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Abstract  

 

Natural hazard events can increase out-of-pocket health costs and push vulnerable 

households into poverty. Mitigation measures require understanding changes in health 

spending patterns using pre- and post-event data, but such data are often unavailable in 

disaster-affected settings. This represents a fundamental measurement challenge: the 

absence of pre-event baseline data makes it impossible to construct the counterfactual 

quantities needed for welfare analysis. To address this measurement problem, we develop a 

hybrid machine learning approach to estimate unobserved household health spending using 

longitudinal survey data from Indonesia. We first develop a model around the 2006 

Yogyakarta earthquake, for which complete data are available. The model learns spending 

patterns across income, hazard intensity, and other characteristics, achieving >70% 

accuracy in a noisy and complex domain. After testing the model for transportability, we 

apply it to post-2004 Indian Ocean tsunami survey data in Indonesia, to predict plausible 

baseline health spending. These predictions are used to evaluate the impact of the tsunami 

on health spending to reveal that without targeted aid, catastrophic health spending would 

have increased from 4.5% to 29.4% and that moderately damaged households experienced 

more cost increases than heavily damaged ones. By combining artificial intelligence with 
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household survey data, our framework is a proof-of-concept, for addressing data gaps in 

official economic statistics, demonstrating how machine learning can enable counterfactual 

welfare measurement where conventional data collection is absent or incomplete.  
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1. Introduction  

Natural hazards such as tsunamis and earthquakes cause significant loss to mental and 

physical health through injury, illness, and trauma (Bartels & VanRooyen, 2012; 

Frankenberg et al., 2011). This affects out-of-pocket health costs which can reach 

catastrophic thresholds – a definition of which is when health spending is above 10% of 

consumption or income (Wagstaff et al., 2018; Xu et al., 2003) – pushing households into 

poverty and making it difficult to escape the condition (Dercon, 2004; Hallegatte et al., 2020). 

A hazard can turn into a disaster when combined with vulnerability – the propensity of 

people, societies, and ecosystems to be harmed (Blaikie et al., 2014; O'Keefe et al., 1976). 

Understanding how out-of-pocket health spending changes in response to a hazard event is 

critical for designing effective social protection and disaster mitigation strategies. But in 

many low- and middle-income countries, pre- and post-event household health spending 

data are scarce, limiting the ability to quantify these impacts accurately.  

 

Can advances in machine learning support the estimation of unobserved pre-event health 

spending? This study addresses this question using advanced machine learning and 

explainable artificial intelligence combined with longitudinal household survey data from 

Indonesia. We train and apply deep/machine learning models to predict pre-event health 

costs using the Indonesia Family Life Survey (IFLS) and then apply an explainable artificial 

intelligence workflow to analyse and understand the key drivers behind the machine learning 

process. Some households in the dataset were affected by the 27 May 2006 Yogyakarta 

earthquake, while all have complete pre- and post-event data. We focus on a subsample 

forming a quasi-natural experiment, with affected households as the treatment group and a 

comparable set of unaffected households as the control group. This design enables the 

models to learn household spending patterns across hazard exposure, wealth, and other 

characteristics, facilitating the application of the most robust model to the Study of Tsunami 

Aftermath and Recovery (STAR) dataset to estimate previously unobserved baseline health 

expenditures. STAR is a tsunami-specific survey conducted following the 26 December 2004 
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Indian Ocean tsunami and captures a quasi-natural experiment setting by design. The 

predicted baseline is then used to quantify the causal impact of the tsunami on health 

spending. 

 

Our approach assumes that household health spending patterns follow broadly similar 

trends after high-impact, low-probability natural hazards such as earthquakes and tsunamis 

in Indonesia. The 2004 Indian Ocean tsunami and the 2006 Yogyakarta earthquake provide 

contrasting but complementary cases. The tsunami caused massive mortality (~160,000) 

and displacement (~500,000), relatively few injuries, but high psychological trauma 

(Frankenberg et al., 2008). The earthquake caused fewer deaths (5,700) but far more 

injuries (138,000) and displaced 700,000 (Bappenas, 2006). The hazard contexts differed in 

geography, population density, aid intensity and insurgency-exposure with more interior 

areas of Aceh being exposed to a decades long civil conflict between the Free Aceh 

Movement and the Indonesian government which was not present in Java. These contextual 

differences are accounted for, to some extent, using rich data from comparable datasets. 

Despite differences, both contexts exhibited similar structural vulnerabilities including non-

resilient housing, limited early warning, and low household disaster preparedness. 

Considering that both were high-impact, low-probability events and that the model accounts 

for key contextual differences, these similarities support the assumption that health spending 

patterns learned from earthquake data may approximate those following the tsunami. To 

formally assess this transportability assumption, we employ standardized mean difference 

analysis and propensity score overlap tests—established methods for evaluating whether a 

predictive model trained in one context can be validly applied in another (Pearl & 

Bareinboim, 2014; Stuart, 2010). 

 

The key objectives of the paper are to:  
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1. Develop and validate explainable machine learning workflows that can predict health 

share (i.e., out-of-pocket health spending as a proportion of income that we refer to as  

‘health share’ in the rest of this paper) using IFLS longitudinal data for 2000 and 2007.  

2. Apply the most robust trained model to STAR 2005 data to estimate unobserved baseline 

health share. Validate estimates using distributional plausibility, internal consistency, 

comparison with independent data, triangulation with relevant literature and tests for 

transportability. In the context of this paper, transportability refers to the validity of applying a 

predictive model — trained on IFLS household data from an earthquake-affected context — to 

estimate unobserved health share in the STAR tsunami-affected context. Formally, this 

requires both that STAR households fall within the covariate support of the IFLS training 

data, and that the conditional relationship between household characteristics and health 

spending is sufficiently stable across the two disaster settings. In the context of our paper, 

transportability refers to the extent to which the distributions in the two contexts overlap, 

making model transfer credible1.  

3. Quantify the impact of 2004 tsunami on changes to catastrophic health spending. 

 
1 In the machine learning literature, the definition of transportability is different, referring to the ability 

to apply a model trained on one population or setting to a new population or setting (target) while 

maintaining predictive performance. It is related to but distinct from external validity in the econometric 

sense, which asks whether a treatment effect or finding generalises to a new population. To measure 

strength of transportability as defined in typical machine learning contexts, metrics such as the Brier 

score and Integrated Calibration Index are used. These metrics cannot be applied in our setting 

because they require observed outcomes in the target context, which are precisely what we are trying 

to predict. Transportability as we define in this paper is the stricter, more formal condition that the 

conditional relationship between covariates and the outcome, P(Y|X), is stable across contexts Pearl, 

J., & Bareinboim, E. (2014). External Validity: From Do-Calculus to Transportability Across 

Populations. Statistical Science, 29(4), 579-595. https://doi.org/10.1214/14-sts486 .  
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The study makes four key contributions. First, it addresses a core economic measurement 

problem: the absence of pre-event baseline data that makes counterfactual welfare analysis 

impossible in disaster-affected settings. This data scarcity challenge is recognised in the 

poverty measurement literature (Dang & Lanjouw, 2023; Dang et al., 2019) but has received 

little attention in disaster economics.  We introduce a methodological innovation merging 

explainable deep learning with longitudinal household survey data to reconstruct 

unobserved economic quantities — specifically pre-disaster household health spending. 

