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Abstract. Remote-sensing products are widely used after disasters as indicators of incurred damage, yet it remains uncertain 7 

which mapped surface-disturbance remote-sensing signals are most informative about residential damages. This study 8 

examines the damage from the 2023 Cyclone Gabrielle in New Zealand by linking four publicly available remote-sensing 9 

layers—SAR-detected standing water, post-event wetness, soil- or silt-related disturbance, and inferred slope-related 10 

disturbance—to residential insurance claims from the public insurer at a fine spatial scale. We construct claim-rate and 11 

insurance payout outcomes and estimate cross-sectional models, investigating their association with the data from remote-12 

sensing products. The two insurance outcomes capture recorded claim intensity relative to local building stock and the 13 

monetary intensity of insured loss. Slope-related disturbance is most strongly associated with claim occurrence and loss 14 

variation in hazard-positive rural areas. Wetness-related disturbance becomes the strongest predictor of loss severity once 15 

claims are observed. Standing-water and soil-related indicators provide smaller but more stable signals, and their composite 16 

index is positively associated with both claim rates and payouts. Urban areas show higher baseline loss levels, whereas rural 17 

areas show stronger marginal responses to additional physical disturbance. Our findings show that remote-sensing indicators 18 

are not interchangeable hazard proxies. Their value as proxies for disaster damage depends on the physical signal captured, 19 

the damage outcome measured, and the settlement context in which damage occurs. 20 

1 Introduction 21 

In February 2023, Cyclone Gabrielle swept across Aotearoa New Zealand’s North Island, resulting in 11 fatalities, 22 

displacing more than 10,000 people, and forming part of the wider North Island weather events for which the New Zealand 23 

Treasury estimated total physical asset damage at NZD 9.0–14.5 billion (The Treasury, 2023). These social and economic 24 

impacts were driven by multiple physical processes, including extreme rainfall, widespread river flooding, extensive 25 

landslides, and substantial sediment deposition across the region (Brook and Nicoll, 2024; Clough and Hensen, 2024; 26 

Massey et al., 2025; Mcmillan et al., 2023; National Institute of Water and Atmospheric Research, 2023). The combination 27 

of these distinct surface hazards makes Gabrielle a particularly important case for understanding how different physical 28 

impacts translate into insured residential losses and how these impacts can be identified using remote-sensing products. 29 
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Cyclones generate multiple types of surface disturbance that differ in both their physical characteristics and spatial patterns. 30 

The way these impacts appear on the ground also varies across terrain, settlement type, and local exposure conditions. As a 31 

result, no single hazard indicator can fully capture the physical impacts of a cyclone. However, many existing assessments 32 

rely on one dominant indicator or treat different hazard signals as interchangeable. This limits our ability to understand how 33 

distinct types of surface disturbance relate to residential losses at local spatial scales. 34 

Traditional hazard metrics, such as rainfall, wind speed, and storm surge, describe the meteorological drivers of cyclone 35 

impacts. They do not directly show where those drivers became standing water, retained wetness, soil- or silt-related 36 

disturbance, or slope-related disturbance on the ground. This distinction matters for loss analysis because insurance claims 37 

better reflect realised damage rather than meteorological intensity alone. Remote-sensing indicators can therefore provide a 38 

more direct spatial link between physical disturbance and observed residential losses and damages. 39 

This study addresses this gap by using multi-source remote-sensing data to compare four types of cyclone-related surface 40 

disturbance. The four indicators capture different mapped disturbance signals: SAR-detected standing water, post-event 41 

wetness, soil- or silt-related disturbance, and slope-related disturbance. Rather than treating these indicators as 42 

interchangeable hazard proxies, we examine how each one aligns with observed residential insurance losses. All measures 43 

are harmonised to a common meshblock grid—the smallest standard geographic unit in New Zealand—and linked to Toka 44 

Tū Ake Natural Hazards Commission (NHC) residential insurance claims, which enables analysis at a small administrative 45 

spatial scale where local variation can be assessed. 46 

Within this framework, we examine the relationship between surface disturbance and insured losses from several 47 

complementary perspectives. We assess how different disturbance measures relate to whether insured losses are observed, 48 

how they relate to loss severity once claims occur, and how these relationships vary between urban and rural areas. This 49 

design allows us to evaluate the relative information content of different remote-sensing indicators and to assess whether 50 

combining selected indicators provides a more informative representation of cyclone impacts than relying on any single 51 

measure. 52 

The remainder of the paper is structured as follows. Section 2 reviews the related literature; Section 3 describes the data and 53 

methods; Sections 4 and 5 present the spatial analysis and regression results; Section 6 reports robustness checks; while 54 

Section 7 discusses the findings and concludes. 55 

2 Related studies 56 

In cyclone research, storm intensity is commonly measured using wind speed and rainfall (Hu et al., 2023; Kunze, 2021). 57 

Yet these indicators describe only the meteorological drivers of damage rather than the surface disturbances that unfold 58 

afterward. Hazard-science research shows that these meteorological inputs can develop into a range of physical processes on 59 

the ground. Hydrodynamic studies identify storm surge, extreme rainfall, and interacting flood dynamics that jointly produce 60 
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compound flooding (Gori et al., 2020). Geomorphological analyses show that prolonged rainfall can induce flooding, slope 61 

instability, and sediment redistribution (Terry, 2007). Typhoon rainfall has also been linked to widespread landslides and 62 

elevated sediment discharge into river systems (Chen et al., 2018; Hung et al., 2018), while sediment transport can reshape 63 

river channels and alter flood-water levels (Vázquez-Tarrío et al., 2024). Evidence from specific events further illustrates 64 

these processes.  65 

Subedi et al. (2025) document that erosion-driven land loss and sediment deposition during the 2014 Nepal flood caused 66 

long-term impacts across residential, community, and agricultural areas. Sediment-laden floodwaters and debris can also 67 

damage buried infrastructure, generating subsurface loss pathways that differ fundamentally from surface inundation 68 

(Abegaz et al., 2024). Meanwhile, landslides and floods often isolate communities from essential services, markets, and 69 

transport networks (Winter et al., 2016), underscoring the severe on-the-ground consequences of these surface disturbances 70 

can impact a wider area than the one directly affected. Taken together, this evidence shows that cyclone-related hazards arise 71 

through multiple physical mechanisms and should not be viewed in isolation.  72 

The diverse surface processes triggered by cyclones do not unfold uniformly across space (De Moel et al., 2015). These 73 

mechanisms interact with local physical and social conditions, producing highly uneven patterns of exposure and damage. 74 

Understanding these spatial differences is therefore essential for accurately assessing loss. To measure the losses caused by 75 

these hazards accurately, it is necessary to recognise that their impacts vary substantially across space.  Evidence also shows 76 

that the relationship between flood exposure and vulnerability varies widely across locations, and that assuming spatial 77 

uniformity can misidentify where losses are most severe (Hoover and Tate, 2025). Local physical and contextual factors 78 

further reshape risk patterns, with flood risk shifting as these conditions change and regional differences in hazard intensity 79 

and infrastructure capacity producing systematic variation in observed impacts. Spatial variation is evident in both urban and 80 

rural settings. Feloni et al. (2022) show that flood occurrence and flood impact differ within an urban basin because 81 

geomorphological, meteorological, and hydrological conditions vary across locations and analytical grid sizes. Hamidi et al. 82 

(2022) find that flood exposure and social vulnerability differ between rural communities because the number of flood-prone 83 

sites, elevation levels, and distance to rivers vary across locations. Differences in who is affected and how severely they are 84 

affected further reinforce this spatial variation. Flood losses also exhibit marked inequality, disproportionately affecting 85 

socially vulnerable and low-income populations (Gourevitch et al., 2022).  86 

A clear implication of the spatial heterogeneity documented in this literature is that understanding disaster risk requires 87 

information that can distinguish between different hazard processes at fine geographic scales. Put differently, a 88 

comprehensive assessment of disaster risk must recognise that individual hazards differ in both their physical characteristics 89 

and the spatial footprints they produce (Koks et al., 2019), and that micro-scale assessments require far more detailed post-90 

disaster information than is typically available (De Moel et al., 2015). This level of spatial and physical detail is difficult to 91 

obtain through ground observation alone.  92 
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As a possible solution to this need, remote sensing can provide the primary means of capturing these spatial and temporal 93 

differences in a consistent and scalable way. Because different sensors respond to different aspects of the hazard process, 94 

selecting an appropriate satellite product requires careful evaluation of both sensor characteristics and acquisition timing 95 

(Notti et al., 2018). Existing technologies range from active systems, such as radar and LiDAR, which emit their own energy 96 

pulses and measure the backscatter, to passive multispectral and hyperspectral sensors that only record naturally reflected 97 

radiation (Munawar et al., 2022). Synthetic Aperture Radar (SAR) can penetrate cloud, rainfall, and darkness, making it well 98 

suited for detecting standing water during a cyclone. However, SAR performs less reliably when water surfaces are shallow, 99 

low-contrast, or embedded within complex or vegetated landscapes (Amitrano et al., 2024; Hansen et al., 2025; Islam and 100 

Meng, 2022; Zhao et al., 2024).  101 

Optical imagery, by contrast, provides rich spectral information that enables the detection of vegetation stress, land-surface 102 

moisture, bare soil, and exposed sediment; under clear skies it can sharply distinguish water from land. Yet its performance 103 

deteriorates under cyclone conditions because of cloud cover, low illumination, vegetation density, and urban complexity 104 

(Schumann et al., 2018; Zhang et al., 2025). Taken together, these differences show that each remote-sensing product 105 

captures a distinct physical mechanism and that no single dataset can represent the full spectrum of cyclone impacts.  106 

As the physical impacts of cyclone-related hazards translate into damage on the ground, their economic consequences 107 

become a central concern. Recent assessments show that disasters have generated large and steadily increasing losses 108 

worldwide, with nearly 4,000 extreme-weather events over the past decade producing cumulative global losses of about USD 109 

2 trillion (Oxera Consulting LLP, 2024). A large body of research has examined how such events affect the economy, 110 

covering direct losses like property damage and broader indirect effects on outcomes such as GDP growth and trade (Botzen 111 

et al., 2019). However, these aggregate indicators are typically reported at country or regional level and are too coarse to 112 

align with the fine spatial resolution of satellite-based hazard measures. Insurance data provide a more spatially precise 113 

record of disaster losses. Global insurance assessments indicate that primary perils such as tropical cyclones and earthquakes 114 

carry the greatest loss potential worldwide (Banerjee et al., 2025). Work on flood risk shows that insurance claims provide a 115 

reliable basis for valuing direct damage, even though they do not capture losses borne by uninsured properties (Clough and 116 

Hensen, 2024). In our context, residential losses in Aotearoa New Zealand are covered by the public insurer Toka Tū Ake 117 

NHC, which records claims at the individual property level. These claims therefore give us a consistent and spatially 118 

disaggregated measure of direct residential damage, making insurance data the only feasible choice for linking asset losses to 119 

cyclone-related hazard signals.  120 

Insurance claims provide observed loss data that allow hazard measures to be evaluated against actual residential damage. 121 

