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From hazard to disruption: forecasting direct and indirect tropical cyclone impacts on infrastructure in Mozambique
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Critical infrastructure (CI), such as healthcare facilities, schools, and the road network, plays a vital role in society by providing essential services that sustain the functioning of communities. Disruptions to this infrastructure can have profound consequences, affecting public health, safety, economic activities, and general well-being. Weather extremes, including tropical cyclones (TCs), are major drivers of such disruptions, causing widespread failures to power, communication, transportation, and healthcare. Forecasting the potential impact of weather events on these services in the weeks to days before landfall is crucial to enhance preparedness and enable effective anticipatory actions. Unlike previous efforts that focused primarily on estimating the potentially affected population, this research shifts attention to evaluating direct and indirect impacts on CI, and to capture the uncertain nature of impact forecasts depending on lead-time. The methodology, which relies entirely on open-source code and data, yields several metrics quantifying the impact of ensemble-based tropical cyclone (TC) wind forecasts on healthcare access, including the number of hospitals directly affected and the number of people indirectly affected due to disrupted access to healthcare facilities. We apply this approach to TCs Idai, Kenneth, and Freddy, which have struck Mozambique since 2019. The results highlight the extent of indirect effects on the population from infrastructure disruptions. Uncertainty arises from lead time, disruption threshold assumptions, and the challenge of capturing impact magnitude, especially for rapidly intensifying TCs. These findings underscore the importance of including indirect impacts into Impact-Based Forecasting (IBF) frameworks, which could enhance decision making. This research aligns with the development of IBF and situational awareness mechanisms promoted by the World Meteorological Organization (WMO). Building on this, the work supports international organizations in activating early warning protocols and delivering more targeted aid, such as financial resources, blankets, medical supplies, and volunteer personnel by identifying where hospitals are likely to be disrupted and which populations may lose access to healthcare. The visualizations generated further assist decision-makers in prioritizing areas that require immediate support.
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1 Introduction

Powerful tropical cyclones (TCs) are some of the most impacting phenomena in nature, with worldwide damages estimated to exceed 800 billion dollars (Collalti and Strobl, 2022). A large part of the destruction caused by these TCs comes from three core elements: high wind speeds, coastal flooding due to storm surges pushing water inland, and river flooding (Bakkensen et al., 2018; Park et al., 2013). As population grows and urbanization increases, coupled with rising asset values and a changing climate, lifeline services and critical infrastructure (CI) face increasing risk from natural hazards (Cremen et al., 2022; Dodman et al., 2022). Natural hazards such as TCs can lead to widespread failures in lifeline services such as power, communication, transportation, and healthcare (Svegrup et al., 2019). The impact of failures in CI becomes evident in the context of natural disasters such as Cyclone Freddy in Mozambique. This event impacted many people across a large geographical area. It is estimated that around 1,187,265 individuals were affected by the storm's initial and second landfalls in locations such as Inhambane, Gaza, Zambezia, Sofala, Tete, Niassa, and Manica. Reports detailed damages to 104 schools and 30 medical centers (ReliefWeb, 2023).

CI plays a vital role in society by providing essential services that are necessary for the functioning of communities. These infrastructures are not isolated entities but are multifaceted urban systems interconnected with various elements, as described by Gheorghe and Vamanu (2005) as a “metasystem”. This metasystem is crucial for maintaining societal functioning as the interconnections ensure the smooth operation and resilience of urban environments. Disruptions to these systems can have far-reaching consequences, affecting public health, educational services, well-being, hinders emergency response and isolates communities far beyond areas that are directly affected by adverse weather events (Mühlhofer et al., 2024; Papilloud et al., 2024). Given this vital role, the need to protect CI has been recognized in global resilience frameworks. Initial steps in focusing on essential physical infrastructure, networks, and services have been considered in the IPCC Working Group II reports, especially in its sixth cycle (O'Neill et al., 2022). Recognizing the far-reaching implications of CI failures, policymakers have acknowledged the pressing importance of prioritizing infrastructure resilience. Consequently, this focus has been incorporated into various agendas, including the Sendai Framework for Disaster Risk Reduction 2015–2030 (United Nations Office for Disaster Risk Reduction, 2015), the Sustainable Development Goals (SDGs) (United Nations Statistics Division, 2023), and the International Federation of Red Cross and Red Crescent Societies (IFRC). Current research on modeling CI impacts primarily addresses direct effects, such as structural damages or physical disruption of basic services. Despite these efforts, there is often insufficient knowledge about the extent to which social facilities are exposed to natural hazards (Verschuur et al., 2024). This gap in knowledge highlights the importance of understanding the interdependencies between end-users and critical infrastructure (Mühlhofer et al., 2023a). Therefore, capturing patterns of people experiencing service disruptions based on forecast data can provide more targeted and decision-relevant information to decision-makers. This is particularly important as they require a methodology that visualizes and enhances the understanding of impacts while incorporating metrics and statistics that can be reproduced quickly and are user-friendly for operational purposes. Although policymakers recognized the need for early warning through international frameworks as EW4All initiative (World Meteorological Organization, 2023), there is still limited academic and practical work focused on impact forecasting, particularly for CI.

Data on exposure and vulnerability of critical infrastructure can be combined with hydro-meteorological forecasts to estimate impacts on healthcare, education, and road networks days or hours in advance of an adverse event. Open-source platforms such as CLIMADA operationalize this integration in line with the IPCC risk framework. CLIMADA has been applied across diverse use cases, including impact-based forecasting for winter windstorms (Röösli et al., 2021), economics of climate adaptation studies (Bresch and Aznar-Siguan, 2021), and global multi-hazard risk assessments and climate-change risk projections (Stalhandske et al., 2024; Meiler et al., 2025a). Further applications include human mortality (Lüthi et al., 2023), human displacement (Meiler et al., 2025b; Kam et al., 2024), infrastructure and basic-service disruption (Mühlhofer et al., 2023a), and ecosystem services (Hülsen et al., 2025).