While this approach extends the cross-survey imputation tradition in economic measurement 

(Dang et al., 2025; Elbers et al., 2003), it addresses a distinct and more demanding problem: 

imputing a variable for a pre-event baseline for a population that was only surveyed after the 

disaster, where no directly comparable pre-event survey exists2.  

 

Availability of pre-hazard data enables counterfactual analysis informing evidence-based 

shock-responsive policy design. It also allows the creation of social vulnerability functions 

(also known as damage functions) that explicitly incorporate microeconomic data to quantify 

disaster risk. Currently, probabilistic disaster risk quantification using tools such as 

catastrophe modelling focus on damages to infrastructure and property. This is partly due to 

the lack of socioeconomic data in disaster contexts. The method we introduce is an 

 
2 Dang et al. (2025) use a linear model with cluster random effects and simulation-based prediction to 

impute consumption data never collected within an existing survey, validating against true values from 

comparable surveys at the aggregate level. Our approach differs in three ways. (1) We use a non-

parametric hybrid machine learning method that imposes no distributional assumptions (2) We predict 

individual household-level outcomes rather than aggregate poverty rates. (3) As validation against 

true pre-event values is impossible for the tsunami context we employ alternative plausibility checks 

including distributional assessment, comparison with independent survey estimates, and formal 

transportability testing. 
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important stepping stone allowing the development of generic vulnerability functions to 

support innovative risk quantification found in early work such as Salmanidou et al. (2021).  

 

Second, the paper contributes to the growing literature on transparency and trustworthiness 

in economic measurement (Coyle & Nakamura, 2019). It applies explainable artificial 

intelligence methods for economic analysis in disaster contexts. Conventional models predict 

results, but the drivers of such predictions are an unknown “black box”. The use of 

explainable artificial intelligence unpacks the main drivers of the predictions allowing checks 

for plausibility and reliability of the model a requirement that is critical not only for academic 

validity but for any method intended to inform official statistics or policy in high-stakes 

settings. 

 

Third, it broadens the scope of machine learning in disaster science by shifting the focus 

from hazard mapping and post-disaster response using remote sensing toward 

socioeconomic impacts, high-impact low-probability events, and the measurement of  pre-

hazard event baselines through secondary household surveys to support welfare 

measurement and to enable ex-ante risk reduction as much as it does ex-post coping and 

recovery.  

 

Finally, it provides the first model-based measurement of pre- 2004 tsunami out-of-pocket 

health spending in Aceh and North Sumatra.  

This is a scoping and proof-of-concept study that can be built on and expanded with further 

training on heterogeneous data sources toward approaches analogous to foundation models 

in machine learning — large-scale models capable of generalising across contexts — that 

could predict unobserved welfare outcomes across diverse disaster settings with higher 

accuracy. 
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2. Framework and data 

2.1 A quasi-experimental framework 

Natural hazards such as earthquakes and tsunamis strike populations largely at random, 

without targeting specific individuals or households, sometimes with little warning. However, 

the exposure of populations to their effects is not random — socioeconomic circumstances, 

historical settlement patterns, property values, and discrimination can concentrate more 

disadvantaged populations in more vulnerable locations. This means that exposed and 

unexposed groups may differ systematically in ways that confound causal inference. To 

address this, we do not simply compare affected and unaffected households. Instead, we 

use carefully constructed treatment groups and comparable control groups. When combined 

with pre- and post-event data, this enables causal inference on the impact of hazard events 

on household health spending using methods such as difference-in-differences analysis or 

propensity score-weighted regressions (Angrist & Pischke, 2009; Craig et al., 2017; Hirano & 

Imbens, 2004). Such analysis assumes that the parallel trends assumption holds, meaning 

that in the absence of the hazard, treated and control households would have followed 

similar trajectories in health spending over time. This allows changes observed after the 

event to be attributed to the hazard itself rather than pre-existing differences between 

groups. 

 

In the case of the 2006 earthquake that struck near the major city of Yogyakarta on the 

island of Java, the treatment group is defined as households located in areas that 

experienced significant ground shaking, as measured by the instrumental Modified Mercalli 

Intensity scale. The control group of households comes from unaffected urban areas that are 

within 5km of cities with a population of more than 300000 people in Java. This classification 

comes from the careful methodology developed in Kirchberger (2017). This quasi-

experimental subset of IFLS data underpins our explainable machine learning models, 

guiding them to learn patterns specifically associated with high-impact, low-probability 

hazard exposure and household characteristics relevant to health spending. It is important to 
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note that the machine learning models are purely predictive, capturing associations rather 

than causal impacts.  

 

Using a subset of the IFLS data that fits a quasi-experimental setting rather than the full IFLS 

dataset reduces the noise and complexity of the sample, especially as we hope to apply (or 

‘transport’) the trained model to a different context. Thus, even the 2004 Indian Ocean 

tsunami data from STAR includes only treatment and control group households that were 

exposed to heavy, moderate or no/light damage. This construction was inbuilt to the survey 

by the STAR team, who used satellite images corroborated by field-verification.  

 

2.1.1. Indonesia Family Life Survey (IFLS) – pre- and post-earthquake data 

The IFLS is a nationally representative longitudinal study initiated in 1993, covering 11 of 15 

Indonesian provinces and approximately 83% of the population. We utilize data from the 

2000 and 2007 waves to capture pre- and post-earthquake conditions for the 27 May 2006 

Yogyakarta earthquake that recorded a 6.6 magnitude and Medvedev— Sponheuer–Karnik 

scale of VIII (damaging). The treatment group comprises 430 households directly affected, 

and the control group includes 2151 households. Respondents were interviewed 6–14 

months after the earthquake struck. Corresponding earthquake intensity is based on the 

work of Kirchberger (2017) who uses the United States Geological Survey’s ShakeMap 

measure of instrumental intensity that maps ground motion parameters onto the Modified 

Mercalli Intensity scale. 