However, even with such data, existing loss-estimation models face important limitations. Evidence from flood-loss 122 

modelling highlights several sources of variation, so that by employing multiple estimation approaches one can improve 123 

reliability (Mostafiz et al., 2021). However, many flood-loss models still operate with limited validation because real damage 124 

data remain scarce (Cammerer et al., 2013). As a result, the empirical link between physical hazard metrics and recorded 125 
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insured residential losses is only partially understood. Common hazard parameters often show weak or inconsistent 126 

predictive performance (Kreibich et al., 2009), and many existing models rely on simplified assumptions that have not been 127 

tested against observed losses (Merz et al., 2010).  128 

A clear gap remains. Existing studies describe the physical processes triggered by cyclones, document their spatial 129 

heterogeneity, and develop a range of remote-sensing approaches to capture individual hazard mechanisms. Other work 130 

examines the economic losses that follow these events, using insurance data where, atypically, it is available. But very few 131 

studies bring these strands together. We lack empirical evidence on how multiple remote-based hazard signals, each 132 

representing a different surface impact, correspond to realised residential losses at fine geographic scales. Without such 133 

comparisons, it remains unclear which indicators best reflect on-the-ground cyclone damage, how their spatial footprints 134 

differ, and whether combining them improves loss measurement.  135 

3 Data and Methods 136 

3.1 Study event and data sources 137 

Two meteorological events affected New Zealand’s North Island in early 2023: the Auckland Anniversary floods from 26 138 

January to 3 February, and Cyclone Gabrielle from 12 to 16 February. This study focuses on Cyclone Gabrielle because the 139 

four publicly available remote-sensing layers used in the analysis were developed specifically for Gabrielle-related surface 140 

disturbance. We do not include the Auckland Anniversary floods in the empirical analysis because comparable, publicly 141 

available hazard-footprint products with the same spatial coverage, classification structure, and processing approach were 142 

not available for that event. 143 

To measure residential losses associated with Cyclone Gabrielle, we rely on loss data from New Zealand’s Natural Hazards 144 

Commission (Toka Tū Ake-NHC), which provides natural-hazard insurance to owner-occupied dwellings, if they hold 145 

private home insurance. This scheme covers more than 95% of residential buildings in New Zealand (Nguyen and Noy, 146 

2020).  This high coverage rate means that NHC lodged claims provide a broad and spatially detailed record of where 147 

residential properties were affected by Cyclone Gabrielle.1  148 

To describe the time pattern of claims around Cyclone Gabrielle, we retain all NHC records with a reported loss date on or 149 

after 11 February 2023. Figure 1 shows a single sharp spike in the number of claims between 12 and 16 February, 150 

corresponding to the main landfall and immediate aftermath of the cyclone. For the econometric analysis, we restrict the 151 

 
1 NHC insures different components depending on the hazard type. For flooding, NHC covers residential land, the land under the dwelling 

and a six-metre perimeter, but not damage to the dwelling itself. For slope failures (land slips), NHC covers both land damage and any 

resulting structural damage to the dwelling. These rules determine which cyclone-related impacts appear in the claims data. 
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sample to residential NHC records with reported loss dates between 12 and 16 February 2023, so that all outcome variables 152 

refer only to Cyclone Gabrielle. These processed records form the basis of the outcome variables described in Section 3.2. 153 

 154 

Figure 1: Timing of NHC residential claims around Cyclone Gabrielle. Bars show the number of residential claims recorded by reported 155 
loss date, using New Zealand local time. The main panel reports monthly claim counts for 2023 based on records with loss dates on or 156 
after 11 February 2023. The inset panel reports daily claim counts during 12–16 February 2023, the Cyclone Gabrielle claim window used 157 
in the empirical analysis. The concentration of claims in this five-day window supports restricting the main outcome variables to losses 158 
reported during Cyclone Gabrielle. 159 

We use four publicly available remote geospatial layers from Land Information New Zealand (LINZ) and Dragonfly Data 160 

Science to describe cyclone-related surface disturbance associated with Cyclone Gabrielle. The first layer is a Sentinel-1 161 

Synthetic Aperture Radar (SAR) image from 14 February 2023, identifying standing water at the time of satellite overpass. 162 

Because flood extent changes during an event, this layer captures a time-specific standing-water signal rather than the full 163 

flood footprint of Cyclone Gabrielle. This “standing water” image has not been validated against ground observations of 164 

flood extent. 165 

The other three layers were produced by Dragonfly Data Science using Sentinel-2 optical imagery. They identify post-event 166 

wetness, silt- or soil-related surface disturbance, and inferred slope-related disturbance. These layers are generated in Google 167 

Earth Engine by comparing Normalized Difference Vegetation Index (NDVI) values between a pre-event composite (10 168 

January-10 February 2023) and a post-event composite (19-21 February 2023), and classifying large NDVI decreases into 169 

wetness, deposited soil and slope-failure categories (Ekanayake et al., n.d.). 170 

In the analysis, we label these four indicators as S-Flood, D-Wet, D-Soil, and D-Slope. D-Wet refers to the Dragonfly 171 

wetness/flood-related class, D-Soil refers to the silt or deposited-soil class, and D-Slope refers to the source slope-failure 172 

class, which we interpret as inferred slope-related disturbance. These labels are used to compare the mapped disturbance 173 
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signals with insured residential losses, rather than to imply that the layers provide a complete reconstruction of all physical 174 

hazard processes during the event. 175 

Finally, all NHC records and the four remote-sensing layers are reprojected into the NZTM2000 coordinate system and 176 

spatially linked to 2023 meshblocks. Harmonising all datasets within a common meshblock framework ensures spatial 177 

consistency and facilitates the integration of multiple data sources for the analyses that follow. 178 

3.2 Variable construction 179 

We construct three groups of variables: insured-loss variables, remote-sensing hazard indicators, and a small set of additional 180 

covariates. These variables are constructed as follows. 181 

3.2.1 Insured-loss outcomes 182 

We use two indicators, ClaimRate and LogPayout, to summarise residential insurance outcomes associated with Cyclone 183 

Gabrielle. Together, they capture recorded claim intensity relative to the local building stock and the monetary intensity of 184 

insured losses, while remaining comparable across meshblocks of different sizes. 185 

ClaimRate is defined as the number of NHC residential claims divided by the total number of buildings in each meshblock: 186 

𝐶𝑙𝑎𝑖𝑚𝑅𝑎𝑡𝑒𝑚𝑏 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑁𝐻𝐶 𝑐𝑙𝑎𝑖𝑚𝑠𝑚𝑏

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝑠𝑚𝑏

                                                                                                                                      (1)  187 

LogPayout measures the average paid NHC residential claim amount per building, expressed in logarithmic form. It is 188 

defined as the log of one plus total NHC payouts in each meshblock divided by the number of buildings in that meshblock: 189 

𝐿𝑜𝑔𝑃𝑎𝑦𝑜𝑢𝑡𝑚𝑏 = 𝐼𝑛(1 +
𝑇𝑜𝑡𝑎𝑙 𝑜𝑓 𝑁𝐻𝐶 𝑝𝑎𝑦𝑜𝑢𝑡𝑠𝑚𝑏

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝑠𝑚𝑏

)                                                                                                                         (2) 190 

3.2.2 Physical hazard indicators 191 

We construct four hazard indicators at the meshblock level: S-Flood, D-Wet, D-Soil, and D-Slope. Each measure reports the 192 

share of land in a meshblock classified as affected by its respective remote-sensing layer: standing water, post-event wetness, 193 

soil- or silt-related disturbance, and inferred slope-related disturbance. All layers are harmonised to a common grid, clipped 194 

to meshblock boundaries, and converted into area shares. For hazard indicator 𝑖: 195 

𝐻𝑎𝑧𝑎𝑟𝑑𝑖,𝑚𝑏 = 100 ×  
𝐴𝑟𝑒𝑎 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑎𝑓𝑓𝑒𝑐𝑡𝑒𝑑𝑖,𝑚𝑏

𝑇𝑜𝑡𝑎𝑙 𝑙𝑎𝑛𝑑 𝑎𝑟𝑒𝑎𝑚𝑏

                                                                                                                         (3) 196 

These indicators provide percentage-based measures of hazard intensity across the four remote-sensing indicators. Because 197 

they quantify the share of land affected by cyclone-related surface disturbance, larger values indicate stronger local impacts. 198 
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Expressing all indicators on the same scale makes them comparable across remote-sensing layers and suitable for linking to 199 

the insured-loss outcomes introduced in Section 3.2.1. 200 

3.2.3 Additional meshblock-level variables 201 

We include several other meshblock-level variables that are defined on the same spatial scale and used to construct, 202 

normalise, and interpret the insurance outcomes. 203 

𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐶𝑜𝑢𝑛𝑡𝑖 denotes the number of building outlines in meshblock 𝑖, based on LINZ’s NZ Building Outlines dataset. 204 

This layer records roofed structures with a footprint of at least 10 m², including houses, garages, and sheds. We align this 205 

layer to meshblock boundaries and use 𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐶𝑜𝑢𝑛𝑡𝑖  to construct the two outcome variables and to implement 206 

subsequent robustness checks. The analytical samples are restricted to meshblocks with 𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐶𝑜𝑢𝑛𝑡𝑖>0, so that insured-207 

loss outcomes are evaluated only in locations with some built development. 208 

𝐶𝑙𝑎𝑖𝑚𝐶𝑜𝑢𝑛𝑡𝑖 is the raw number of NHC residential insurance claims recorded in meshblock 𝑖 during the Cyclone Gabrielle 209 

claim window, constructed from the NHC administrative records. This variable is used to define whether any NHC claim is 210 

recorded in a meshblock and to compute the insured-loss outcomes. 211 

We construct a meshblock-level urban–rural dummy using the Urban-Rural 2023 (generalised) dataset provided by LINZ. 212 

Meshblocks classified as major urban area, large urban area, medium urban area, or small urban area are coded as 𝑈𝑟𝑏𝑎𝑛𝑖=1, 213 

and those classified as rural settlement or rural other are coded as 𝑈𝑟𝑏𝑎𝑛𝑖=0. The remaining water-related classes, including 214 

inland water, inlet, and oceanic, are excluded from the analytical samples when aligning hazards, buildings, and claims, 215 

because they either contain no buildings or have no land area. 216 

We also construct a composite hazard intensity index, 𝐻𝐼𝑖 , using principal component analysis (PCA). The final index is 217 

based on the first principal component of S-Flood and D-Soil, following the PCA comparison reported in Section 5.2. The 218 

index is defined at the meshblock level, with higher values indicating stronger combined standing-water and soil- or silt-219 

related disturbance. It is used in the subsequent regression analysis as a summary measure of shared hazard intensity. 220 

3.2.4 Analytical samples 221 

We define two complementary analytical samples to distinguish observed insured losses from remotely detected physical 222 

disturbance. The meshblock-level variables used throughout the analysis are summarised in Table 1, whereas the analytical 223 

sample composition is presented in Table 2. 224 

Sample A, the claim-positive sample, includes meshblocks with at least one NHC residential claim and at least one building. 225 