Impact-based forecasting (IBF) is the field of research that aims to calculate impacts based on exposure, vulnerability and hazard forecast. Its goal is to reduce losses, optimize communication and facilitate timely decisions (World Meteorological Organization, 2021). Questions such as where, what, and when impacts will occur, as well as the magnitude of these impacts in a given region, can be addressed through IBF. This information supports decision-making, especially in cases where the forecaster lacks extensive experience with past events (Golding, 2022; Lazo et al., 2020). The WMO, with governments, science groups, and the Red Cross and Red Crescent Climate Center, collaborates to transition to impact-based forecasting (United Nations Office for Disaster Risk Reduction, 2015; World Meteorological Organization, 2021). According to the research gaps identified by Potter et al. (2025) and Mosimann (2024), IBF requires research in four key areas: (a) vulnerability models to understand how exposed elements respond to hazards. (b) near real-time computation of hazard footprints and impact calculations to support timely decisions; (c) understanding uncertainties within the value chain; and (d) cartographic visualization to present information clearly for better understanding by decision-makers.

Recent IBF applications span multiple hazards and outcomes: winter-windstorm building-damage forecasts in Switzerland (Röösli et al., 2021); a global TC-displacement IBF that explicitly analyses uncertainty along the IBF value chain (Kam et al., 2024); a Philippines housing-damage IBF showing that models using only global features did not underperform and reduced false alarms (Kooshki Forooshani et al., 2024); and a surrogate flood IBF for Switzerland enabling near-real-time impact prediction (Mosimann et al., 2024). Complementing these, a comparative study of a machine-learning and a damage-curve model revealed sensitivity to lead time and trigger thresholds (Sedhain et al., 2025). Despite this progress, important research gaps remain: IBF has largely focused on direct impacts, often overlooking indirect societal effects and cascading consequences (Potter et al., 2025).

This study addresses the gap by focusing on the calculation of indirect impacts based on impact forecasting, aiming to capture service disruptions as accurately as possible using the best available estimates at the time of the event. Uncertainty is addressed through cartographic visualizations of best and worst case scenarios, along with their associated probabilities. Consistent with Early Action Protocols (EAP), we target a five-day pre-landfall horizon for anticipatory action; if the ECMWF ensemble identifies the storm later than five days, we start from the first detection, for Idai four days ahead, for Kenneth one day, and for Freddy five days. We argue that forecasting and visualizing indirect impacts can provide valuable additional information to support decision-making before an event occurs. We applied predefined vulnerability curves to estimate direct impacts, which are then combined with real-time forecasts from the European Centre for Medium-Range Weather Forecasts (ECMWF) to compute hazard footprints and their associated impacts. We demonstrated the application of this approach using the three most significant TCs that have affected Mozambique. However, the methodology is generic, the code is open-source, and the data is transferable, making the approach easily applicable to other countries, hazards, and CI, and fully replicable.



2 Materials and methods

The IBF framework for TCs in Figure 1 sketches the workflow to calculate direct infrastructure and population impacts, and indirect service disruption impacts using TC track forecasts. The process for calculating impact forecasts of people experiencing basic service disruptions begins with a classic natural hazard impact calculation pipeline, following the IPCC definition of risk (Field et al., 2014). We combine spatially explicit data on (a) hazard forecast, (b) exposure, and (c) vulnerability. Finally, to compute direct impacts in (d), we implement the data from (a), (b), and (c) using CLIMADA (Aznar-Siguan and Bresch, 2019), an open-source software widely used in the climate risk assessment community. In (e), we extend the direct impact forecast pipeline to estimate indirect impact forecasts by considering disruptions to critical services or lifelines referred to here as Indirect I in (e) Figure 1 which occur when critical infrastructure can no longer provide essential services to the population. Although deriving service level disruptions directly from structural damage remains a challenge (Schneider et al., 2025), we approximate that infrastructure is fully non-functional, or “disrupted,” when the impact exceeds a threshold, which we define as a severe impact (Section 2.2). We then subset the infrastructure identified as disrupted and visualize the affected CI, along with the potentially impacted population due to service disruption, under Indirect II in (e) (Subsections 2.2.1 and 2.2.2). The results obtained in (d) serve as input for estimating the population affected by disruptions (e) to hospitals, schools, and road networks, using a nearest-neighbor approach and the methodology of the Sustainable Development Goals (SDG) indicator 1.4.1 from the Metadata on SDGs.
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FIGURE 1
 Impact Forecast: The input consists of the interplay between (a) hazard forecasts, (b) exposure, and (c) vulnerability curves. In (d) Impact Forecast: Direct Impact, the impact is visualized based on the mean results across the 51 ensemble members. In (e), the plot shows infrastructure disruptions along with the population potentially affected. Finally, in (f), we illustrate the uncertainty inherent in impact forecast modeling by highlighting the differences among the highest-impact and minimum impact.



2.1 Impact forecast pipeline: input

Our approach follows the IPCC view of risk as the interaction of hazard, exposure, and vulnerability. We implement this with the CLIMADA risk platform, which separates (i) the hazard module, (ii) the entity module (an exposure module and an impact functions, i.e. vulnerability, module), and (iii) the engine module that combines the three components to compute impacts. In our case, the hazard is constructed from tropical cyclone ensemble forecasts, and we explicitly use 10 m sustained wind speed (from the ensemble) as the hazard intensity field. Exposure includes geolocated infrastructure and population. Vulnerability is represented by empirically derived vulnerability curves and category thresholds. The engine module maps each wind field onto exposure coordinates and evaluates asset-level impacts. The resulting impact is given by Equation 1 in Section 2.1.4. The subsections below describe how CLIMADA structures the hazard, exposure, and vulnerability inputs, and how the engine module integrates them to produce impact estimates.