  

2.1.2. Study of the Tsunami Aftermath and Recovery (STAR) Survey – post-tsunami 

data 

The STAR survey sampled households from areas that were severely damaged along the 

coast of Aceh and North Sumatra as well as households with little or no damage from areas 

slightly more interior. The survey was conducted 5–12 months after the event, across 13 

districts (kabupaten) and the sampling framework was based on the 2004 National 
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Socioeconomic Survey , which included 585 enumeration areas within 525 villages (desa). 

The treatment group comprises 3,651 households with complete information, while the 

control group comprises 994 households. Treatment intensity is based on a household- level 

exposure measure constructed using 18 self-reported survey items capturing physical 

proximity (e.g., felt earthquake, saw tsunami, swept away), direct harm (e.g., injuries, 

displacement), social impacts (e.g., witnessing death or disappearance of 

relatives/neighbours), and psychological stress (e.g., fear of death or serious injury). These 

intensities map onto the STAR team’s own broader classification of heavy, medium and 

no/light damage-based tsunami physical damage and destruction, captured using satellite 

imagery at a resolution of 0.6 square kilometres, validated by field observations. Figure 1 

shows the location of the households based on the geographic coordinates disclosed in the 

surveys: for IFLS at the subdistrict level and for STAR at the region level. 

 

Both surveys include comparable variables for household health spending, demographics, 

and socio-economic characteristics. IFLS has complete data on pre and post-hazard event 

characteristics, but the STAR contains mainly post-event data. However, it asks respondents 

a few retrospective questions about pre-tsunami characteristics such as wealth and income 

but not about health spending. The available retrospective data is used to construct baseline 

variables to support a more informed machine learning model. More details on variables 

used, including summary statistics, are provided in Appendix Table A1.  

 

2.2. Features that influence household health spending share  

High-impact, low-probability events such as earthquakes and tsunamis fundamentally disrupt 

household economic decisions, particularly regarding health expenditure allocation. Figure 2 

illustrates how hazard, exposure, and vulnerability interact to generate both health losses 

and asset destruction, which together drive demand for health services. This demand may 

be met through public healthcare, insurance, or aid, but when these prove inadequate, 
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households resort to out-of-pocket spending. Understanding how hazards affect the 

household budget share of health spending requires examining both demand and supply 

mechanisms operating through these interconnected channels. 

 

Figure 1: Spatial extent of the two Indonesian surveys used in this study. The Study of 

Tsunami Aftermath and Recovery (STAR) data spread over 13 districts in Aceh and North 

Sumatra. The Indonesia Family Life Survey (IFLS) data spread across different provinces in 

Java.  

 

 

Demand-Side Features 

Natural hazards generate immediate and persistent changes in health service demand. 

Physical injuries, disease outbreaks, and mental health deterioration following displacement 
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create direct pressure for healthcare utilisation (Watson et al., 2007). However, simultaneous 

asset destruction and livelihood disruption constrain households' financial capacity to seek 

care (García-Gómez et al., 2013). When income falls sharply while health needs rise, the 

household budget share allocated to health may increase, decrease, or remain stable 

depending on which effect dominates. Mental wellbeing proves particularly important as poor 

psychological health can reduce labour force participation and workplace productivity, 

thereby suppressing earnings (Bubonya et al., 2017; Loughran & Heaton, 2013). 

Conversely, employment losses and economic shocks can precipitate depressive symptoms, 

creating bidirectional relationships between economic circumstances and mental health 

(Frijters et al., 2014). 

Household characteristics capturing demand-side pressures include total income, reflecting 

overall economic capacity and budget constraints; wealth indices and asset holdings, 

indicating longer-term economic position and shock absorption capacity; household size, 

affecting health expenditure needs; and health status variables, directly measuring medical 

need. Educational attainment—stratified across primary, secondary, and tertiary levels—

signals both earning potential and health knowledge influencing care-seeking behaviour. 

Farming household status indicates livelihood vulnerability to environmental shocks and 

income volatility. 

Supply-Side Features 

The post-event healthcare landscape transforms through both deterioration and 

reconstruction. Infrastructure damage reduces healthcare accessibility, particularly in rural 

areas where facilities are sparse and transportation networks are disrupted. Simultaneously, 

humanitarian assistance often delivers substantial short-to-medium term support through 

medical aid, subsidized services, and cash-for-work programs, temporarily reducing out-of-

pocket spending despite elevated health needs. Reconstruction activities may increase 
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wages in certain sectors, potentially improving household financial capacity (Kirchberger, 

2017). 

Features capturing supply-side factors include geographic location—rural versus urban—

which proxies healthcare accessibility, infrastructure quality, and supply constraints. Aid and 

transfers including pensions and scholarships capture external resource flows that buffer 

disaster impacts and improve service access. 

Together, these demand and supply-side features capture the pressures, constraints, and 

resources determining how households allocate budgets toward health in hazard-affected 

contexts. The machine learning approach uses these multidimensional predictors to learn 

relationships between household characteristics and the budget share of health expenditure 

allocation applicable to predicting unobserved baseline spending in the tsunami context. 

Figure 2: Conceptual pathways from high-impact, low-probability events to household health 

spending share  Adapted framework from Syukriyah and Himaz (2024), showing how 

hazard, exposure, and vulnerability generate health and asset losses that drive demand for 

health services, which may be financed through public systems, insurance aid. or out-of-

pocket spending.  
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3. Empirical Methods 

3.1. Deep-learning methods to predict unobserved data 

We train and test nine different machine learning models from various architectures: Linear 

models (regression), tree-based (Random Forest, XGBoost, Light Gradient Boosting 

Machine (LGBM)), neural networks (Feedforward Neural Networks (FNN)) and ensembles 

(Hybrid FNN-LGBM, Hybrid TabNet-LightGBM). Due to space considerations, we explain 

below the empirical method with regard to our model of choice, Hybrid FNN-LGBM, as 

decided based on the results described in more detail in the next section. 

 

The hybrid Feedforward Neural Network–Light Gradient Boosting Machine (FNN–LGBM) 

model is designed to exploit the complementary strengths of deep neural networks and 

gradient boosted decision trees in predictive modelling for structured tabular data. The FNN 

component serves as a powerful, supervised feature generator capable of extracting non-

linear and high-order feature interactions, while the LightGBM component provides efficient, 

robust, and interpretable tree-based regression. By integrating these two paradigms in a 

stacked generalisation framework, the hybrid model achieves both representational richness 

and predictive stability, making it well-suited for complex tasks such as estimating pre-event 

household health spending in data-scarce settings. 

 

Feedforward neural networks (FNNs) constitute one of the foundational architectures in deep 

learning. Inspired by biological neural systems, artificial neurons receive input signals, apply 

weighted transformations, and propagate activations through non-linear functions. 

Let us denote the input vector by x ∈ ℝᵈ, where d is the dimensionality of the feature space. 