This sample focuses on locations where insured residential losses were recorded. It is used to examine how claim rates and 226 

payout levels vary among claim-positive meshblocks. 227 
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Sample B, the hazard-positive sample, consists of hazard-specific subsets of meshblocks where physical disturbance is 228 

detected by a given remote-sensing indicator and where at least one building is present. In the main analysis, the hazard-229 

positive thresholds are defined as S-Flood > 0, D-Wet > 0, D-Soil > 1, and D-Slope > 1. These subsets include both 230 

meshblocks with claims and meshblocks without claims. Sample B is used to examine how remotely detected physical 231 

disturbance is associated with insurance outcomes across the wider set of exposed locations. 232 

Table 1. Definitions of the meshblock-level variables used in the analysis. This table summarizes the definitions, units, and data sources 233 
of the meshblock-level variables used in the analysis. ClaimRate and LogPayout are derived from NHC residential claims during the 234 
Cyclone Gabrielle claim window. S-Flood, D-Wet, D-Soil, and D-Slope are measured as the percentage of meshblock land area affected in 235 
each corresponding remote-sensing hazard layer. HI is a standardized composite hazard intensity index derived from principal component 236 
analysis (PCA) of S-Flood and D-Soil. 237 

Variable Definition Unit / form Source 

ClaimRate Number of NHC residential claims divided by the total 

number of buildings in the meshblock 

Claims per 

building 

NHC 

LogPayout Natural logarithm of one plus total NHC payouts in the 

meshblock divided by the total number of buildings 
Log NZD NHC 

S-Flood Share of meshblock land area classified as standing water 

in the SAR layer 

Percent LINZ 

D-Wet Share of meshblock land area classified as post-event 

wetness 

Percent Dragonfly 

D-Soil Share of meshblock land area classified as soil- or silt-

related disturbance 

Percent Dragonfly 

D-Slope Share of meshblock land area classified as slope-related 

disturbance 

Percent Dragonfly 

Buildings Number of building outlines in the meshblock Count LINZ 

Claim-counts Number of NHC residential claims in the meshblock Count NHC 

Urban Urban-rural classification; urban = 1, rural = 0 Binary LINZ 

HI Composite hazard intensity index based on PCA of S-

Flood and D-Soil 

Standardized Author’s calculation 

The analytical sample composition is summarized in Table 2. Because hazard-positive meshblocks differ across remote-238 

sensing products, Sample B is reported separately for each hazard indicator. All sample statistics are calculated using 239 

harmonized meshblock-level definitions. 240 

The two samples therefore serve different purposes. Sample A asks: among meshblocks where claims were filed, which 241 

hazard indicators are associated with higher claim rates or payouts? Sample B asks: among meshblocks where physical 242 

disturbance was detected, which hazard indicators are associated with whether losses appear in the insurance data and how 243 

large those losses are? 244 

Table 2. Analytical sample composition under alternative hazard definitions. This table summarizes the analytical samples used in the 245 
study. Sample A includes meshblocks with at least one NHC residential claim and at least one building. Sample B reports separate hazard-246 
positive subsets for each remote-sensing indicator (S-Flood > 0, D-Wet > 0, D-Soil > 1, and D-Slope > 1), with at least one building. 247 

Group (subset rule) N (meshblocks) Urban share (%) Any NHC claim 

(%) 

Any hazard > 0 (%) 

Sample A Claim-count>0 857 45.39 100 39.79 

Sample B 

 

S-Flood > 0 503 44.53 18.89 100 

D-Wet > 0 1099 12.19 15.38 100 

D-Soil > 1 5463 63.19 5.40 100 
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D-Slope > 1 399 37.59 22.06 100 

3.3 Empirical specification 248 

This section examines how different hazard indicators are associated with residential insurance losses across meshblocks. 249 

The analysis uses cross-sectional data, where each observation corresponds to one meshblock in the study area. 250 

Our objective is not to identify causal effects, but to describe how different measures of hazard exposure relate to observed 251 

insurance outcomes. This reflects the structure of the data, which varies across space within a single event rather than over 252 

time. 253 

We begin with a baseline model that relates hazard exposure to insurance outcomes using ordinary least squares (OLS). The 254 

specification is: 255 

𝑌𝑖 = 𝛼 + 𝛽𝐻𝑖,𝑚 + 𝜃𝑈𝑟𝑏𝑎𝑛𝑖 + 𝛾(𝐻𝑖,𝑚 × 𝑈𝑟𝑏𝑎𝑛𝑖) + 𝜀𝑖                                                                                                             (4) 256 

where 𝑌𝑖  is either ClaimRate or LogPayout. The variable 𝐻𝑖,𝑚  measures the share of land area in meshblock 𝑖  that is 257 

classified as affected by hazard type 𝑚 (S-Flood, D-Wet, D-Soil, or D-Slope). The variable 𝑈𝑟𝑏𝑎𝑛𝑖 is a binary indicator 258 

equal to 1 for urban meshblocks and 0 for rural meshblocks. 259 

The coefficient 𝛽  captures how hazard exposure is associated with insurance losses in rural areas, which serve as the 260 

reference group. The coefficient 𝜃 reflects the baseline difference in losses between urban and rural meshblocks when no 261 

exposure is detected. The interaction term 𝛾 allows the relationship between hazard exposure and losses to differ between 262 

urban and rural areas. As a result, the marginal effect of hazard exposure in urban areas is given by 𝛽 + 𝛾. 263 

In the empirical analysis, we use these two outcome variables to capture different dimensions of insurance losses. Hazard 264 

exposure is measured using both individual hazard indicators and a composite hazard index constructed in Section 5.2. 265 

To complement the OLS analysis, we also estimate a Logit model for claim occurrence: 266 

Pr(𝐴𝑛𝑦𝐶𝑙𝑎𝑖𝑚𝑖 = 1) =  𝛬[𝛼 +  𝛽𝐻𝑖,𝑚 + 𝜃𝑈𝑟𝑏𝑎𝑛𝑖 +  𝛾(𝐻𝑖,𝑚  ×  𝑈𝑟𝑏𝑎𝑛𝑖)]                                                                          (5) 267 

where 𝐴𝑛𝑦𝐶𝑙𝑎𝑖𝑚𝑖  equals one if meshblock 𝑖 has at least one NHC residential claim during the Cyclone Gabrielle claim 268 

window, and zero otherwise. Λ (⋅) denotes the logistic cumulative distribution function. This model is used because claim 269 

occurrence is a binary outcome and therefore cannot be appropriately represented as a continuous loss intensity variable. 270 

The Logit model is not a substitute for the OLS specification. Rather, it examines a different dimension of the loss process: 271 

whether a claim occurs at all. The OLS models then examine how claim rates and payout levels vary with hazard exposure. 272 

Both specifications use the same hazard-by-urban interaction structure, which allows the results to be compared across the 273 

extensive margin of claim occurrence and the intensive margin of loss severity. Together, these specifications provide a 274 
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consistent framework for comparing how different hazard measures relate to insurance losses across space. Robustness 275 

checks appear in Section 6. 276 

4. Spatial Evidence 277 

4.1 Four Remote-Sensing Expressions of Cyclone-Related Surface Disturbance 278 

Cyclone Gabrielle generated multiple forms of surface disturbance across the North Island, which appear differently across 279 

the four remote-sensing layers. Although all layers refer to the same event, their mapped extents and spatial structures vary 280 

markedly. Some indicators produce compact and highly localised footprints, while others show much broader and more 281 

spatially diffuse patterns. These contrasts show that the four layers capture distinct spatial expressions of cyclone-related 282 

surface disturbance rather than interchangeable measures of cyclone impact. 283 

S-Flood (Fig. 2) is based on Sentinel-1 SAR imagery from 14 February and captures standing water that remained detectable 284 

at the moment of satellite overpass. The mapped polygons are compact and sharply defined, appearing only in a few low-285 

lying areas. These patterns reflect highly localised standing water visible in this specific image, rather than the full dynamic 286 

flood extent over the event period. 287 

D-Wet (Fig. 3) identifies post-event wetness and shows a much broader spatial footprint. Moisture patches follow visible 288 

river channels and drainage paths, forming a more continuous structure across the landscape. These areas are interpreted as 289 

moisture retained after standing water had drained, capturing a later surface-wetness signal that differs from the more 290 

temporally immediate S-Flood layer. 291 

D-Soil (Fig. 4) has the widest extent. Numerous polygons appear across both flat terrain and elevated hill country, covering a 292 

substantially larger portion of the island than either of the two water-related layers. These patterns indicate widespread 293 

mapped soil- or silt-related surface disturbance beyond the identified standing-water and wetness areas. 294 

D-Slope (Fig. 5) shows mapped slope-related disturbance concentrated across parts of the eastern North Island, especially in 295 

hill-country and steeper terrain. The mapped areas form broad terrain-related clusters rather than a continuous coastal strip. 296 

Outside these eastern hill-country areas, only smaller scattered polygons appear, suggesting that the mapped D-Slope signal 297 

is strongly related to local terrain conditions. 298 
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 299 

Figure 2: Standing water extent (S-Flood). (a) Distribution of the Sentinel-1 SAR standing-water layer across New Zealand's North Island. 300 
(b) Enlarged view of the Hawke's Bay region. (c) Enlarged view of a second major standing-water cluster. S-Flood refers to the standing-301 
water layer derived from Sentinel-1 SAR imagery for 14 February 2023. Red polygons show LINZ-delineated standing-water areas 302 
detected at the time of satellite overpass and should be interpreted as a time-specific standing-water snapshot rather than the full dynamic 303 
flood extent of Cyclone Gabrielle. The map is projected in NZTM (EPSG: 2193). Basemap layers include the LINZ DEM hill shade, NZ 304 
Lakes, and NZ Rivers. 305 
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 306 

Figure 3: Post-event wetness (D-Wet). (a) Distribution of the post-event wetness layer across New Zealand's North Island. (b–c) Enlarged 307 
views illustrating the local spatial structure of the mapped wetness signal. D-Wet refers to the Dragonfly Data Science (2023) Cyclone 308 
Gabrielle Impact – North Island source category "flood", labelled in this study as post-event wetness. Pink polygons show dataset-309 
delineated areas of post-event wetness following Cyclone Gabrielle; they are interpreted here as a wetness-related surface signal rather 310 
than the full flood extent. The map is projected in NZTM (EPSG: 2193). Basemap layers are the same as in Figure 2. 311 
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 312 

Figure 4: Silt-deposit footprint (D-Soil). D-Soil refers to the Dragonfly Data Science (2023) Cyclone Gabrielle Impact - North Island 313 
source category cat = "silt", labelled in this study as soil- or silt-related surface disturbance. Yellow–brown polygons show dataset-314 
delineated areas in the source silt category. The map covers the North Island of New Zealand and is projected in NZTM (EPSG: 2193). 315 
Basemap layers are the same as in Figure 2. 316 
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 317 