2.1.1 Hazard

Hazard data can be derived from various sources, including forecasts, past events, climate projections, and even simulations, to generate probabilistic sets of events. We use ECMWF ensemble forecasts of sustained wind to estimate the number of affected infrastructure (Czajkowski and Done, 2014). The hazard data has been fetched from the ECMWF for TCs. While past records are not directly available in the ECMWF database, they can be accessed through the THORPEX Interactive Grand Global Ensemble (TIGGE). This forecast corresponds to the IFS Cycle 47r3, which encompass 51 ensemble members. The ECMWF Integrated Forecasting System includes track data consisting of forecasted positions (latitude, longitude), central pressure, environmental pressure, radius of maximum wind, and maximum wind speed, recorded every 6 h over a period of 240 hours. As the forecast data consist of the variables described above, preprocessing is necessary to obtain the wind field. This involves generating a static circular wind field for each track and calculating the translational wind speed. Several models have been developed for this purpose, and the pressure-wind model by Holland (Holland, 2008; Aznar-Siguan and Bresch, 2019) has been implemented in CLIMADA via the TropyCyclone module.

Hazard data were obtained from ECMWF tropical-cyclone (TC) forecasts; historical ensemble records are available via TIGGE. The ECMWF Integrated Forecasting System (IFS) provides a 51-member ensemble. For each member, the TC track product includes forecast positions (latitude, longitude), central pressure, environmental pressure, radius of maximum wind, and maximum wind speed, recorded every 6 hours over a period of 240 hours. Impact forecasts are generated at 150-arc-second (4 km) spatial resolution.



2.1.2 Exposure

Exposure refers to the presence of assets or population geographically located within a specific area of interest. Exposure involves the quantification of infrastructure components using measurements such as spatial dimensions, encompassing both areas and basic value units (Mühlhofer et al., 2023a). Figure 1b illustrates the exposure data, which varies depending on the type of infrastructure and is represented by points (hospitals, schools and population) and lines (road networks). Exposure in the present study consist of hospitals, schools and roads networks retrieved from OpenStreepMap (CLIMADA, 2023), and high-resolution population data from WorldPop, with a resolution of 1 km at the equator (WorldPop Project, 2023). In the case of health facilities, we apply a categorization of hospital types based on reports developed by the Deltares Institute, documents from the World Bank Health Sector, and the Strategic Health Plan of Mozambique (Global Facility for Disaster Reduction and Recovery, 2023; Ministrio da Sade - Repblica de Moambique, 2007) To ensure data accuracy and cleanliness, geometric points with overlaps within 100 meters have been excluded. Road network data is grouped by highways, considering only main roads, while excluding roads labeled as “residential” and “unclassified”. This procedure is necessary due to the occasional inaccuracies found in the data, as OpenStreetMap is an open-source platform developed by various users.



2.1.3 Vulnerability

The definition of vulnerability varies across different disciplines. However, the Intergovernmental Panel on Climate Change (IPCC) report identifies two frameworks that share common causal factors of vulnerability. In disaster risk management, these factors are termed susceptibility/fragility and lack of resilience, while in climate change adaptation, they are referred to as sensitivity and lack of coping and adaptive capacities (Balica et al., 2009; Cardona et al., 2012). Vulnerability encompasses diverse dimensions, including socio-economic, environmental, and physical aspects. Building on this conceptual framing, a wide body of work has quantified infrastructure vulnerability in practice. On one side are engineering fragility/vulnerability functions for specific assets, often used directly for risk estimation, for example power-system assets under wind and flood (Ye et al., 2024). On the other side are data-driven, multi-indicator risk indices at high spatial resolution, for example block-level coastal flood risk using Random Forest (Yarveysi et al., 2025). While large-scale natural-hazard risk assessments for infrastructure are increasing, a recent cross-sector review highlights persistent gaps in transferability and reproducibility, including limited treatment of multi-hazard and interdependencies, scarce open geolocated asset data, and challenges in scaling across geographies (Verschuur et al., 2024). Our approach is complementary: we do not derive new fragility models or socio-economic indices. Instead, we focus on the physical dimension risks to infrastructure using vulnerability functions also called fragility curves; termed “impact functions” in CLIMADA to map hazard intensity to structural damage (Figure 1c). To ensure broad applicability, we employ widely used structural-damage functions, the Eberenz and Deltares models (Eberenz et al., 2021; Mühlhofer et al., 2023b), and category thresholds consistent with the Saffir-Simpson scale. For example, a stepwise function can be applied to represent the distinct wind speed ranges of Categories 1, 2, and 3 of the Saffir-Simpson Scale. This means that the hazard intensity is discretized into levels based on defined wind speed thresholds. Further details on these vulnerability curves can be found in Supplementary Figure S1.



2.1.4 Impact

Impacts are calculated using the CLIMADA risk assessment platform via the Impact module. Exposure and hazard data are overlayed, and the corresponding vulnerability curves are applied to compute impact and generate a cartographic representation. Since we use track forecast data, impacts are calculated for each of the 51 ensemble members. To visualize the direct impact on infrastructure and the uncertainty across the ensemble members, we used the mean impact calculated across all tracks. In contrast, to analyze the indirect impact, we applied the conditions described in the following Section 2.2.1.

The general impact at each exposed location k is calculated as:

xk=Hk·Vk(HEk)      (1)

where xk is the impact at location k, Hk is the hazard intensity, and Vk(HEk) is the vulnerability as a function of local exposure and hazard.