The output of a single neuron is given by: 

f(x; W, b) = σ(Wx + b) 
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Here, W ∈ ℝⁿˣᵈ represents the weight matrix, b ∈ ℝⁿ the bias vector, and σ(·) a non-linear 

activation function. Activation functions are essential for introducing non-linearity, enabling 

the network to model complex, non-linear relationships. In our implementation, rectified 

linear units (ReLU) were employed in the hidden layers for their computational efficiency and 

gradient stability, while a sigmoid activation was applied at the output layer to constrain 

predictions to the interval [0, 1], consistent with the bounded nature of the target variable. 

Let us define the layer-wise transformation for a network comprising L layers. For each 

hidden layer l = 1, …, L, the output is computed as: 

h⁽ˡ⁾ = σ(W⁽ˡ⁾ h⁽ˡ⁻¹⁾ + b⁽ˡ⁾) 

with h⁽⁰⁾ = x, W⁽ˡ⁾ ∈ ℝⁿ⁽ˡ⁾ˣⁿ⁽ˡ⁻¹⁾, and b⁽ˡ⁾ ∈ ℝⁿ⁽ˡ⁾. In our configuration, the FNN comprises two 

hidden layers with 128 and 64 units, respectively. Each layer is followed by dropout 

regularisation (rate = 0.30) to mitigate overfitting. 

Supervised Embedding and Feature Augmentation 

The output of the final hidden layer, denoted z_FNN ∈ ℝᵐ, serves as a dense, task-specific 

embedding of the input data, where m = 64 corresponds to the dimensionality of the last 

hidden layer. To prevent information leakage and ensure unbiased embedding generation, 

we employed five-fold cross-validation. For each fold, the FNN was trained on the training 

subset and used to generate embeddings for the corresponding validation subset. The 

concatenation of these out-of-fold embeddings yields a meta-feature per instance. 

Let us define the augmented feature vector as: 

x_aug = [x; z_FNN] ∈ ℝᵈ⁺ᵐ 

where [·;·] denotes vector concatenation. 

Gradient Boosting Regression 
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The second stage of the hybrid model applies LightGBM regression to the extracted feature 

set. LightGBM constructs an ensemble of decision trees in a sequential manner, where each 

tree is trained to minimise the residuals of the current model. Let fₜ(x) denote the prediction 

of the t-th tree, and Fₜ(x) the cumulative model after t iterations. The model update rule is 

given by: 

Fₜ(x) = Fₜ₋₁(x) + ηfₜ(x) 

where η is the learning rate. The objective function to be minimised is: 

ℒ(θ) = Σᵢ ℓ(yᵢ, F(x_augᵢ; θ)) + Ω(F) 

Here, ℓ(·) denotes the mean squared error loss, θ the parameters of the trees, and Ω(F) a 

regularisation term controlling model complexity. 

In our implementation, LightGBM was configured with the following hyperparameters: 

n_estimators = 500, max_depth = 10, learning_rate = 0.01, and a fixed random seed (42) to 

ensure reproducibility. 

The proposed hybrid FNN–LightGBM framework combines the expressive capacity of deep 

neural embeddings with the predictive stability and interpretability of gradient boosted trees. 

The FNN component extracts high-level representations tailored to the prediction task, while 

LightGBM leverages both original covariates and learned embeddings to enhance accuracy. 

This architecture is particularly well-suited to noisy, heterogeneous domains, as 

demonstrated by its robust performance in our health expenditure prediction task. 

3.2. Transportability of earthquake-based predictions to tsunami context 

We conduct formal statistical tests to assess whether the earthquake-trained model can 

validly predict tsunami outcomes—a question of transportability. First, we 

calculate standardised mean differences for each covariate—the difference between sample 
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means for IFLS and STAR divided by the pooled standard deviation. A standard mean 

difference < 0.25 indicates acceptable balance for observational comparisons (Stuart, 2010). 

This scale-free metric reveals whether populations differ on observed characteristics 

affecting health expenditure. Second, we estimate propensity scores—the predicted 

probability of being in the STAR dataset given household characteristics—via logistic 

regression (Rosenbaum & Rubin 1983). The propensity score is a balancing score that 

collapses multidimensional covariate information into a single dimension. We 

assess common support, the overlapping region where both datasets have observations 

(Crump et al., 2009). High overlap indicates STAR households have comparable IFLS 

matches in the training data, enabling prediction without extrapolation. Third, we 

examine trimmed overlap (propensity scores 0.1–0.9), excluding extreme cases where 

predictions are least certain (Imbens, 2015). This conservative metric identifies the subset 

for which transportability is strongest. 

3.3. Econometric methods to estimate impact of tsunami on health outcomes 

Once the unobserved baseline data are predicted using machine learning methods, the 

following model is used to estimate the impact of the tsunami on health outcomes. Pre-

tsunami data is denoted as t=1 and post-tsunami data collected 5–18 months after the event 

as t=2. 

𝑦𝑦𝑖𝑖2 =  𝛼𝛼 + 𝛽𝛽𝛽𝛽𝑖𝑖 + 𝛽𝛽𝛽𝛽𝑖𝑖 + 𝛾𝛾𝛾𝛾𝑖𝑖1′ + 𝜀𝜀𝑖𝑖1  (1) 

 

for individuals   𝑖𝑖 = 1 …𝑁𝑁 where 

 

𝑦𝑦𝑖𝑖2 is household monthly income share of out-of-pocket health spending (continuous 

variable) or catastrophic health spending status (=1 if health spending share > 10%, 0 

otherwise). The variable 𝐻𝐻𝑖𝑖 and 𝑀𝑀𝑖𝑖, represent tsunami damage that can be heavy or 

moderate (with no damage omitted). 𝑋𝑋𝑖𝑖1 is a vector of pre-tsunami controls including 

predicted health share or baseline catastrophic health spending based on the machine 
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learning predictions. Given imbalances in pre-tsunami characteristics across damage 

groups, regressions are weighted using propensity scores for tsunami exposure 

(Rosenbaum & Rubin, 1983; Syukriyah & Himaz, 2024). The 2004 Indian Ocean tsunami 

struck without warning, with the first waves reaching Aceh approximately 20 minutes after 

the undersea earthquake, leaving no time for preparation. This lack of forewarning supports 

treating the timing and occurrence of the tsunami as exogenous, ruling out anticipatory 

behavioural responses such as relocation. 

 

However, the exposure of households to tsunami damage reflects both proximity to the coast 

and underlying socioeconomic characteristics that may affect health spending independently. 