Figure 5: Slope-disturbance footprint (D-Slope). D-Slope refers to the Dragonfly Data Science (2023) Cyclone Gabrielle Impact - North 318 
Island source category cat = "slip", labelled in this study as inferred slope-related disturbance. Brown polygons show dataset-delineated 319 
areas in the source slip category. This layer infers slope-related disturbance using bare-soil detection and a slope mask; it is not a direct 320 
landslide inventory. The map covers the North Island of New Zealand and is projected in NZTM (EPSG: 2193). Basemap layers are the 321 
same as in Figure 2. 322 
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4.2 Spatial Structure of Loss and Hazard Intensity 323 

The four remote-sensing layers differ not only in their overall spatial coverage but also in the intensity patterns they assign to 324 

each meshblock. Building on the footprint maps in Section 4.1, we summarise intensity distributions for each layer by 325 

grouping meshblocks according to their affected shares. In parallel, we describe how NHC residential claims are distributed 326 

across meshblocks. Together, these distributions show how many meshblocks fall into different intensity ranges, the 327 

proportions they represent, and how these patterns appear on the map. This structured view of both physical impacts and 328 

insurance responses provides a common reference point for the later analysis that links sensing signals to insured residential 329 

losses.  330 

Figure 6 shows the spatial distribution and frequency of NHC residential claim counts aggregated to 2023 meshblocks 331 

during the Cyclone Gabrielle claim window. Claims are recorded in several parts of the North Island, but their spatial 332 

intensity varies substantially. A dense cluster of meshblocks with multiple claims is visible in the Hawke’s Bay region, while 333 

other affected areas consist mainly of smaller and more spatially dispersed pockets. 334 

Most claim-positive meshblocks report only one or two claims. As shown in the histogram, approximately 78% of 335 

meshblocks with at least one claim fall into the 1-2 claim category. Meshblocks with higher claim counts (3-5, 6-10, and 336 

more than 10 claims) account for a much smaller share of affected units and are largely concentrated within the main cluster. 337 

Together, the map and histogram show that insured residential losses were widespread but unevenly distributed across space. 338 
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 339 

Figure 6: Spatial distribution and frequency structure of NHC claims (Cyclone Gabrielle, 12-16 Feb 2023). NHC refers to New Zealand’s 340 
Natural Hazards Commission, Toka Tū Ake. Claims are residential insurance claims with reported loss dates between 12 and 16 February 341 
2023, the Cyclone Gabrielle claim window used in the empirical analysis. Claims are aggregated to 2023 meshblocks using reported 342 
damage coordinates in NZTM (EPSG: 2193). The left panel maps the number of NHC residential claims in each meshblock. The right 343 
panel shows the frequency distribution of claim-positive meshblocks, defined as meshblocks with at least one NHC residential claim, by 344 
claim-count category. Percentages in the right panel are calculated relative to claim-positive meshblocks only. 345 

Figure 7 shows that the S-Flood signal is highly localised in space. Affected meshblocks are concentrated in two clearly 346 

defined focal areas, with little standing-water signal elsewhere across the island. Within these focal areas, meshblocks 347 

exhibit a range of coverage levels, reflecting local variation in the extent of inundation at the time of satellite overpass. 348 

Coverage levels also display limited spatial coherence: neighbouring meshblocks sometimes fall into similar exposure bands, 349 

suggesting locally structured inundation rather than purely random variation. Overall, S-Flood is characterised by a sharply 350 

concentrated spatial footprint, consistent with a transient and highly localised standing-water signal. 351 
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 352 

Figure 7: Meshblock-level extent and distribution of S-Flood. S-Flood is the Sentinel-1 SAR standing-water layer detected on 14 February 353 
2023. The left panel maps the percentage of each 2023 meshblock’s land area covered by S-Flood. Colour classes show the affected-area 354 
share of each meshblock: ≤1%, 1–5%, 5–10%, and >10%. The right panel reports the distribution of S-Flood-positive meshblocks, defined 355 
as meshblocks with S-Flood > 0, across the same affected-area thresholds. Percentages in the right panel are calculated relative to S-Flood-356 
positive meshblocks only. 357 

Figure 8 shows that the D-Wet signal is spatially widespread but uniformly low in intensity when viewed at the meshblock 358 

level. On the map, many meshblocks across the North Island exhibit some degree of post-event wetness, but coverage within 359 

individual meshblocks is generally very small. There are no clear focal clusters comparable to those observed for S-Flood, 360 

and the spatial pattern appears diffuse rather than concentrated. 361 

This structure is reflected in the histogram. Approximately 96% of affected meshblocks have D-Wet coverage of 1% or less, 362 

while meshblocks with higher coverage values are rare. Together, the map and distribution indicate that D-Wet is interpreted 363 

as a broadly distributed surface-wetness signal that affects many locations at low intensity, rather than a highly localised 364 

disturbance with strong within-meshblock concentration. 365 
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 366 

Figure 8: Meshblock-level extent and distribution of D-Wet. D-Wet refers to the Dragonfly post-event wetness layer, corresponding to the 367 
source category cat = "flood" and labelled in this study as D-Wet. The left panel maps the percentage of each 2023 meshblock’s land area 368 
covered by D-Wet. Colour classes show the affected-area share of each meshblock: ≤1%, 1–5%, 5–10%, and >10%. The right panel 369 
reports the distribution of D-Wet-positive meshblocks, defined as meshblocks with D-Wet > 0, across the same affected-area thresholds. 370 
Percentages in the right panel are calculated relative to D-Wet-positive meshblocks only. 371 

Figure 9 shows that the D-Soil signal is both widespread and more uneven in intensity across meshblocks. On the map, many 372 

meshblocks across the North Island display some degree of soil- or silt-related disturbance, with visible clusters appearing in 373 

several regions rather than being confined to a small number of focal areas. Compared with D-Wet, D-Soil exhibits greater 374 

spatial variation in coverage, with a clearer contrast between low- and higher-intensity meshblocks. 375 

This pattern is reflected in the histogram. About 52% of affected meshblocks have D-Soil coverage of 1% or less, while a 376 

substantial share fall into higher coverage categories: roughly 35% lie in the 1–5% range, and about 13% exceed 5%. Taken 377 

together, the map and distribution indicate that D-Soil is interpreted as a broadly distributed surface-disturbance signal with 378 

meaningful variation in intensity across space, rather than a uniformly low-level signal. 379 
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 380 

Figure 9: Meshblock-level extent and distribution of D-Soil. D-Soil refers to the Dragonfly soil- or silt-related disturbance layer, 381 
corresponding to the source category cat = "silt" and labelled in this study as D-Soil. The left panel maps the percentage of each 2023 382 
meshblock’s land area covered by D-Soil. Colour classes show the affected-area share of each meshblock: ≤1%, 1–5%, 5–10%, and >10%. 383 
The right panel reports the distribution of D-Soil-positive meshblocks, defined as meshblocks with D-Soil > 0, across the same affected-384 
area thresholds. Percentages in the right panel are calculated relative to D-Soil-positive meshblocks only. 385 

Figure 10 shows that the D-Slope signal combines widespread low-level presence with clearly structured higher-coverage 386 

patterns in some locations. On the map, many meshblocks across the North Island show very small shares of slope-related 387 

disturbance (≤1%). However, once coverage exceeds 1%, a distinct spatial structure emerges. Meshblocks with moderate 388 

and higher D-Slope coverage form narrow, elongated bands in several parts of the island, rather than appearing as isolated 389 

cells. 390 

The histogram reflects this structure. About 89% of affected meshblocks fall within the ≤1% category, while 9.9% lie in the 391 

1-5% range. These mid-range meshblocks correspond closely to the linear groupings visible on the map. Meshblocks with 392 

D-Slope coverage above 5% are rare (around 1.3% in total), but they also appear in small clusters rather than as isolated 393 
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locations. Taken together, the map and distribution indicate that D-Slope is characterised by a broad background of low-394 

coverage signals alongside more spatially concentrated bands of high disturbance. This pattern differs from the uniformly 395 

low-intensity distribution of D-Wet and from the more patch-based structure observed for D-Soil. 396 

 397 

Figure 10: Meshblock-level extent and distribution of D-Slope. D-Slope refers to the Dragonfly inferred slope-related disturbance layer, 398 
corresponding to the source category cat = "slip" and labelled in this study as D-Slope. This layer infers slope-related disturbance using 399 
bare-soil detection and a slope mask; it is not a direct landslide inventory. The left panel maps the percentage of each 2023 meshblocks 400 
land area covered by D-Slope. Colour classes show the affected-area share of each meshblock: ≤1%, 1–5%, 5–10%, and >10%. The right 401 
panel reports the distribution of D-Slope-positive meshblocks, defined as meshblocks with D-Slope > 0, across the same affected-area 402 
thresholds. Percentages in the right panel are calculated relative to D-Slope-positive meshblocks only. 403 

The distribution patterns shown in Figs. 7-10 inform the exposure thresholds used in the baseline regressions. These 404 

thresholds are not intended to define true physical damage. Rather, they provide operational rules for distinguishing 405 

meshblocks with a usable mapped disturbance signal from those with no or only background-level signal. 406 

For S-Flood, the mapped signal is highly localised and clearly separated from unaffected areas. Since this layer captures 407 

standing water at a specific satellite overpass, any positive mapped value indicates that standing water was detected within 408 

the meshblock at that time. We therefore define S-Flood exposure as S-Flood > 0. For D-Wet, the distribution has a different 409 
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structure. Post-event wetness is spatially widespread, but almost all D-Wet-positive meshblocks have coverage of 1% or less. 410 

Because there is little variation beyond zero and very few higher-coverage observations, imposing a higher threshold would 411 

remove most of the available signal. We therefore define D-Wet exposure as D-Wet > 0, treating it as a low-intensity but 412 

detectable post-event wetness signal. For D-Soil and D-Slope, the histograms show a different pattern. Both indicators 413 

contain many very small positive values, but the distributions become more structured above 1%, where medium- and 414 

higher-coverage meshblocks are more clearly separated and more spatially organised. For these two indicators, we therefore 415 

use a stricter threshold of > 1% to distinguish non-trivial mapped disturbance from very small background values. 416 

These threshold rules follow the observed distribution of each remote-sensing indicator. They allow the baseline regressions 417 

to focus on meshblocks with a detectable and interpretable disturbance signal, while keeping all hazard variables measured 418 

on the same percentage-point scale. 419 

5 Econometric Results and Interpretation 420 

5.1 Hazard indicators and insurance losses 421 

We begin with the baseline OLS results for Sample A, which includes meshblocks with at least one NHC claim and at least 422 

one building (Table 3). This sample This sample allows us to examine how different hazard indicators are associated with 423 

variation in insured losses across claim-positive meshblocks. 424 

The clearest result is the strong role of wetness-related disturbance (D-Wet). In both ClaimRate and LogPayout, D-Wet is 425 

statistically significant and has the largest coefficient among the four hazard indicators in rural meshblocks. This indicates 426 

that, within claim-positive meshblocks, D-Wet is associated with the steepest rural exposure-loss gradient. 427 