For roads, which are represented as line strings, additional steps are introduced to calculate the mean impact per road. We disaggregate the line-strings into sections represented by points and take the average impact over the points belonging to each line, as shown by Equation 2. In this equation, x̄ij,osm is the average impact for a road segment identified by osm_id, calculated from the individual point impacts xij(k), with Nosm denoting the number of points along the segment.

x̄ij,osm=1Nosm∑k=1Nosmxij(k)      (2)
 


2.2 Impact forecast pipeline: indirect impact
 
2.2.1 Indirect I: infrastructure dysfunctionality

We extend the standard IBF by calculating not only direct impacts but adding disruption thresholds.

We assume that a disruption occurs when the following two conditions are met:

• Step 1: The impact value exceeds the structural disruption threshold of 0.20, based on the scale defined by previous studies in Australia. We adopt the risk categorization developed by Richter et al. (2018), where values equal to or above 0.20 indicate severe impacts. This condition is formalized in Equation 3, which maps the impact value xij at each point to a binary disruption indicator Dij:

Dij={1,if xij≥Tsd0,otherwise      (3)

where Tsd = 0.20 is the structural disruption threshold.

• Step 2: A disruption is triggered if the proportion of ensemble members reporting an impact value xij exceeding the structural disruption threshold Tsd at a given location is greater than or equal to a predefined alert threshold A. In this study, we use Tsd = 0.20 as the structural disruption threshold and set the alert threshold A = 0.10, meaning that an alert is issued if at least 10% of the ensemble members predict an impact value above 0.20 at the same location. This corresponds to at least 5 out of 51 ensemble members exceeding the condition xij>Tsd, indicating a consistent signal of potential disruption across multiple forecast realizations.

We define the probability of disruption PD as the ratio of the members of the ensemble that exceed the threshold to the total number of members of the ensemble:

PD=N(xij>Tsd)Nens      (4)

In our case, the probability of disruption becomes as follows:

PD=551≈0.10      (5)

We do not claim these thresholds are the most suitable. The selected thresholds follow prior work and are set to a lower cut-off to reflect higher vulnerability in many countries of the Global South. Both the structural-disruption cut-off Tsd and the alert share A are tunable operational parameters; their sensitivity is reported in the Supplementary Figure S8.



2.2.2 Indirect II: population affected by service disruption

The results obtained in Figure 1d Impact Forecast: Direct Impact and in Figure 1e Indirect I: Infrastructure dysfunctionality serves as input for estimating the population affected by disruptions to hospitals, schools, and road networks, using a nearest-neighbor approach when the exposure is represented as a geometric point. This methodology estimates the number of people who lose access to health and educational services due to infrastructure failure. Equation 6 describes the calculation of people experiencing basic service disruptions. hi represents a hospital that has been damaged, pj is the nearest population point obtained by minimizing the geodesic distance d(hi, pj). The hospital location is then assigned to the nearest point of the impacted population imp_peoplej*. This process ensures that every hospital is associated with its nearest population point.

For road network disruption, we used the metric from the Metadata on Sustainable Development Goals (SDGs) indicator 1.4.1. This involves calculating the population affected within a radius of 2 km of the disrupted road network. For these calculations, we use the subset of impacts obtained after applying one of the assumptions described in Section 2.2.1. The Equation 7 calculates the total affected population termed as (pp_tot). Summing the impacted population imp_p(pj) at each point pj within 2 km of the road midpoint ri. Interp(ri, 0.5) represents the midpoint of ri and each population point is counted only once to avoid double counting.

ppi=imp_peoplej*, where j*=argminjd(hi,pj)      (6)

pp_tot=∑i=1n∑pj∈Pij∉Iimp_p(pj), wherePi={pj∣d(interp(ri,0.5),pj)≤2 km}      (7)
 


2.3 Impact forecast pipeline: uncertainty across the value chain

We quantify how uncertainty evolves across lead times and along the impact chain by computing ensemble-based spread statistics at each forecast step. All non-zero impact values across members and lead times are pooled and globally normalized to a common minimum and maximum, so differences reflect variability across forecasts rather than absolute magnitude. The spread of the ensemble is then summarized with the interquartile range (IQR), chosen for its robustness to outliers and its interpretation as the middle 50% of the predicted impacts. This yields a consistent basis for comparing uncertainty over time and across impact types (Supplementary material, Section 1.2).




3 Results


3.1 Impact forecast: direct impact visualization

To demonstrate the impact-based forecasting pipeline, we selected the three most significant TCs that affected Mozambique between 2019 and 2023. TC Idai reached Category 4 intensity on the Saffir-Simpson scale on 13 March 2019, weakening before making landfall near Beira as a Category 2 cyclone on 14 March at 2330 UTC (Nyongesa et al., 2024). Approximately one month later, TC Kenneth struck northern Mozambique, also reaching Category 4 intensity before making landfall on 25 April 2019 (Mawren et al., 2020). Three years later, Mozambique experienced the record-breaking and longest-lasting TC Freddy, which made landfall twice. In the main paper, we focus on the second and most intense landfall of TC Freddy, which occurred on 11 March 2023 as a Category 5 cyclone (Liu et al., 2023). The results for TCs Idai and Kenneth are provided in the Supplementary Figures S2–S7. TC Idai caused the most significant damage, followed by TC Freddy, with estimated 283 economic losses of $150 million (United Nations Office for Disaster Risk Reduction, 2023).

Figure 2 provides a cartographic representation of the Impact-Based Forecasting (IBF) results generated from the 51 ensemble members of the ECMWF. These maps show the predicted tracks of Tropical Cyclone Freddy, representing the best available forecast from three days before landfall until the cyclone reached Mozambique. Analogous plots for TCs Idai and Kenneth are provided in the Supplementary Figures S2 and S3. The exposure layer shown corresponds specifically to hospitals, highlighting the forecasted spatial distribution of impacts based on the hazard-exposure-vulnerability framework described in Section 2.1. To represent hospital dysfunctionality, we used the mean impact value between the members of the ensemble at each location. This average reflects the expected severity and consistency of the impact, serving as a proxy for expected levels of disruption. Areas with higher mean values indicate a higher likelihood of disruption of hospital service due to TC Freddy. This visualization aims to help decision-makers quickly identify which hospitals are most likely to be affected, allowing for pre-emptive resource allocation and emergency planning.