Indeed, pre-tsunami characteristics were not balanced between the treatment and control 

groups. We therefore weight all regressions using propensity scores for tsunami exposure 

based on observable household characteristics (Rosenbaum & Rubin, 1983; Syukriyah & 

Himaz, 2024), reducing but not eliminating the risk that omitted factors drive results. The 

identification assumption E(εj1|Mj, Hj, Xj1) = 0 should therefore be understood as conditional 

on the observable controls and propensity score weighting. 

 

4. Results 

4.1 Deep learning model development and validation 

To identify the most suitable approach for estimating pre-event household health spending 

as a share of income (health share) in data-scarce contexts, we developed and validated a 

diverse set of machine learning and deep learning models (Figure 3). The baseline was a 

linear regression model, representing a traditional statistical approach that captures only 

linear relationships between predictors and outcomes. We then implemented XGBoost 

(Chen & Guestrin, 2016) and LightGBM (Ke et al., 2017), both gradient boosting frameworks 

that are highly effective for structured data and capable of modelling complex, non-linear 

patterns. Ensemble tree methods were further extended to a Random Forest (Breiman, 
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2001), which averages predictions from multiple decision trees to reduce variance and 

improve generalisation. 

 

Figure 3: The flow chart of the process for training the hybrid Feedforward Neural Network–

Light Gradient Boosting Machine (FNN-LGMB) model.  

 

 

We also tested several deep learning architectures tailored for tabular and sequential data. 

TabNet (Arik & Pfister, 2021) uses an attention-based mechanism to learn sparse, 

interpretable feature representations. A feedforward neural network (FNN) was applied as a 

flexible non-linear function approximator. We further evaluated a Siamese self-attention 

transformer (Vaswani et al., 2017), designed to learn robust similarity measures between 

data instances through parallel attention mechanisms. 

 

Finally, we developed two hybrid models that combined deep feature extraction with gradient 

boosting: the hybrid FNN–LightGBM (FNN-LGBM), which uses an FNN to learn latent 

representations before LightGBM prediction, and the hybrid TabNet-LightGBM (TabNet-

LGBM), which integrates LightGBM’s efficiency with TabNet’s multi-step attention layers. All 
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models were trained and evaluated on the same pre-processed dataset using k-fold cross-

validation and consistent performance metrics to ensure fair comparison. Across all 

experiments, the hybrid FNN-LGBM achieved the highest predictive accuracy, with the 

hybrid LGBM-TabNet performing a very close second. Both outperformed the standalone 

deep learning and gradient boosting approaches, highlighting the value of combining 

representation learning with strong ensemble methods in structured tabular data. More 

details on the deep learning method are provided in the Appendix.  

 

4.2. Pre-quake health share estimation using IFLS data 

The raw and relative prediction performance metrics in Table 1 show that IFLS pre-quake 

health spending is best estimated by the FNN-LGBM model. This is based on low Root 

Mean Squared Error of 0.056, matching or outperforming other models on typical error with 

Median Absolute Error=0.022 and moderate sensitivity (5.5%) in identifying households with 

catastrophic spending (health share>0.1). Similar results based on metric evaluation come 

from Tabnet-LGBM. Figure 4 compares Root Mean Squared Error across selected models. 

Full prediction performance metrics across all nine models are provided in Appendix Table 

A2 panels A and B, with Appendix Table A3 providing definitions and calculation methods.  



 21 

Table 1: Raw prediction metrics for health expenditure proportion (health share) and catastrophic spending detection across models  

Model mean Mean 

Squared 

Error 

Root Mean 

Squared 

Error 

Mean 

Absolute 

Error 

Median 

Absolute 

Error 

Sensitivity 

(health 

share>10%) 

Actual 0.039 n/a n/a n/a n/a n/a 

Siamese Self-Attention Transformer 0.021 0.004 0.06 0.019 0.009 0 

Feedforward Neural Network 0.027 0.003 0.057 0.026 0.013 0.9 

Linear Regression  0.038 0.003 0.055 0.04 0.03 0.9 

Random Forrest  0.042 0.003 0.056 0.044 0.015 9.2 

XGBoost 0.04 0.004 0.06 0.044 0.024 13.8 

Light Gradient Boosting 0.039 0.003 0.058 0.041 0.024 9.2 

Feedforward Neural Network –Light 

Gradient Boosting Machine 

0.038 0.003 0.056 0.039 0.022 5.5 

Tabnet 0.041 0.004 0.063 0.047 0.018 0.0 

TabNet– Light Gradient Boosting Machine 0.038 0.003 0.057 0.039 0.021 4.6 

Notes: Mean Squared Error: average squared difference between predicted and observed values; Root Mean Squared Error: square root of Mean Squared 

Error; Mean Absolute Error: average absolute difference; Median Absolute Error: median absolute difference; Sensitivity: ability of the model to correctly 

identify individuals spending >10% of income on health. 
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Figure 4: Machine learning model comparison based on Root Mean Qquared Error (RMSE). 

SSAT: Siamese Self Attention Transformer; FNN: Feedforward Neural Network; LR: Linear 

Regression; RF: Random Forrest; XGB: XGBoost; LGBM: Light Gradient Boosting Machine; 

FNN-LGBM: Feedforward Neural Network –Light Gradient Boosting Machine; TabNet-

LGBM: TabNet–Light Gradient Boosting Machine.  

 

 

Overall, model performance varied substantially across both raw error metrics and relative 

evaluation criteria. While linear regression achieved the lowest Root Mean Squared Error 

(0.055), indicating strong performance in overall error minimisation, it exhibited higher 

median error (Median Absolute Error = 0.030) and a relatively weak sensitivity (0.9%). This 

suggests that despite minimising average deviation, linear regression struggled to accurately 

capture high-burden cases, which are central to the study’s aim. Although some tree-based 

models (Random Forest and XGBoost) showed stronger sensitivity (up to 13.8%) for 

detecting catastrophic spending, these came at the cost of significantly higher relative Mean 

Absolute Error, Median Absolute Error, and Quantile Loss values, indicating broader 

overfitting and noisier performance. Similarly, while the Siamese Transformer model excelled 
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at low-expenditure precision (lowest QLoss₀.₂₅ = 0.340), it suffered from minimal sensitivity 

to catastrophic spenders. In terms of performance across quantiles our model of choice –

FNN-LGBM– for applying to STAR data maintained competitive and symmetric performance 

across quantiles (QLoss₀.₂₅ = 0.498; QLoss₀.₇₅ = 0.507). Figure 5 shows health share 

predictions based on FNN-LGBM for IFLS test data. 