S-Flood and D-Soil also show positive and statistically significant associations with both outcomes. Their coefficients are 428 

smaller than those for D-Wet, but their signs and significance are stable across ClaimRate and LogPayout. This suggests that 429 

flood- and soil-related indicators provide consistent, though more moderate, information about insured losses within this 430 

sample. 431 

D-Slope shows a more mixed pattern. It is not statistically significant for ClaimRate in rural meshblocks, but it is positive 432 

and statistically significant for LogPayout. This pattern is consistent with a stronger association between slope-related 433 

disturbance and payout severity than with claim rates within claim-positive meshblocks. 434 

Urban-rural differences are also visible in Table 3. The urban indicator is positive across all specifications, indicating higher 435 

baseline loss levels in urban meshblocks, although this pattern is more consistently significant for ClaimRate than for 436 

LogPayout. At the same time, the interaction terms are generally negative, especially for S-Flood, D-Wet, and D-Soil. This 437 

indicates that, for most statistically significant slopes, the marginal association between hazard exposure and losses is 438 

stronger in rural meshblocks than in urban meshblocks. 439 
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Overall, Table 3 shows that D-Wet has the steepest rural exposure-loss gradient within claim-positive meshblocks, while S-440 

Flood and D-Soil provide stable secondary signals. D-Slope is more closely associated with payout severity than with claim 441 

rates in this sample. The results also show a clear urban-rural structure: urban meshblocks have higher baseline losses, while 442 

rural meshblocks tend to exhibit stronger marginal responses to hazard exposure. 443 

Table 3. Baseline OLS regressions for Sample A: claim-positive meshblocks. This table reports baseline OLS estimates for Sample A, 444 
defined as meshblocks with at least one NHC residential claim and at least one building. Panel A reports OLS estimates for ClaimRate, 445 
and Panel B reports OLS estimates for LogPayout. Each column reports a separate regression using one hazard indicator: S-Flood, D-Wet, 446 
D-Soil, or D-Slope. Hazard intensity 𝑯𝒊 is measured as the percentage of meshblock land area affected by the corresponding remote-447 
sensing layer. Urban equals 1 for urban meshblocks and 0 for rural meshblocks; rural meshblocks are the reference group. The row 448 
“Hazard (𝜷)” gives the rural marginal association, and “Urban (𝜷 + 𝜸)” gives the corresponding urban marginal association. Slopes are 449 
interpreted as the change in the outcome associated with a one-percentage-point increase in 𝑯𝒊 Robust standard errors are reported in 450 
parentheses. *, **, and *** denote p < 0.10, p < 0.05, and p < 0.01, respectively. 451 

Panel A. Outcome = ClaimRate 

Regressors (1) S-Flood (2) D-Wet (3) D-Soil (4) D-Slope 

Hazard (β) 0.0026***           

(0.0003) 

0.0062**         

(0.0031) 

0.0020*** 

(0.0002) 

-0.0002 

(0.0010) 

URBAN (=1) (θ) 0.0146*** 

(0.0044) 

0.0115** 

(0.0045) 

0.0183*** 

(0.0046) 

0.0094** 

(0.0044) 

H × URBAN (γ) -0.0023*** 

(0.0004) 

-0.0052* 

(0.0031) 

-0.0011*** 

(0.0003) 

0.0067 

(0.0054) 

Constant (α) 0.0292*** 

(0.0023) 

0.0324*** 

(0.0024) 

0.0231*** 

(0.0025) 

0.0331*** 

(0.0027) 

N 857 857 857 857 

R² 0.0520 0.0108 0.0841 0.0122 

Slopes (per unit of hazard): 

Rural (β) 0.0026*** 0.0062**      0.0020*** -0.0002 

Urban (β+γ) 0.0003 0.0011** 0.0009*** 0.0065 

Panel B. Outcome = LogPayout 

Regressors (1) S-Flood (2) D-Wet (3) D-Soil (4) D-Slope 

Hazard (β) 0.0683*** 

(0.0084) 

0.4054*** 

(0.1053) 

0.0590*** 

(0.0066) 

0.2801*** 

(0.0625) 

URBAN (=1) (θ) 0.2819 

(0.1843) 

0.2364 

(0.1827) 

0.3654* 

(0.1964) 

0.3307* 

(0.1903) 

H × URBAN (γ) -0.0352** 

(0.0146) 

-0.3256*** 

(0.1070) 

-0.0121 

(0.0111) 

-0.1797 

(0.1348) 

Constant (α) 4.6073*** 

(0.1200) 

4.6650*** 

(0.1192) 

4.4082*** 

(0.1272) 

4.5586*** 

(0.1277) 

N 857 857 857 857 

R² 0.0204 0.0096 0.0469 0.0133 

Slopes (per unit of hazard): 

Rural (β) 0.0683*** 0.4054*** 0.0590*** 0.2801*** 

Urban (β+γ) 0.0331*** 0.0797*** 0.0470*** 0.1004 

We next examine the baseline OLS results for Sample B, which includes hazard-positive meshblocks (Table 4). This sample 452 

allows us to focus on how different types of surface disturbance are associated with variation in claim rates and payout levels 453 

among exposed areas. 454 

In rural meshblocks, slope-related disturbance (D-Slope) shows the largest marginal association across both outcomes. It is 455 

positive and statistically significant for both ClaimRate and LogPayout, and its coefficients are larger than those of the other 456 
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hazard indicators. This indicates that, among exposed rural areas, slope-related disturbance is closely associated with both 457 

higher claim rates and higher payout levels. 458 

In urban meshblocks, however, D-Slope is not statistically significant for either outcome. This shows that the association 459 

between slope-related disturbance and insured losses is concentrated in rural meshblocks rather than urban meshblocks. 460 

Wetness-related disturbance (D-Wet) shows a different pattern. In rural areas, D-Wet is not statistically significant for either 461 

ClaimRate or LogPayout. In urban areas, it is not significant for ClaimRate, but it is positive and statistically significant for 462 

LogPayout, where it has the largest coefficient among all hazard indicators. This suggests that D-Wet is most relevant for 463 

explaining variation in payout levels in urban meshblocks. 464 

S-Flood and D-Soil display more stable behaviour. Both indicators are positive and statistically significant across rural and 465 

urban areas for both outcomes. Their coefficients are smaller than those of the dominant indicators, but their signs and 466 

significance are consistent. This indicates that they capture broad patterns of exposure that are relevant across different 467 

settings. 468 

Across hazards, marginal effects are generally larger in rural meshblocks than in urban meshblocks. The main exception is 469 

D-Wet for LogPayout, where the urban coefficient exceeds the rural one. However, D-Wet is not statistically significant in 470 

rural areas, while it is significant in urban areas, reinforcing its role as an urban-specific predictor of payout variation. 471 

Overall, the Sample B results show that different hazard indicators are associated with insured losses in distinct ways across 472 

settlement types. D-Slope is the dominant signal in rural areas, D-Wet is most relevant for urban payout levels, and S-Flood 473 

and D-Soil provide stable signals across both outcomes and locations. 474 

475 
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Table 4. Baseline OLS regressions for Sample B: hazard-positive meshblocks. This table reports baseline OLS estimates for 476 

Sample B, defined as hazard-positive meshblocks with at least one building. Hazard-positive subsets are defined separately 477 

by column: S-Flood > 0, D-Wet > 0, D-Soil > 1, and D-Slope > 1. Panel A reports results for ClaimRate, and Panel B reports 478 

results for LogPayout. Each column reports a separate regression using one hazard indicator. Hazard intensity 𝑯𝒊 is 479 

measured as the percentage of meshblock land area affected by the corresponding remote-sensing layer. Urban equals 1 for 480 

urban meshblocks and 0 for rural meshblocks; rural meshblocks are the reference group. The row “Hazard (𝜷)” gives the 481 

rural marginal association, and “Urban (𝜷 + 𝜸)” gives the corresponding urban marginal association. Slopes are interpreted 482 

as the change in the outcome associated with a one-percentage-point increase in 𝑯𝒊. Robust standard errors are reported in 483 

parentheses. *, **, and *** denote p < 0.10, p < 0.05, and p < 0.01, respectively. 484 

Panel A. Outcome = ClaimRate 

Regressors (1) S-Flood (2) D-Wet (3) D-Soil (4) D-Slope 

Hazard (β) 0.0014*** 

(0.0004) 

0.0021 

(0.0017) 

0.0012*** 

(0.0002) 

0.0023*** 

(0.0008) 

URBAN (=1) (θ) -0.0017 

(0.0028) 

0.0099 

(0.0084) 

0.0026*** 

(0.0010) 

0.0119* 

(0.0071) 

H × URBAN (γ) -0.0010** 

(0.0005) 

-0.0007 

(0.0020) 

-0.0008*** 

(0.0002) 

-0.0030** 

(0.0014) 

Constant 0.0039* 

(0.0024) 

0.0053*** 

(0.0007) 

-0.0030*** 

(0.0008) 

0.0029 

(0.0023) 

N 503 1099 5463 399 

R² 0.1881 0.0134 0.0963 0.0098 

Slopes (per unit of hazard): 

Rural (β) 0.0014*** 0.0021 0.0012*** 0.0023*** 

Urban (β+γ) 0.0004* 0.0014 0.0005*** -0.0007 

Panel B. Outcome = LogPayout 

Regressors (1) S-Flood (2) D-Wet (3) D-Soil (4) D-Slope 

Hazard (β) 0.0566*** 

(0.0183) 

0.1975 

(0.1683) 

0.0740*** 

(0.0090) 

0.4682*** 

(0.1156) 

URBAN (=1) (θ) -0.5804*** 

(0.2215) 

0.1258 

(0.2222) 

-0.1250** 

(0.0573) 

0.4930 

(0.4015) 

H × URBAN (γ) -0.0144 

(0.0278) 

0.0095 

(0.1716) 

-0.0297** 

(0.0122) 

-0.4579*** 

(0.1347) 

Constant 0.9516*** 

(0.1705) 

0.7309*** 

(0.0658) 

0.0734 

(0.0471) 

0.3001 

(0.2854) 

N 503 1099 5463 399 

R² 0.0818 0.0201 0.1136 0.0760 

Slopes (per unit of hazard): 

Rural (β) 0.0566*** 0.1975 0.0740*** 0.4682*** 

Urban (β+γ) 0.0422** 0.2070*** 0.0443*** 0.0103 

Taken together, the results from Sample A and Sample B reveal clear differences in how hazard indicators are associated 485 

with insured losses.  486 

In Sample B, slope-related disturbance (D-Slope) shows the largest marginal association in rural meshblocks, while wetness-487 

related disturbance (D-Wet) plays a limited role, particularly outside urban payout outcomes. In Sample A, however, D-Wet 488 

becomes the most consistent predictor of variation in losses, while the role of D-Slope is reduced. 489 