[image: Three maps of Mozambique display varying damage fractions represented by color-coded dots. Green indicates minor damage, transitioning to yellow, orange, and red for increasing severity. A color scale ranges from 0.00 to 1.00 beneath the maps, representing damage fraction.]
FIGURE 2
 Cartographic visualization of the forecasted direct (structural) impact on health facilities from three days before until one day before landfall of TC Freddy in Mozambique.


To estimate the direct impacts on infrastructure and populations exposed to varying wind speeds, we provide a set of vulnerability functions. Decision-makers can select the appropriate function based on their expertise and the specific objectives of their impact assessments, as outlined in Section 2.1.3. Figure 2 presents a visual analysis of the impact status from three days to one day before landfall, revealing a shift in spatial patterns. These impact estimations are derived using the Deltares vulnerability function. Lower impacts are modeled three days before landfall, while higher impacts emerge as landfall approaches. These plots offer an initial basis for identifying potentially affected infrastructure and regions. However, the challenge of translating this information into societal consequences remains unresolved. For this reason, we incorporate estimations of indirect impacts in the subsequent steps of our analysis.

Figure 3 summarizes the number of hospitals, schools, and roads affected in Mozambique across the 51 ensemble members for each lead time (Step 1 in Section 2.2.1). To better capture the uncertainty across ensemble members, the figure presents the minimum, maximum, median, and mean number of affected elements for each lead time. Corresponding figures for Tropical Cyclones Idai and Kenneth are provided in the Supplementary Figures S4 and S5, respectively.


[image: Violin plots showing the distribution of affected hospitals, schools, and roads over five days. Panel a) illustrates hospitals, b) schools, and c) roads, each with mean, median, and interquartile range indicators.]
FIGURE 3
 Overview of the number of affected infrastructure elements over lead time, based on ensemble forecasts. (a) Number of hospitals affected, (b) Number of schools affected, and (c) Number of roads affected. For each lead time, the variability across the 51 ensemble members is shown, highlighting the range (e.g., mean, median, min, and max) of the predicted impact on critical infrastructure.




3.2 Impact forecast: indirect impacts

The novelty of this impact-based forecasting (IBF) research lies in the integration of indirect impacts within the value chain pipeline. This approach enables the provision of additional metrics to stakeholders, which may be useful for organizational tasks and informed decision-making. Beyond direct impact metrics such as the number of disrupted hospitals, schools, and primary road segments, we quantify indirect service disruption: (i) the population losing access to health care when a hospital is non-functional; (ii) the population losing access to education when a school is non-functional; and (iii) the population affected by loss of connectivity when primary-roads are disrupted. Figure 4 illustrates which hospitals, schools, or roads may potentially be disrupted one day before cyclone landfall. These visualizations offer valuable insights, highlighting critical infrastructure and specific regions that should be prioritized in disaster preparedness and response efforts. Additional visualizations for TCs Idai and Kenneth are included in Supplementary Figures S6 and S7, respectively.


[image: Three maps labeled a, b, and c show health facility locations and infrastructure disruption in a geographic area. Each map uses colored dots to signify disruption levels, transitioning from blue to yellow. Different symbols represent health facility levels one through four. The maps are accompanied by a color legend indicating disruption intensity.]
FIGURE 4
 Potential disruption of (a) hospitals, (b) schools, and (c) roads, based on the criteria defined in Section 2.2.1. The figures correspond to a 1-day lead time for TC Freddy, the most significant event that struck Mozambique since 2019.


Figure 5 details the population potentially affected by service disruptions using the nearest-neighbor method. The signal is non-monotonic across lead times: it is high at longer lead time, drops to a minimum around +3 days, and intensifies again at +1 day before landfall. The province ranking also shifts at +5 days Nampula, Zambezia, and Sofala appear prominent, whereas by +1 day Nampula no longer shows service-disruption impacts while Zambezia show more impacts. These fluctuations are consistent with forecast uncertainty propagated along the IBF value chain and with TC Freddy having undergone six rapid-intensification episodes, complicating track and intensity prediction.


[image: Bar charts display the number of people directly and indirectly affected by wind, hospital, school, and road factors across three provinces: Zambezia, Sofala, and Nampula. Measured for timeframes of five days, three days, and one day, Zambezia consistently shows the highest numbers, particularly for wind and road impacts. Sofala and Nampula have lower values comparatively, with specific counts depicted on each bar.]
FIGURE 5
 Overview of population directly affected by TC category 1, and population indirectly affected when hospitals, schools and roads are disrupted.


Consistent with this evolution, +3 days before landfall very few locations met the disruption criteria of Section 2.2.1, yielding minimal affected population across hospitals, schools, and roads. One day before landfall, the number of people potentially affected by service interruptions rises sharply. While the number directly exposed to strong winds is considerable, indirect impacts loss of access to health, education, and transport–can amplify vulnerability. For example, an injury that is survivable under normal conditions may become life-threatening if hospital access is impeded by damage or blocked roads. Such indirect effects are often more spatially localized than the wind field but can critically limit access to essential services exactly when they are most needed.