 

To understand the key features that contributed to the predictions, we use Shapley Additive 

Explanation (“Shapley”) plots (Lundberg & Lee, 2017), Figure 6. The most important features 

extracted by the FNN model are provided by the figure at the bottom while the predictors are 

in the main Shapley summary plot on the top. As seen from the summary plot, the top drivers 

of higher pre-quake health share are pre-quake assets, health condition, wealth, a household 

head with relatively higher education at completed tertiary or secondary school levels. The 

top driver of lower health share are household size and transfers. Although income is 

important in determining health share, it is the denominator of the health share metrics, and 

its effects are non-linear and heterogenous. Overall, these drivers corroborate findings in the 

literature that looks at household-level drivers of out-of-pocket health spending or 

catastrophic spending (Anindya et al., 2021; Deaton & Paxson, 1998; Fattah et al., 2023). 
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Figure 5: Health share predictions for the Indonesia Family Life Survey (IFLS) test data. The 

percentiles of the predictions are represented with dashed vertical lines. The kernel density 

function is estimated. 
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 Figure 6: a) Top:  Shapley values for the most important features in the training process of 

the hybrid machine learning model. b) Bottom: The bar plot represents the most important 

features in the Feedforward Neural Network (FNN) embeddings. 
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4.3. Transportability assessment 

Applying the methods discussed in section 3.2, covariate balance assessment finds 

contextual differences between settings (64% of covariates with standardised mean 

differences < 0.25), most notably in rural location (standardised mean differences = 0.81) 

and farming occupation (standardised mean differences = 0.51). However, propensity score 

analysis revealed 99.9% common support, indicating that despite mean differences, 

households with similar characteristic profiles exist across both contexts. Theoretically 

central variables—education, wealth, and health status—demonstrated good balance (all 

standardised mean differences < 0.21). While approximately 40% of STAR households 

represent the rural-farming tail of the IFLS distribution, the near-complete propensity score 

overlap supports reliable prediction for most cases. Therefore, while the model demonstrates 

reasonable validity for transportability, its predictions for households within the rural-farming 

demographic tail should be considered informed estimates within a plausible range, rather 

than precise point predictions. 

Table2: Assessment of Model Transportability from IFLS (Earthquake) to STAR (Tsunami) 

Test Metric Threshold Result Assessment 

Covariate 

balance 

% vars Standardised 

mean 

difference<0.25 

>75% 64% (7/11) Moderate 

Core variables Education, wealth, 

health 

- SMD<0.21 Well-balanced 

PS overlap (full) Common support % >75% 99.9% Excellent 

PS overlap 

(trimmed) 

Within [0.1, 0.9] >80% 65.6% Moderate 
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Contextual 

differences 

Rural, farming - SMD>0.50 Noted 

Note:  Propensity scores estimated via logistic regression on household characteristics (rural, farming, 

household size, income, wealth, assets, health status, education). Common support defined as 

overlapping propensity score range between datasets. Trimmed overlap restricts to propensity scores 

between 0.1 and 0.9, excluding extreme cases.  

 

4.4. Application to STAR to estimate pre-tsunami spending 

Appendix Table A4 provides summary statistics for pre-tsunami health predictions from all 

nine models. In the absence of actual data to confirm the validity of the predictions, can we 

infer how well the FNN-LGBM model –our model of choice– does when applied to a dataset 

from a different context? To do so, we first examine the distributional plausibility and internal 

consistency of the estimates. As seen in Figure 7 the model predicts a pre-tsunami mean 

health share of 0.0481 (standard deviation = 0.0263), which is lower than the observed post-

tsunami mean in STAR of 0.0563 (standard deviation = 0.0884), aligning with the hypothesis 

that catastrophic events like the tsunami increase out-of-pocket spending burdens. Moreover, 

the predicted distribution spans a realistic range—from near-zero values up to 0.1462, 

without the implausible extremes observed in some other models (e.g., linear regression’s 

minimum = -0.22; XGBoost = -0.03). The median prediction (0.0448) is also reasonably lower 

than the post-tsunami median in STAR (0.0655). Compared to alternatives, FNN–LGBM 

maintains a balanced spread with no degenerate distributions, no heavy truncation at the 

lower bound, and no negative or highly skewed artefacts. Given its strong out-of-sample 

performance on IFLS test data and the internal coherence of its STAR predictions, the FNN–

LGBM provides a robust and credible baseline for estimating pre-tsunami health share in 

STAR.  
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Figure 7: Health share predictions for the STAR data. The percentiles of the predictions are 

represented with dashed vertical lines. The kernel density function is estimated. 

 

 

We then examine how well the predictions do when compared with estimates from an 

independent source- World Bank (2006)’s estimations of health share based on the National 

Socioeconomic Survey data collected in 2004. The latter is a large-scale nationally 

representative household survey conducted by Badan Pusat Statistik, Indonesia’s national 

statistics agency, for monitoring purposes, representative of the population, unlike STAR that 

is tsunami-specific and not representative. The survey instruments it used to collect health, 

spending and income data differ from those used by STAR. Moreover, the World Bank report 

estimates the share of health spending as a percentage of household spending rather than 

income. Although STAR and the National Socioeconomic Survey are not strictly comparable, 

the latter reports average health share of 3.7% while the Hybrid FNN-LGBM model predicts 

4.8%. We consider this 1.1 percentage point difference reasonable given contextual 

differences. The predictions also fit general patterns seen on out-of-pocket health spending 

in Indonesia at the time with the share higher for rural versus urban households.  
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4.5. Impact of tsunami on health spending  

Using the predicted baseline values, we can analyse changes to household health spending 

and catastrophic spending due to the 2004 tsunami. As Table 3 summarises, mean health 

spending share (health share) increased from 4.8% pre-tsunami to 17.0% post-tsunami 

when tsunami-specific aid given to households is excluded. The share of households 

experiencing catastrophic health spending (defined as health share > 0.1) representing 

moderate financial stress, rose sharply from 4.5% to 29.4% without aid. Including aid 

mitigates this to some extent (18.3%), indicating its protective effect. These patterns hold 

when we look at severe catastrophic spending (defined as health share > 0.25) representing 

heavy financial stress. Disaggregating by wealth shows stark disparities. Among the poorest 

20% of households, nearly one-third were already above the catastrophic threshold pre-

tsunami, rising to 46.4% post-tsunami without aid. In contrast, no catastrophic spending was 

recorded among the richest 20% pre-tsunami, with post-tsunami exposure rising to 17.7% 

without aid. 

 

Table 3. Summary statistics for health spending burden and incidence of catastrophic 

spending, before and after the tsunami (with and without aid), overall and by wealth quintile. 