This contrast suggests that different hazard indicators are associated with losses under different conditions. D-Slope is more 490 

strongly associated with losses in exposed rural areas, while D-Wet is more closely associated with variation in losses in 491 

meshblocks where claims are observed. This indicates that the relative importance of hazard indicators depends on the 492 

context in which losses are measured. 493 
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The Logit results provide a complementary perspective by focusing on whether a claim occurs at all (Table 5). The results 494 

show a clear and consistent pattern for slope-related disturbance (D-Slope). In rural meshblocks, D-Slope is strongly 495 

associated with claim occurrence and has the largest marginal effect among all hazard indicators. In contrast, its effect is 496 

small and not statistically significant in urban areas. This supports the interpretation that D-Slope is closely linked to the 497 

likelihood of claims in rural settings. 498 

Wetness-related disturbance (D-Wet) shows a different pattern. It is not statistically significant in rural meshblocks, but only 499 

weakly significant in urban meshblocks. Compared with its stronger role in explaining payout levels, this indicates that D-500 

Wet is less closely related to whether claims occur, but more relevant for variation in loss severity. 501 

S-Flood and D-Soil are statistically significant across both rural and urban areas, but their marginal effects are smaller than 502 

those of the dominant indicators. This suggests that they capture more general exposure patterns rather than being the 503 

primary drivers of claim occurrence. 504 

Overall, the Logit results clarify that different hazard indicators are associated with different dimensions of insured losses. 505 

D-Slope is most strongly related to claim occurrence, particularly in rural areas, while D-Wet is more closely associated with 506 

variation in payout levels. 507 

Table 5. Logit estimates for NHC claim occurrence in hazard-positive meshblocks, Sample B. This table reports Logit estimates for claim 508 
occurrence in Sample B, defined as hazard-positive meshblocks with at least one building. The dependent variable equals 1 if a meshblock 509 
has at least one NHC residential claim during the Cyclone Gabrielle claim window and 0 otherwise. Hazard-positive subsets are defined 510 
separately by column: S-Flood > 0, D-Wet > 0, D-Soil > 1, and D-Slope > 1. Panel A reports Logit coefficients from models that include 511 
the hazard share 𝑯𝒊, an urban indicator, and their interaction. Coefficients in Panel A are in log-odds units. Panel B reports average 512 
marginal effects of 𝑯𝒊 on claim probability for rural meshblocks (Urban=0) and urban meshblocks (Urban=1). Hazard intensity 𝑯𝒊 is 513 
measured as the percentage of meshblock land area affected by the corresponding remote-sensing layer. Robust standard errors are 514 
reported in parentheses. *, **, and *** denote p < 0.10, p < 0.05, and p < 0.01, respectively. 515 

Panel A. Logit coefficients 

Regressors (1) S-Flood (2) D-Wet (3) D-Soil (4) D-Slope 

Hazard (β) 0.0243** 

(0.0108) 

0.1277 

(0.1582) 

0.0671*** 

(0.0080) 

0.3106*** 

(0.0842) 

URBAN (=1) (θ) -1.1001*** 

(0.3050) 

0.0974 

(0.2668) 

-1.3825*** 

(0.1648) 

-0.0319 

(0.4264) 

H × URBAN (γ) 0.0186 

(0.0194) 

0.0826 

(0.2034) 

0.0214 

(0.0141) 

-0.2783** 

(0.1128) 

Constant -1.2815*** 

(0.1653) 

-1.7640*** 

(0.0925) 

-2.7140*** 

(0.1002) 

-1.8300*** 

(0.2669) 

N 503 1099 5463 399 

R² 0.0562 0.0101 0.1198 0.0553 

Panel B. Average marginal effects 

Rural marginal effect 0.0045** 0.0162 0.0053*** 0.0567*** 

Urban marginal effect 0.0042*** 0.0288* 0.0024*** 0.0040 

Taken together, the results show that different hazard indicators are associated with different dimensions of insured losses. 516 

Some indicators are more closely linked to claim occurrence, while others are more strongly associated with variation in loss 517 

intensity. 518 
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Across specifications, the relative importance of each indicator varies systematically across settlement types and outcome 519 

measures. These patterns show that the relationship between physical disturbance and insured losses is not uniform; it 520 

depends on both the exposure context and the dimension of loss being examined. 521 

5.2 Composite hazard index 522 

While Section 5.1 highlights that individual hazard indicators are associated with insured losses in distinct and 523 

heterogeneous ways, the spatial overlap across these indicators raises a related question: whether there exists a common 524 

component of hazard exposure that captures shared patterns of physical disturbance. 525 

To address this, we construct a composite hazard index using principal component analysis (PCA). The purpose of this 526 

exercise is not to replace individual hazard indicators, but to provide a data-driven summary of their shared variation. PCA 527 

offers a natural approach in this setting, as it extracts the dominant common factor across correlated exposure measures 528 

without imposing arbitrary weights. 529 

Table 6 reports PCA results. When all four indicators (D-Soil, S-Flood, D-Wet, D-Slope) are included, the first principal 530 

component explains 35.9% of the variance, and the loading on D-Slope is close to zero, indicating that slope exposure 531 

contributes little to the shared structure. Removing D-Slope increases the explained variance to 47.9%, although the loading 532 

for D-Wet remains smaller than those for D-Soil and S-Flood. When the PCA is restricted to D-Soil and S-Flood, the first 533 

component explains 63.7% of the variance with identical loadings (0.7071 each), yielding a clean and well-defined shared 534 

factor combining standing water and soil- or silt-related disturbance. Based on this evidence, we construct the composite 535 

hazard index (HI) using D-Soil and S-Flood, which also showed consistently positive associations with insured losses across 536 

the regression models in Section 5.1. 537 

Table 6. PCA results for alternative hazard-index constructions, Sample B. This table reports principal component analysis (PCA) results 538 
for alternative sets of hazard indicators in Sample B. Only the first principal component (PC1) is reported because it is used to construct 539 
the composite hazard intensity index (HI). Eigenvalues and variance shares describe how much of the variation in the included hazard 540 
indicators is captured by PC1. Loadings show the contribution of each included hazard indicator to PC1. The two-variable PCA using S-541 
Flood and D-Soil is selected for the HI because it produces a clear shared component, with equal positive loadings for the two indicators 542 
and the largest PC1 variance share among the specifications considered. “—” indicates that the variable is not included in that PCA 543 
specification. 544 

Statistic Four-variable PCA Three-variable PCA Two-variable PCA 

Variables used D-Soil, S-Flood, D-

Wet, D-Slope 

D-Soil, S-Flood, D-

Wet 

D-Soil, S-Flood 

Eigenvalue (PC1) 1.4366 1.4357 1.2741 

Variance explained by PC1 (%) 35.91 47.86 63.70 

Loadings: D-Soil 0.5723 0.5717 0.7071 

Loadings: S-Flood 0.6325 0.6331 0.7071 

Loadings: D-Wet 0.5200 0.5219 — 

Loadings: D-Slope -0.0444 — — 

Figure 11 illustrates the spatial distribution of the resulting index. Most meshblocks lie at the lower end of the scale, while 545 

high Hazard Index (HI) values concentrate in a small number of compact clusters. This skewed pattern reflects the 546 
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combination of a widespread D-Soil signal and a more concentrated S-Flood signal documented earlier. As a result, many 547 

meshblocks with D-Soil exposure but little or no S-Flood still obtain positive HI values, while high joint exposure, where 548 

both indicators rise together, is limited to only a few locations. 549 

 550 

Figure 11: Distribution and spatial pattern of the PCA-based composite hazard index (HI). The composite hazard index (HI) is the first 551 
principal component from the two-variable PCA using S-Flood and D-Soil. HI_norm rescales this index to the 0–1 range for relative 552 
ranking across meshblocks. The left panel maps HI_norm across 2023 meshblocks, where darker blue indicates lower composite 553 
disturbance intensity and yellow indicates higher composite disturbance intensity. Insets provide enlarged views of selected areas with 554 
elevated composite hazard intensity. The right panel reports the frequency distribution of HI_norm across meshblocks. The histogram uses 555 
the same colour gradient as the map. 556 

We then include the composite hazard index in the regression models and compare its associations with those of the 557 

individual hazard indicators. Table 7 reports the regression results. 558 

Across both outcomes, ClaimRate and LogPayout, and in both rural and urban meshblocks, the composite hazard index (HI) 559 

is positive and statistically significant in all specifications. This indicates that the shared component of exposure captured by 560 

HI is consistently associated with insured residential losses. 561 
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Because HI is a PCA-based index rather than a percentage-area measure, its coefficients should not be directly compared in 562 

magnitude with those of the individual hazard indicators. The relevant point is that HI remains consistently positive and 563 

statistically significant across outcomes and settlement types. At the same time, the individual-indicator results remain 564 

important. For example, D-Slope remains especially important for rural losses in the individual models, consistent with the 565 

strong role of slope-related disturbance documented in Section 5.1. 566 

Overall, these results suggest that the composite index provides a compact summary of shared exposure patterns that are 567 

systematically related to insured losses. At the same time, the persistence of strong effects for certain individual indicators, 568 

such as D-Slope, indicates that the heterogeneity documented in Section 5.1 remains important. The urban-rural pattern also 569 

remains visible: the marginal associations of HI are larger in rural meshblocks than in urban meshblocks for both ClaimRate 570 

and LogPayout, indicating stronger associations between combined exposure and losses in rural areas. 571 

Table 7. Effects of the PCA-based composite hazard index on NHC outcomes by settlement type, Sample B. This table reports OLS 572 
estimates of the association between the PCA-based composite hazard index (HI) and NHC residential insurance outcomes in Sample B. 573 
HI is constructed from the first principal component of S-Flood and D-Soil, as described in Table 5. Sample B refers to the union of 574 
hazard-positive meshblocks used in the analysis, restricted to meshblocks with at least one building. Rural and urban coefficients are 575 
obtained from a pooled regression model that interacts HI with the urban indicator and represent the marginal association between HI and 576 
each outcome for rural and urban meshblocks, respectively. Coefficients show the change in the outcome associated with a one-unit 577 
increase in the composite hazard index. Robust standard errors are reported in parentheses. *, **, and *** denote p < 0.10, p < 0.05, and p 578 
< 0.01, respectively. 579 

Outcome ClaimRate LogPayout 

Rural Urban Rural Urban 

Hazard Index 

(PCA-based composite index) 

0.0066*** 

(0.0008) 

0.0024*** 

(0.0007) 

0.3780*** 

(0.0381) 

0.2534*** 

(0.0474) 

R-squared 0.0940 0.1004 

Observations 6190 6190 

6 Robustness & Sensitivity 580 

To verify that the baseline findings are not driven by modelling choices or sample construction, we conduct a set of 581 

robustness checks targeting different aspects of the empirical design. These include alternative functional forms, weighting 582 

schemes, sample restrictions, and a joint specification that incorporates all hazard indicators simultaneously. 583 

We first consider alternative model specifications that address potential concerns related to the outcome variable and 584 

estimation method. The baseline OLS models rely on normalized outcomes such as ClaimRate and LogPayout. To test 585 

whether the results depend on this functional form, we re-estimate the models using a Poisson pseudo-maximum likelihood 586 