Although the most severe impacts occurred in Zambezia (Figure 5), disruptions to basic services were also likely in neighboring Sofala and Nampula provinces. One day before landfall, substantial impacts were already evident: about 1,396,760 people in Zambezia and 204,350 in Sofala were in areas meeting the disruption criteria of Section 2.2.1. These totals include both direct exposure and indirect loss of access. Using the nearest-neighbor method (Section 2.2.1), we estimate that, of the 1.4 million people in Zambezia at +1 day, roughly 23,657 could face reduced access to healthcare (hospital disruptions), 45,480 to schooling (school disruptions), and 648,735 to mobility (road-network disruptions). This dominance of road-related indirect impacts reflects the spatial logic of the system: hospitals and schools are spatially discrete with localized service areas, whereas the road network is spatially extensive, so small disrupted segments can hinder access for large populations. Overall, indirect impacts remain smaller than direct exposure, with roads contributing most to the indirect component. Therefore, maintaining road access is pivotal to avoid secondary losses or a cascading effect. Similar overview of the direct and indirect impacts for TCs Idai and Kenneth is provided in Supplementary Figures S9 and S10, respectively. The results reported here use the thresholds in Section 2.2.1 (Tsd = 0.20, A = 0.10). A sensitivity analysis shows that raising Tsd to 0.50 removes pre-landfall disruption signals for TC Freddy, showing that threshold choice strongly controls early-warning signals (Supplementary Figure S8). Therefore, transparent communication of threshold choices, and the associated trade-offs for stakeholders is pivotal.

The spatial variability across TCs Freddy, Idai, and Kenneth significantly influenced the number of people affected, as each TC impacted different regions of Mozambique. Despite these regional differences, a comparison across the three cyclones reveals key distinctions in both direct and indirect impacts. Among the three TCs, Idai resulted in the highest overall impact, particularly with regard to indirect effects on access to healthcare, education, and road infrastructure (see Supplementary material S11). Although a standardized five-day lead time was selected as the basis for the Early Action Protocol (EAP) assessment, the actual availability of cyclone forecast data varied between events. For TC Idai, ensemble forecast data, became available only four days before landfall. In the case of TC Kenneth, the forecast track labeled "Kenneth" was not detectable until just one day before landfall. This discrepancy does not stem from an arbitrary choice of lead time but reflects limitations in the historical forecast data from the ECMWF ensemble system. As a result, while TC Freddy could be analyzed from five days in advance, the analyses for TCs Idai and Kenneth begin from the earliest time the storm became identifiable in ensemble forecasts. Despite its shorter lead time, TC Idai caused widespread infrastructure disruptions, highlighting the severity of its indirect impacts. TC Freddy, with the benefit of a full five-day forecast window, also produced substantial disruptions, particularly due to its prolonged duration over the region. In contrast, TC Kenneth detected only one day before landfall led to comparatively lower levels of indirect impact across all types of exposure. However, TC Kenneth was included in the analysis because it struck shortly after TC Idai, affecting a population that had not yet recovered from the previous disaster. These differences illustrate how forecast lead time, storm intensity, and regional vulnerabilities collectively influence the extent of indirect impacts. They further underscore the critical role of early warning systems and impact-based forecasting in improving disaster preparedness and response.



3.3 Uncertainty across the value chain

Impact-based forecasting has traditionally focused on uncertainty stemming from meteorological forecasts, often overlooking the fact that uncertainty can accumulate and propagate through subsequent stages, from hazard characterization and exposure assessment to final impact estimation. To better understand this propagation, Figure 6 presents the evolution of uncertainty (measured as the interquartile range, IQR) in different components of the impact chain and in multiple lead times for the case study of TC Freddy. To allow meaningful comparison between stages, all values were normalized. The detailed steps and equations used in the normalization and statistical processing can be found in the Supplementary material in Section 1.2. The heatmap in Figure 6 reveals that the greatest uncertainty is associated with the vulnerability function provided by Deltares. This is expected, as the Deltares function is defined by a stepwise structure with abrupt thresholds, which can amplify variability in impact estimates. In contrast, the vulnerability function from Eberenz displays considerably lower uncertainty across all lead times due to its continuous, monotonous shape. Meteorological uncertainty, represented by the hazard layer, is highest five to four days before landfall but decreases as the event approaches, indicating increased forecast confidence closer to landfall. The Saffir-Simpson Category 1 thresholds show moderate variability, while the uncertainty associated with exposure data remains relatively low. Overall, this analysis highlights the importance of considering not just meteorological uncertainty but also the compounding effects of vulnerability and exposure in impact-based forecasts.


[image: Heatmap displaying IQR (Uncertainty) values for different metrics over various lead times from 5 days to 1 day. Metrics include hazard, Imp. Function Eberenz, Saffir Simpson - Cat. 1, and Imp. Function Deltares. Colors range from light green to dark blue, indicating varying uncertainty levels, with specific values provided for each metric.]
FIGURE 6
 Normalized uncertainty across the impact-based value chain from hazard to impact covering the period from five days before landfall to the day of landfall.


Building upon this, Figure 7 explores how uncertainty translates into spatial variability in modeled impacts across Mozambique. Additionally, it shows the ensemble spread of hospital impacts, computed as the maximum minus minimum mean impact across members at a 1-day lead. Along the Zambezia, Sofala coast the spread is small, indicating similar outcomes across scenarios, whereas inland areas exhibit a larger spread, highlighting where preparedness decisions are most sensitive to forecast changes. The tracks in Figure 7 illustrate this divergence: the red dashed (maximum) track crosses the country almost east-west, while the gray dashed (minimum) track originates farther south, makes landfall in Sofala, turns inland, and then recurves toward the Indian Ocean. Providing this scenario-based uncertainty hours before landfall offers decision-makers actionable spatial signals to prioritize some contingency plans.


[image: Map showing relative structural impact differences across a region, with areas marked in yellow, orange, and red to indicate varying impact levels. Red dots represent high impact, while yellow dots show low impact. Dashed lines indicate maximum and minimum scenario tracks. A color bar below ranges from 0.00 to 0.30.]
FIGURE 7
 Spatial variability in impact-related uncertainty one day prior to the landfall of Tropical Cyclone Freddy.