  Pre-tsunami Post-tsunami 

(with Aid) 

Post-tsunami 

(without aid) 

Health spending as a share of income 

(health share)  

0.048 0.056 0.17 

Catastrophic spending (health share 

> 0.1) 

4.5% 18.3% 29.4% 

Severe Catastrophic spending 

(health share > 0.25) 

0 7.2% 16.1% 

Catastrophic spending (>0.1) for 

poorest 20% 

29.4% 23.2% 46.4% 
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Catastrophic spending (>0.1) for 

richest 20% 

0 11.3% 17.7% 

Note: All pre-tsunami values are based on data estimated using the hybrid Feedforward 

Neural Network –Light Gradient Boosting Machine model. 

 

To estimate causal effects, we apply the empirical model discussed in section 3.3. The 

results (Table 4) show that aid played a significant role in mitigating out-of-pocket health 

spending. Without aid, households located in heavily and moderately damaged areas spent 5 

and 8 percentage points, respectively, of their income on health compared to households in 

no damage areas (column 4). However, with aid, these shares fell to being no different from 

pre-tsunami spending in heavy damage areas and 1 percentage point in moderately 

damaged areas (column 1). The results are similar with catastrophic spending. Without aid, 

households located in moderately damaged areas were 6 percentage points more likely to 

experience catastrophic health spending (>10% of income) compared to households in 

undamaged areas, holding pre-tsunami controls constant. However, aid directly targeted to 

households halved this probability. Pre-existing wealth was a strong predictor of protection 

from catastrophic health spending while a history of high health spending and an agricultural 

livelihood increased the risk. 

Another pattern that emerges is that households experiencing medium tsunami damage 

consistently faced a higher probability of catastrophic health spending compared to those in 

heavy damaged areas, with or without aid. However, the contrast should be interpreted with 

caution because the two groups may not be fully comparable populations post-tsunami. 

Survivor bias means those surviving in heavily damaged areas may be less injured than 

those in moderate damage areas, as it has been noted that those with severe injuries have a 

higher risk of drowning in tsunami floods (Morgan et al., 2005). This selection makes the two 

groups incomparable in their underlying health need. Moreover, the lower financial burden in 

heavy damage areas may have been due to unmeasured indirect assistance such as mobile 
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clinics and free services that were concentrated in the hardest-hit areas in the aftermath of 

the tsunami. This post-treatment confounding affects the comparability of observed financial 

outcomes across the two groups. Another point is that the massive influx of aid increased 

incomes significantly in heavy damage areas as noted in Himaz (2022) and thus inflated the 

denominator of the health share metric, mechanically reducing health. Together, these 

mechanisms suggest the observed pattern reflects the realised financial burden on survivors 

rather than the causal effect of damage on health, and that the mitigation of financial burden 

was more pronounced in heavy damage areas. 

Table 4: Impact of tsunami on out-of-pocket health spending metrics 

  (1) Health 

share (with 

aid) 

(2) 

Catastrophic 

spending 

(>10%) (with 

aid) 

(3) Health 

share (without 

aid) 

(4) 

Catastrophic 

spending 

(>10%) 

(without aid) 

Medium damage 0.01*** 0.03** 0.08*** 0.06*** 

  (0.00) (0.01) (0.02) (0.02) 

Heavy damage -0.01 -0.03* 0.05** 0.01 

  (0.00) (0.02) (0.03) (0.02) 

Pre-tsunami 

controls 

YES YES YES YES 

Observations 4,645 4,645 4,577 4,645 

Notes:  "Health Share" is defined as out-of-pocket health spending as a share of total household 

income. "Catastrophic Spending" is an indicator for whether this share exceeds 10% or 25%, 

respectively. Columns 1–2 use total household income excluding aid; Columns 3–4 use income 

including aid. Results in columns 1 and 3 based on Ordinary Least Squares estimator while columns 

2 and 4 are based on probit estimator. All regressions inverse probability weighted based on 

propensity scores for tsunami damage exposure. Robust standard errors in parentheses. *, **, and *** 

denote statistical significance at the 10%, 5%, and 1% levels, respectively.  
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5. Discussion 

This paper trains and tests machine learning models to predict baseline household health 

share in the context of the 2006 Yogyakarta earthquake in Indonesia and applied the most 

suitable model to estimate pre-event health share for Aceh and North Sumatra, Indonesia, in 

the context of the 2004 tsunami. The empirical findings using estimated pre-event tsunami 

health share reveal substantial tsunami-induced increases in catastrophic health spending—

from 4.5% to 29.4% without aid—with targeted assistance mitigating approximately half this 

burden. It also shows that those located in moderately damaged areas experienced higher 

out-of-pocket health costs, possibly due to the concentration of aid in heavy damage areas.  

The methodological approach, however, requires careful interpretation regarding cross-

context transportability. Applying an earthquake-trained model to predict tsunami impacts 

across different Indonesian regions and time periods introduces inherent uncertainty. While 

formal assessments achieved 99.9% propensity score overlap and reasonable balance on 

theoretically central variables, the 64% overall covariate balance and substantial 

rural/farming differences (standardised mean difference > 0.50) indicate meaningful 

contextual variation. This represents a trade-off: accepting prediction uncertainty to enable 

causal analysis versus having no baseline counterfactual whatsoever. 

Advancing this framework requires validation through additional events with complete 

longitudinal data before and after hazard events. However, such datasets are scarce 

especially in low- and middle- income settings. Recent advances in machine learning 

enhance transferability across events and regions through the creation and implementation 

of large-scale foundation models, trained on heterogeneous data sources (Bodnar et al., 

2025). In that context, this work provides a scoping and proof-of-concept study that 

assesses how machine learning approaches can be leveraged for transferable 

representations of disaster health vulnerability. Establishing a proof-of-concept forms a 

necessary step towards future multi-hazard and multi-regional models and future work will 
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investigate the integration of additional data into the framework. For example, Indonesia's 

IFLS covers other natural hazards beyond Yogyakarta, especially low-impact, high-

probability flooding events, enabling tests of whether earthquake-trained models generalise 

to other hazards, or whether multi-event training improves tsunami predictions. Such 

validation could establish further the potential to move from hazard-specific to general 

applicability.  

Transferring results from one type of hazard event, such as an earthquake, to another, such 

as a flood, may be problematic because of differences in damage profiles and geographical 

patterns of impact. Future work using the wider IFLS data could incorporate formal 

uncertainty quantification and develop hazard-specific vulnerability functions to clarify when 

cross-hazard transportability holds versus when hazard mechanisms fundamentally alter 

health spending responses. Such work can also exploit administrative data, cross-sectional 

household surveys (such as the Living Standard Measurement Survey) or the Demographic 

Health Survey to construct pseudo-panels capturing information before and after the event 

for the training model, and corresponding data after an event for the context for which 

transportation is needed. In this case, the unit of assessment may not be the household, but 

the unit used in pseudo panel construction. 

Practical guidance for future researchers seeking to estimate unobserved welfare outcomes 

in disaster-affected, data-scarce settings.  