(PPML) specification with an exposure offset for building counts (Table A2). 587 

𝐸(𝐶𝑙𝑎𝑖𝑚𝐶𝑜𝑢𝑛𝑡𝑖  | 𝑋𝑖) =  𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐶𝑜𝑢𝑛𝑡𝑖  × 𝑒𝑥𝑝 (𝛼 +  𝛽𝐻𝑖,𝑚  +  𝜃𝑈𝑟𝑏𝑎𝑛𝑖 +  𝛾(𝐻𝑖.𝑚  ×  𝑈𝑟𝑏𝑎𝑛𝑖))     (6) 588 

This specification models claim counts directly while using 𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐶𝑜𝑢𝑛𝑡𝑖  as the exposure term, so the estimated 589 

associations can be interpreted as changes in expected claim counts relative to the local building stock. The results remain 590 
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stable under this specification, indicating that the baseline findings are not driven by functional form assumptions or by the 591 

construction of the dependent variables. 592 

Second, we address the possibility that variation in meshblock size may introduce heteroskedasticity or noise, particularly in 593 

areas with very small building counts. To account for this, we estimate weighted least squares (WLS) models that assign 594 

greater weight to meshblocks with larger building stocks (Table A3). The results are highly consistent with the baseline 595 

estimates, suggesting that the main findings are not driven by small or sparsely populated units. 596 

Third, we further restrict the sample by excluding meshblocks with fewer than 10 or 20 buildings (Table A4). These 597 

trimming exercises test whether extreme observations or unstable denominators influence the results. The persistence of the 598 

baseline patterns after trimming indicates that the findings are not sensitive to small-sample variation or extreme cases. 599 

Finally, we estimate a joint specification that includes all hazard indicators simultaneously: 600 

𝑌𝑖 =  𝛼 +  ∑ 𝛽𝑚𝐻𝑖,𝑚 + 𝜃𝑈𝑟𝑏𝑎𝑛𝑖 + ∑ 𝛾𝑚(𝐻𝑖,𝑚 ×𝑈𝑟𝑏𝑎𝑛𝑖) + 𝜀𝑖 

𝑚∈𝑀

                                                                                                    (7)

𝑚∈𝑀

 601 

where 𝑀 =  {𝑆 − 𝐹𝑙𝑜𝑜𝑑, 𝐷 − 𝑊𝑒𝑡, 𝐷 − 𝑆𝑜𝑖𝑙, 𝐷 − 𝑆𝑙𝑜𝑝𝑒}. 602 

This specification directly addresses the concern that the baseline results may reflect omitted correlations across hazard 603 

measures. The results (Table A5) show that the main patterns remain broadly consistent when all indicators are included 604 

together. In particular, S-Flood, D-Soil, and D-Slope remain statistically significant, while D-Wet is no longer consistently 605 

significant once other indicators are controlled for. This suggests that part of the D-Wet effect observed in the baseline 606 

models reflects shared variation with other hazard measures rather than an independent contribution. 607 

In conclusion, these robustness checks suggest that the baseline results are not driven by functional form assumptions, 608 

weighting choices, small-sample bias, or omitted correlations across hazard indicators. The overall structure of the results 609 

remains stable across all specifications. 610 

7 Discussion and Conclusion 611 

This study shows that remotely sensed hazard indicators should not be treated as interchangeable measures of cyclone 612 

impact. Each indicator captures a different mapped surface signal, and these signals align with residential damages in 613 

different ways. This matters because the link between hazard information and economic loss is not automatic. Wing et al. 614 

(2020) show the (lack of) link between flood depth model output and residential damages, using more than two million U.S. 615 

National Flood Insurance Program claims. In their conclusion, even when physical flood modelling improves, the translation 616 

from flood characteristics into economic damage remains difficult, as the standard depth-damage functions are not always 617 

well verified. Our results follow the same logic even if the input data we use (remote-sensing data) is different. The value of 618 
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the remote-sensing layers lies not in assuming that they are direct damage measures, but in testing which mapped 619 

disturbance signals are most closely aligned with observed insurance losses. 620 

Our first main finding is that urban and rural meshblocks differ in how physical disturbance is associated with insured losses. 621 

Urban meshblocks show higher baseline loss levels, while rural meshblocks show stronger marginal responses to additional 622 

disturbance. This does not mean that one settlement type was simply “more affected” than the other. Rather, it suggests that 623 

the same mapped disturbance signal may translate into claims and payouts differently across settlement contexts. This 624 

interpretation is consistent with flood-risk and urban-risk studies showing that losses depend not only on hazard presence, 625 

but also on exposure concentration, building characteristics, neighbourhood conditions, and catchment-level context. D'ayala 626 

et al. (2020) develop a multiscale flood vulnerability model for residential buildings that includes building-specific, 627 

neighbourhood, and catchment-area parameters. Lall and Deichmann (2011) also emphasise that urban hazard risk is 628 

strongly shaped by the concentration of people and assets in cities. In urban meshblocks, higher baseline losses may 629 

therefore reflect denser residential development and a higher chance that even small areas of disturbance intersect with 630 

insured buildings or residential land. In rural meshblocks, baseline losses are lower, but once disturbance reaches exposed 631 

residential assets, the increase in ClaimRate or LogPayout may be sharper. 632 

The second main finding is that slope-related disturbance is most strongly associated with claim occurrence and with loss 633 

variation in hazard-positive rural meshblocks. This pattern is consistent with the physical setting of the 2023 storms in New 634 

Zealand. Brook and Nicoll (2024) report that the January 2023 Auckland storm and Cyclone Gabrielle produced widespread 635 

rainfall-triggered landsliding, including fatal landslides, and they discuss the importance of terrain, site geology, and storm 636 

conditions in these events. This supports a cautious interpretation of D-Slope as a terrain-linked disturbance signal. It helps 637 

explain why D-Slope is more relevant in rural or hill-country settings, where slope-related disturbance may be more closely 638 

connected to residential land damage, access disruption, or claim occurrence. 639 

By contrast, wetness-related disturbance becomes more important once the analysis is restricted to claim-positive 640 

meshblocks. This suggests that D-Wet may be less useful for identifying whether a claim occurs, but more useful for 641 

explaining variation in loss severity once insured damage has occurred. In urban meshblocks, retained wetness may interact 642 

with building density, paved surfaces, drainage constraints, and property-level exposure. This helps explain why even a low-643 

area-share wetness signal can still be associated with payout variation in dense built environments. 644 

The weak rural association of D-Wet should not be interpreted as evidence that wetness was unimportant in rural areas. A 645 

more cautious interpretation is that, at the meshblock scale, mapped wetness in rural areas may be less spatially aligned with 646 

insured residential assets. Rural meshblocks can contain pasture, open land, river margins, and non-residential surfaces. 647 

Wetness detected in these places may reflect landscape moisture rather than damage to insured residential property. Since the 648 

outcome data capture residential insurance claims rather than agricultural or wider environmental losses, rural wetness may 649 

appear weaker in the insurance models even when it was physically present. 650 
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These results show why insurance data are useful for evaluating hazard indicators. Insurance claims do not capture all 651 

disaster losses, and they exclude uninsured or non-covered impacts. However, they provide observed records of losses that 652 

were insured. Chen et al. (2023), for example, use U.S. flood insurance claims together with rainfall and tide data to examine 653 

the storm conditions associated with flood losses in Mid-Atlantic urban communities. Their study shows how claims data 654 

can be used to connect observed losses with physical event characteristics. In the same way, this study uses insurance claims 655 

to compare which remote-sensing signals are most closely aligned with residential loss outcomes. 656 

The composite hazard index adds a different but complementary perspective. By combining S-Flood and D-Soil, the index 657 

captures a shared disturbance pattern that is positively associated with both ClaimRate and LogPayout. 658 

This suggests that the overlap between standing-water and soil- or silt-related disturbance contains loss-relevant information. 659 

However, the index should not be interpreted as replacing the individual indicators. D-Slope and D-Wet remain important 660 

because they appear to capture more context-specific parts of the loss process. D-Slope is most relevant for rural claim 661 

occurrence and rural loss variation, while D-Wet is more closely associated with loss severity once claims are observed. This 662 

distinction shows that the best summary measure of shared disturbance is not necessarily the best indicator for every 663 

outcome or settlement context. 664 

Overall, the findings support a more selective use of remote-sensing products in disaster-loss assessment. Remote-sensing 665 

data are valuable because they can observe surface conditions after an event, but they do not necessarily measure property 666 

damage well. The main contribution of this study is therefore not to provide a complete reconstruction of Cyclone 667 

Gabrielle’s hazard footprint, but to show how different remotely mapped surface-disturbance signals correspond to observed 668 

residential damages. 669 

The practical implication is that researchers, and insurers, should avoid relying on a single hazard proxy when assessing 670 

residential losses after a cyclone. Standing water, wetness, soil- or silt-related disturbance, and slope-related disturbance 671 

provide different information. The appropriate indicator depends on the question being asked: whether the aim is to identify 672 

where claims are likely to occur, where losses may be more severe, or how urban and rural areas translate physical 673 

disturbance into insured losses. 674 

  675 
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Appendix A. Additional descriptive statistics and robustness checks 783 

Table A.1. Descriptive statistics for outcomes and hazard indicators by sample and urban-rural category. This table reports the mean, 784 
standard deviation (SD), and median (p50) of outcome variables and hazard indicators by analytical sample and urban-rural category. 785 
Sample A includes meshblocks with at least one NHC residential claim and at least one building. Sample B reports hazard-positive 786 
meshblocks with at least one building; hazard-positive status is defined using the indicator-specific thresholds applied in the main analysis: 787 
S-Flood > 0, D-Wet > 0, D-Soil > 1, and D-Slope > 1. Hazard indicators are measured as the percentage of meshblock land area affected 788 
by the corresponding remote-sensing layer. Outcome statistics for Sample B are not reported because Sample B is defined separately by 789 
hazard-specific subsets. “—” indicates that the statistic is not reported for that sample. 790 

Variable Outcomes  Hazard indicators 

ClaimRate LogPayout S-Flood D-Wet D-Soil D-Slope 

Sample 

A 

Urban  Mean 0.0441 4.9119 0.6886 0.1317 2.9479 0.2250 

SD 0.0733 2.7155 4.6717 1.5385 7.8471 0.9748 

p50 0.0256 5.5134 0.0000 0.0000 0.0000 0.0000 

Rural Mean 0.0330 4.7075 1.4670 0.1048 5.0724 0.5314 

SD 0.0525 2.5669 6.8690 0.7411 11.5408 1.3465 

p50 0.0167 5.0925 0.0000 0.0000 0.4943 0.0079 

Sample 

B  

Urban  Mean — — 5.4818 0.8543 4.5297 3.0460 

SD 9.5416 2.7385 5.3112 2.6677 

p50 1.8722 0.1228 2.8800 2.2048 

Rural Mean 7.0701 0.1486 5.5688 2.4469 

SD 11.4700 1.0893 7.8761 1.7108 

p50 2.4325 0.0094 2.9082 1.7215 
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Table A.2. PPML robustness estimates for NHC claim counts with building-count offset. This table reports PPML robustness estimates for 792 
NHC residential claim counts at the meshblock level. The model includes an exposure offset equal to the log of the number of buildings in 793 
each meshblock, aligning the count outcome with the building-count denominator used in ClaimRate. Panel A reports results for Sample A, 794 
defined as meshblocks with at least one NHC residential claim and at least one building. Panel B reports results for Sample B, defined as 795 
hazard-positive meshblocks with at least one building; hazard-positive subsets are defined separately by column using the main analysis 796 
thresholds: S-Flood > 0, D-Wet > 0, D-Soil > 1, and D-Slope > 1. Hazard intensity 𝑯𝒊 is measured as the percentage of meshblock land 797 
area affected by the corresponding remote-sensing layer, ranging from 0 to 100. Rural slope equals 𝜷; urban slope equals 𝜷 + 𝜸, where 𝜸 798 
is the urban interaction term. Reported slopes are percentage changes in expected NHC claim counts associated with a one-percentage-799 
point increase in hazard intensity, calculated as 𝟏𝟎𝟎[𝒆𝒙𝒑(𝜷) − 𝟏] for rural meshblocks and 𝟏𝟎𝟎[𝒆𝒙𝒑(𝜷 + 𝜸) − 𝟏] for urban meshblocks. 800 
Robust standard errors are reported in parentheses. *, **, and *** denote p < 0.10, p < 0.05, and p < 0.01, respectively. 801 