4 Discussion

The value chain of impact-based forecasting presented in this study demonstrates the added benefit of translating meteorological forecasts into impact metrics. Communicating metrics such as impact severity, potentially disrupted hospitals, and populations directly or indirectly affected by essential service disruptions provides more detailed and operationally relevant insights than traditional forecasts alone. For the impact calculations, we used forecast track data from ECMWF, combined with population data from WorldPop and a comprehensive set of vulnerability functions. These datasets were integrated into the CLIMADA platform, an open-source tool for risk assessment. The setup was implemented retrospectively for five days prior to landfall, reflecting the structure of Early Action Protocols (EAPs), which typically initiate monitoring five days ahead of a potential event. The activation of early actions, however, is usually discussed around three days before landfall, depending on whether a predefined trigger is met (Mozambique Red Cross and IFRC, 2021).

The method presented here is designed to support flexible forecasting at any required lead time within this five-day window. In real-time applications, it allows for day-to-day impact calculations, providing timely information to decision-makers as forecast data evolves. To demonstrate its applicability and assess how early action varied between events, we modeled the impacts of the most relevant TCs affecting Mozambique: Cyclones Idai and Kenneth, both in 2019, and Cyclone Freddy in 2023. Furthermore, all components of this workflow are fully open-source and can be tailored to user needs including the risk model, input data, and the scripts used for the impact computations and visualizations presented here.

IBF still faces several research gaps, as identified in recent review studies. One key limitation is the insufficient understanding of how warning information must be tailored considering spatial, temporal, and societal dimensions to effectively trigger early actions. Methods and techniques need to be developed in close collaboration with stakeholders to ensure effective use of impact-based warnings. Furthermore, limited attention has been paid to the integration of indirect or secondary impacts, as well as cascading and compounding hazards, which are essential to complete the analytical framework (Potter et al., 2025). This study contributes to addressing one of these key gaps by integrating secondary or indirect impacts into the impact-based forecasting value chain. Previous research has emphasized that disruptions to healthcare services are not only a result of physical damage to infrastructure but also of the limited accessibility faced by populations, particularly in low-density areas. In Mozambique, for example, hospitals with high service coverage are primarily concentrated in urban centers, while rural communities often face travel times of at least 45 minutes to several hours on foot to reach the nearest facility. To mitigate this vulnerability, mobile health units are deployed to provide basic services such as vaccination programs. However, during Tropical Cyclone Freddy, flooding severely affected these mobile health services, leading to interruptions in vaccination campaigns that persisted for weeks or even months (Rossi et al., 2024; Hierink et al., 2020). Although spatial data on the precise locations of mobile units was not available for this study, we argue that such disruptions constitute a critical form of indirect impact with substantial implications for public health. Similar patterns were observed in the aftermath of TCs Idai and Kenneth. These events damaged health facilities and caused secondary effects such as increased travel times and reduced coverage of healthcare. Following TC Idai, the proportion of children under five years of age with access to a healthcare facility in two hours decreased from 78. 8% to 52. 5%. In areas affected by TC Kenneth, accessibility declined from 82.2% to 71.5%, leaving approximately 14,330 children without adequate access to care (Hierink et al., 2020). These cases underscore the importance of forecasting not only direct exposure to hazards, but also the likelihood of healthcare service disruptions and their broader societal consequences.

The methodology presented here seeks to operationalize this understanding by incorporating such effects into the impact-based forecasting framework. As shown in Figure 5, estimating the population that might be disrupted by wind speed provides critical insight into direct exposure. However, identifying populations whose access to essential services such as hospitals is hindered by infrastructure disruptions offers an additional and equally important perspective. For example, areas with populations located below the defined thresholds of physical disruption or in less densely populated regions may still experience service interruptions due to damage to nearby healthcare facilities or increased travel times. As a result, these populations, although not located in high-exposure zones, may still suffer limited access to critical services, with potentially severe public health consequences. This situation was clearly observed in the case of TC Freddy, as illustrated in Figure 5, where populations outside the strongest wind zones experienced significant disruptions to healthcare access. These findings emphasize the importance of extending IBF approaches to include indirect impacts, particularly for under-served or remote communities that are highly vulnerable to service disruptions.

The case studies of TCs Idai, Kenneth, and Freddy aim to identify the evolution of early action protocols in Mozambique. During Cyclones Idai and Kenneth in 2019, an early warning system was in place; however, coordination to disseminate timely information and provide guidance on how to respond was limited. Formal early action plans and predefined triggers were still under development or completely absent at that time. In the case of Cyclone Idai, the Zimbabwe Meteorological Office issued a warning in advance. Nevertheless, it was insufficient to support the relocation of at-risk populations. Logistical arrangements were lacking, there were no designated shelters for communities, and the population did not know how to respond. A critical intermediary mechanism to translate warnings into understandable and actionable consequences was missing (ReliefWeb, 2019). Even when communities were aware that a TC was approaching, many assumed it would be similar to past events and therefore did not take precautionary measures. This highlights a significant communication gap in impact-based forecasting specifically, the need to effectively convey the difference between an event with 60 km/h wind speeds and one with 180 km/h winds (ReliefWeb, 2021). Lessons learned from Cyclones Idai and Freddy, along with the development of the EAPs established through partnerships among local and national organizations and the German Red Cross have led to the implementation of mechanisms for activating anticipatory actions. A mapping of authorized actions has also been performed in relevant sectors to ensure effective communication flows and that each responsible entity receives the necessary information to act. These protocols, which include threshold values for triggering actions, were developed using 30 years of historical data to establish scientifically grounded activation criteria (International Federation of Red Cross and Red Crescent Societies, IFRC). Evidence from communities exposed to anticipatory action during Cyclone Freddy shows that they received warnings earlier and were more likely to believe that the event would occur. While some residents took precautionary measures, others still experienced uncertainty about how to respond. In contrast, communities not reached by anticipatory actions received warnings with less lead time and showed lower levels of trust in the information (Malawi Red Cross Society and Danish Red Cross, 2024). This highlights the importance of improving the communication flow by including impact-based triggers. Such triggers can inform the population not only about the hazard itself but also about the potential consequences such as the loss of access to health services. Contingency plans can be activated to ensure the availability of alternative health facilities or sectors to maintain essential services like health care or preserving for example medicaments and vaccination dosis.

