and barangay b. We then divide barangays into city-specific
quintiles of the total disruption proxy and compare demographic means
across quintiles. This within-city ranking compares relatively high- and
low-disruption barangays inside the same urban area, rather than allowing
cross-city scale differences to dominate the comparison.

Implementation. Because the routing graph is undirected, both E2SFCA
passes are computed from demand-node Dijkstra queries. Dijkstra
searches use a sparse adjacency matrix with a 1,800-second cutoff.
Demand cells sharing a proxy node are deduplicated during routing and
then expanded back to cell-level scores. Cities are parallelized across
workers. The Reddit corpus provides behavioral evidence of mobility
disruption. Census demographic summaries are linked to barangays across
all ten cities via area-weighted LandScan allocation.

Data, Materials, and Software Availability. All primary input datasets are
publicly available from OpenStreetMap, LandScan Global 2023, Project
NOAH or LiPAD hazard-map repositories, Google Groundsource, and
Philippine census or administrative-boundary data sources subject to each
provider’s access terms. Analysis code and derived data are available at
https://github.com/andersvestrum/flooding-infrastructure-Philippines.
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