Panel A. Sample A  

Slopes / Stats (1) S-Flood (2) D-Wet (3) D-Soil (4) D-Slope 

Rural slope 3.6525*** 

(0.3107) 

18.4827*** 

(5.9974) 

3.6435*** 

(0.2630) 

4.8888 

(3.4215) 

Urban slope  1.3718 

(0.8903) 

2.8620*** 

(0.5919) 

2.3154*** 

(0.3898) 

7.1587* 

(4.0396) 

N 857 857 857 857 

Pseudo-R² 0.0832 0.0209 0.1667 0.0136 

Panel B. Sample B 

Slopes / Stats (1) S-Flood (2) D-Wet (3) D-Soil (4) D-Slope 

Rural slope  4.4886*** 

(0.3824) 

7.0263* 

(3.8422) 

6.7761*** 

(0.4679) 

24.2150*** 

(6.5914) 

Urban slope  5.7614*** 

(1.2059) 

7.4402*** 

(1.2131) 

9.9097*** 

(0.5923) 

-2.9075 

(9.6495) 

N 503 1099 5463 399 

Pseudo-R² 0.2151 0.0143 0.3105 0.0458 
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Table A.3. Weighted OLS robustness estimates for ClaimRate using building-count weights. This table reports weighted OLS robustness 803 
estimates for ClaimRate, using the number of buildings in each meshblock as regression weights. ClaimRate is defined as the number of 804 
NHC residential claims divided by the total number of buildings in each meshblock. Panel A reports results for Sample A, defined as 805 
meshblocks with at least one NHC residential claim and at least one building. Panel B reports results for Sample B, defined as hazard-806 
positive meshblocks with at least one building; hazard-positive subsets follow the main analysis thresholds: S-Flood > 0, D-Wet > 0, D-807 
Soil > 1, and D-Slope > 1. Hazard intensity 𝑯𝒊 is measured as the percentage of meshblock land area affected by the corresponding 808 
remote-sensing layer, ranging from 0 to 100. Rural slope equals 𝜷; urban slope equals 𝜷 + 𝜸, where 𝜸 is the urban interaction term. 809 
Coefficients represent changes in ClaimRate, expressed as claims per building. Robust standard errors are reported in parentheses. *, **, 810 
and *** denote p < 0.10, p < 0.05, and p < 0.01, respectively. 811 

Panel A. Sample A 

Slopes / Stats (1) S-Flood (2) D-Wet (3) D-Soil (4) D-Slope 

Rural slope  0.0029*** 

(0.0003) 

0.0097* 

(0.0052) 

0.0022*** 

(0.0002) 

0.0013 

(0.0010) 

Urban slope  0.0006 

(0.0005) 

0.0014*** 

(0.0004) 

0.0011*** 

(0.0003) 

0.0030 

(0.0019) 

N 857 857 857 857 

R² 0.1669 0.0271 0.2806 0.0139 

Panel B. Sample B  

Slopes / Stats (1) S-Flood (2) D-Wet (3) D-Soil (4) D-Slope 

Rural slope  0.0021*** 

(0.0002) 

0.0011** 

(0.0005) 

0.0016*** 

(0.0000) 

0.0034*** 

(0.0001) 

Urban slope  0.0008** 

(0.0003) 

0.0022** 

(0.0010) 

0.0009*** 

(0.0000) 

-0.0003 

(0.0012) 

N 503 1099 5463 399 

R² 0.2772 0.0117 0.3244 0.0411 
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Table A.4. PPML robustness estimates with building-count thresholds C10 and C20. This table reports PPML robustness estimates for 813 
NHC residential claim counts after excluding meshblocks with small building-count denominators. Panel A applies the C10 threshold, 814 
retaining meshblocks with at least 10 buildings. Panel B applies the C20 threshold, retaining meshblocks with at least 20 buildings. All 815 
models include an exposure offset equal to the log of the number of buildings in each meshblock, aligning the claim-count model with the 816 
building-count denominator used in ClaimRate. Sample A refers to claim-positive meshblocks, and Sample B refers to hazard-positive 817 
meshblocks defined separately for each hazard indicator. Hazard exposure is measured as the percentage of meshblock land area affected 818 
by the corresponding remote-sensing layer. Rural slope equals 𝜷; urban slope equals 𝜷 + 𝜸, where 𝜸 is the urban interaction term. 819 
Reported slopes are percentage changes in expected NHC claim counts associated with a one-percentage-point increase in hazard intensity, 820 
calculated as 𝟏𝟎𝟎[𝒆𝒙𝒑(𝜷) − 𝟏] for rural meshblocks and 𝟏𝟎𝟎[𝒆𝒙𝒑(𝜷 + 𝜸) − 𝟏] for urban meshblocks. N(A/B) and Pseudo-𝑹𝟐(𝐀/𝐁) 821 
report the sample size and model fit for Sample A and Sample B, respectively. Robust standard errors are reported in parentheses. *, **, 822 
and *** denote p < 0.10, p < 0.05, and p < 0.01, respectively. 823 

  824 

Panel A. C10: meshblocks with at least 10 buildings 

Hazard SampleA:Rural SampleA:Urban SampleB:Rural SampleB:Urban N (A / B) 

 

Pseudo-R² (A / B) 

S-Flood 3.6572*** 

(0.3112) 

1.3929 

(0.8879) 

4.4937*** 

(0.3840) 

5.7723*** 

(1.2027) 

847 483 0.0839 0.2153 

D-Wet 18.5166*** 

(6.0013) 

2.8962*** 

(0.5889) 

7.0277* 

(3.8425) 

7.5454*** 

(1.2285) 

847 1069 0.0207 0.0140 

D-Soil 3.6496*** 

(0.2637) 

2.3386*** 

(0.3897) 

6.7804*** 

(0.4687) 

10.0351*** 

(0.6147) 

847 5211 0.1687 0.3141 

D-Slope 4.8834 

(3.4310) 

7.0800* 

(4.0422) 

24.1634*** 

(6.6104) 

-2.2704 

(9.8286) 

847 369 0.0134 0.0459 

Panel B. C20: meshblocks with at least 20 buildings 

Hazard SampleA:Rural SampleA:Urban SampleB:Rural  SampleB:Urban  N (A / B) Pseudo-R² (A / B) 

S-Flood 3.6645*** 

(0.3117) 

1.4410 

(0.8827) 

4.4953*** 

(0.3848) 

5.9110*** 

(1.2098) 

828 455 0.0848 0.2165 

D-Wet 18.5856*** 

(6.0096) 

2.9741*** 

(0.5827) 

7.0055* 

(3.8411) 

7.5082*** 

(1.2288) 

828 1023 0.0203 0.0141 

D-Soil 3.6523*** 

(0.2637) 

2.3982*** 

(0.3892) 

6.7761*** 

(0.4700) 

10.0877*** 

(0.6289) 

828 4873 0.1710 0.3153 

D-Slope 4.9938 

(3.4335) 

5.0185 

(3.2427) 

24.4934*** 

(6.6262) 

-4.6095 

(10.7725) 

828 337 0.0122 0.0498 
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Table A.5. Joint specification with all hazard indicators included simultaneously, Sample B. This table reports the joint specification for 825 
Sample B, in which all four hazard indicators are included simultaneously in the same regression. Sample B includes meshblocks with at 826 
least one building and at least one hazard-positive exposure, defined as S-Flood > 0, D-Wet > 0, D-Soil > 1, or D-Slope > 1. The two 827 
outcome variables are ClaimRate and LogPayout. ClaimRate is defined as NHC residential claims divided by the number of buildings in 828 
the meshblock. LogPayout is defined as the natural logarithm of one plus total NHC payouts in each meshblock divided by the total 829 
number of buildings in that meshblock. Each model includes S-Flood, D-Wet, D-Soil, D-Slope, an urban indicator, and the interaction 830 
between each hazard indicator and the urban indicator. Hazard intensity 𝑯𝒊 is measured as the percentage of meshblock land area affected 831 
by each corresponding remote-sensing layer. The rows under “Slopes: Rural” report the rural marginal associations; the rows under 832 
“Slopes: Urban” report the corresponding urban marginal associations after adding the relevant urban interaction term. Robust standard 833 
errors are reported in parentheses. *, **, and *** denote p < 0.10, p < 0.05, and p < 0.01, respectively. 834 

Regressors ClaimRate LogPayout 

S-Flood (𝛽1) 0.0009*** 

(0.0002) 

0.0416*** 

(0.0099) 

D-Wet (𝛽2) 0.0003 

(0.0009) 

0.1062 

(0.1301) 

D-Soil (𝛽3) 0.0010*** 

(0.0001) 

0.0670*** 

(0.0085) 

D-Slope (𝛽4) 0.0031*** 

(0.0005) 

0.5198*** 

(0.0662) 

S-Flood×Urban (𝜃1) -0.0008*** 

(0.0003) 

-0.0167 

(0.0175) 

D-Wet×Urban (𝜃2) 0.0015 

(0.0011) 

0.0635 

(0.1406) 

D-Soil×Urban (𝜃3) -0.0007*** 

(0.0002) 

-0.0327*** 

(0.0114) 

D-Slope×Urban (𝜃4) -0.0009 

(0.0010) 

-0.3683*** 

(0.0834) 

Constant -0.0030*** 

(0.0005) 

-0.0883*** 

(0.0336) 

N 6190 6190 

R² 0.1120 0.1735 

Slopes: Rural 

S-Flood 0.0009*** 0.0416*** 

D-Wet 0.0003 0.1062 

D-Soil 0.0010*** 0.0670*** 

D-Slope 0.0031*** 0.5198*** 

Slopes: Urban 

S-Flood 0.0002 0.0249* 

D-Wet 0.0018*** 0.1697*** 

D-Soil 0.0004*** 0.0342*** 

D-Slope 0.0022** 0.1515*** 
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