IBF links forecasts to impacts, yet many implementations rely on computationally heavy physics-based chains or surrogate models that trade accuracy and transferability especially outside their training domain (Najafi et al., 2024). A central gap is uncertainty: IBF depends on input data and assumptions at multiple stages, so end-to-end propagation and clear representation of impact uncertainty are essential. Probabilistic approaches are better suited than deterministic ones for extreme events and anticipatory action, but choices must match the use case and data. Following Kam et al. (2024), we treat each ensemble member as a distinct meteorological realization and pair this with alternative vulnerability curves. In our study, the full 51-member ECMWF ensemble and multiple vulnerability curves yield min/median/max counts of disrupted hospitals, schools, and roads, plus associated affected populations; we also tested disruption and alert threshold combinations for indirect-impact sensitivity. Finally, a normalized IQR analysis (Figure 6) traces uncertainty across hazard, vulnerability, and exposure, showing that relative contributions shift with lead time.

We now detail each component of the IBF chain. Hazard forecast: In the case of TC Freddy, one of the most significant sources of uncertainty stemmed from the ECMWF forecast. The model underestimated Freddy's intensity, exhibited a considerable mean track error, and predicted premature dissipation by not accurately recording the full development of the cyclone (Liu et al., 2023).

Vulnerability: In contrast, we hypothesize that uncertainty introduced by the vulnerability functions was comparatively lower. This is evident in the vulnerability function by Eberenz (Figure 6), which shows low variability compared to the Deltares vulnerability function, indicating a smaller contribution to overall uncertainty in this specific case. However, uncertainties in vulnerability can vary from event to event. In situations where forecasts are relatively accurate, local vulnerability estimates may contribute more significantly to overall model uncertainty. This insight aligns with findings from recent research in the Philippines, where an IBF model for housing damage using XGBoost showed that removing local vulnerability data and relying solely on global features did not negatively affect performance. In fact, the model achieved higher true-positive rates and reduced false negatives and false positives, thus minimizing unnecessary early actions.

Disruption threshold: We flag structural disruption at impact ≥0.20, adopting the lower bound of the severe impact class in Richter et al. (2018). At this level, expected wind effects align with Saffir-Simpson descriptors [e.g., roof failure, major envelope damage, blocked access; (National Hurricane Center, 2023)]. In Mozambique, post-Idai assessments reported tearing roofs off homes and buildings, the Beira Central Hospital emergency room rendered non-functional, and widespread road and bridge outages with power interruptions (ReliefWeb, 2019). Given this context, 0.20 is a conservative cut-off that reduces missed disruptions. In line with this concern about missed events, a stricter 0.50 threshold identified no disrupted infrastructure at any lead time before landfall for TC Freddy, thereby missing disruption signals. Alert threshold: We set the alert threshold at impact ≥0.10 to prioritize preparedness. In access-constrained settings (single road access), the cost of a missed event is high; a lower alert share increases recall and triggers earlier warnings, even at the expense of more false alarms. Where logistics are stronger and rapid on-site mobilization is feasible, a higher alert share may better focus resources on the most affected assets. In practice, this is an operational parameter that users can tune to their priorities. Trade-offs and lead time: Sensitivity analysis (Supplementary Figure S8) indicates that the disruption cut-off Tsd is the primary lever–raising it from 0.20 to 0.50 collapses pre-landfall signals. By contrast, changing the alert share A has a smaller effect: lowering A adds alerts at locations where only a few ensemble members exceed Tsd, and raising A removes these borderline cases; the main hotspots remain largely unchanged compared with the choice of Tsd. Differences between threshold pairs become more pronounced as landfall approaches, suggesting preventive settings (e.g., Tsd = 0.20, A = 0.10) early in the EAP window and tighter settings closer to impact, according to operational priorities. Exposure: Data on critical infrastructure extracted from OpenStreetMap is represented by point features and line-strings. While this dataset is widely used, there is some uncertainty regarding the precise locations of certain infrastructure elements, which may be slightly offset from their actual positions. Although our model accounts for these spatial inaccuracies, they are expected to have minimal influence on the overall uncertainty of the model.

Critical infrastructures, for example, schools, hospitals, and primary roads–face rising climate-driven extremes, yet many CI models remain data-intensive, local, and hard to transfer, and hazard models often stop at direct asset damage, overlooking interdependencies. To bridge this gap, we present an open-source, impact-based forecasting pipeline that converts ECMWF tropical-cyclone forecasts into decision-ready metrics on both asset disruption and basic service loss. Implemented in CLIMADA, it captures interdependences between infrastructure and population and operates over a five-day Early Action Protocol horizon with daily updates. Thresholds are conservative and tunable: a 0.20 disruption cut-off reduces missed disruptions, and a 0.10 alert share prioritizes preparedness; a sensitivity check on TC Freddy showed that raising the disruption cut-off to 0.50 identified no pre-landfall disruptions, whereas 0.20 retained clear ensemble signals. Its modular, lightweight design and reliance on open hazard, exposure, and vulnerability data make the pipeline transferable across geographies and hazards and suitable for routine anticipatory planning.
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