From the perspective of survey data, the method requires a large longitudinal household 

survey or pseudo panel with data before and after the hazard to test and train the machine 

learning model from context A and a comparable dataset from as close as possible context 

B for the event for which data is scarce. Until a larger pool of work is developed, better 

learning will be supported by creating quasi-experimental settings for both contexts A and B 

(i.e., construct valid hazard-affected treatment and control groups). Both contexts A and B 

require the construction of a wide range of identical variables to maximise model 
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performance. At least one of these variables needs to be an objective measure of 

appropriate hazard intensity (e.g., instrumental Mercalli index for earthquakes, flood depth, 

velocity or satellite-based intensity classification for tsunamis). Context A will have a total of 

n variables pre-hazard and the same variables measured post-hazard. If estimating a 

baseline outcome for context B is the goal, context B will have n − 1 pre-hazard variables 

and n variables post-hazard. The model trained and tested on context A will be applied to 

context B to estimate the missing variable, if the two populations are sufficiently similar on 

key observed characteristics.  

From a survey design perspective, our method suggests the vital importance of household 

geolocation provision in surveys to recover relevant hazard intensity metrics from other 

sources such as climate, geophysical or satellite data. It also suggests the importance of 

including retrospective questions in post-disaster surveys for key characteristics such as 

assets, wealth, health status, and employment to enable unobserved data estimation.  

From a machine learning perspective, the method suggests the use of approaches from a 

wide range of architectures including linear models, tree-based models, neural networks, 

and hybrid models. Adopting explainable artificial intelligence methods that identify the 

primary drivers of predictions allows users to assess model plausibility and reliability using 

contextual knowledge. Transparent reporting of predictive uncertainty is essential when such 

estimates inform causal inference and policy decisions. 

Overall, this framework represents an initial step toward scalable, multi-hazard modelling of 

disaster-induced welfare impacts. While uncertainty remains inherent in cross-context 

transportability, structured validation and expanding multi-event datasets can progressively 

strengthen the reliability and policy relevance of this approach. 
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6. Conclusion 

This study proposes a methodological framework that combines predictive machine learning 

with explainability methods and longitudinal household survey data to address a core 

economic measurement problem: how to reconstruct unobserved pre-event baseline data to 

enable credible welfare analysis in data-scarce settings.  

 

When training the model, we paid particular attention to transparency and trustworthiness by 

using post-hoc artificial explainability methods such as Shapley. This allowed us to 

understand the features that drove the model’s predictions. Quite apart from its usefulness in 

assessing of model reliability, the Shapley results can have a role in directly informing policy. 

For example, in our model of choice the Hybrid FNN-LGBM model, the drivers of positive 

out-of-pocket health spending shares were health condition, education levels and 

households’ wealth (i.e., assets) rather than income. The impact of the latter was 

heterogeneous and non-linear. This heterogeneity in how income relates to health cost 

burden suggests that interventions prioritising health are best delivered in kind rather than as 

cash transfers. This is an area for further research. 

 

The modelling was used to estimate baseline health shares for the tsunami context. Using 

this, we were able to glean some insights that would not otherwise have been possible. First, 

aid targeted directly to households in the context of wider recovery efforts, even if not 

directed towards health per se, can significantly mitigate out-of-pocket health spending 

increases post-event. While this reflects the effects of the massive influx of aid to heavy 

damage areas in the aftermath of the disaster, the consistently negative impacts on health 

costs under different specifications for moderate damage households highlight a second 

insight: Better coordination and distribution of aid focusing on areas around those of high 

devastation could have improved health spending outcomes for the wider affected areas, 

while leaving households with heavy damage no worse off than they were before the hazard 

event. The stronger apparent effect in moderate damage areas should, however, be 
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interpreted cautiously given survivor bias and the concentration of indirect aid in the hardest-

hit areas, which limit the direct comparability of the two groups. 

 

The approach introduced in this work carries significant implications for global efforts in 

disaster risk reduction that currently give insufficient weight to social vulnerability and 

microeconomic insights, especially in risk quantification efforts. Current catastrophe and 

climate risk models remain predominantly physical science-led, with economic measurement 

incorporated, if at all, using macro-level metrics. Part of the reason is data scarcity. Being 

able to estimate unobserved data opens a path to filling this gap. 

 

While demonstrated here for health spending in Indonesia, the framework extends in 

principle to other welfare outcomes rarely measured with pre-event baselines — such as 

food security, educational expenditure, or labour market participation — and to contexts 

beyond high-impact, low-probability events, though realising this broader potential requires 

building a much larger pool of evidence across diverse hazard types and settings. The 

approach could equally support prediction of post-disaster outcomes where a pre-event 

baseline exists, and need not be confined to high-impact, low-probability events. The binding 

constraint is not the machine learning method itself but the availability of comparable 

datasets across contexts. 
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 Appendix 

Table A1: Variable definitions  

Variable name Definition Mean, S.D and range 

IFLS (2000 and 2007) STAR (2004+2005) 

anyquake IFLS: =1 if district had any housing destruction 

STAR: =1 if household located in ‘heavy’ or 

‘medium’ damage area  

0.0833, 0.276, (0-1) 0.195, 0.396, (0,1) 

Instrumental Modified 

Mercalli Intensity 

IFLS: instrumental intensity using the Modified 

Mercalli intensity scale taken from Kirchberger 

(2017) who uses USGS ShakeMap. 

STAR: Tsunami exposure based on 18 self-

reported survey items capturing proximity, direct 

harm, social impacts and psychological stress. 

Full list of items available in the STAR codebook. 

  

2.238, 2.396 (0-8) 0.186, 0.1, (0, 1) 

hhsize number of members in the household 

  

4.302, 1.86, (1-16) 4.522, 2.01, (1, 17) 
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transfers monthly scholarships, insurance, aid in 2004 

prices 

1.22+04, 2.895+05, (0-1.917+07) 138014, 

782390, (0, 74216664) 

worse health At least one household member reports 

worsening health over the past 12 months" 

  

0.326, 0.468, (0-1) 0.236, 0.425, 

(0,1) 

Area affected =1 if Java 0 otherwise 0.613, 0.487, (0,1) 1, 0, (1, 1) 

total income monthly total household income per capita in 

2004 prices 

  

379812, 

991234.191, 

(0 

, 41770832) 

184199.568, 

363542.422, (0, 14885496) 

primary =1 if at least one household member educated at 

primary school level 0 otherwise 

  

0.984, 0.126, 

(0,1) 

0.989, 0.103, (0,1) 

secondary =1 if at least one household member educated at 

secondary school level 0 otherwise 

  

0.848, 0.359 

(0,1) 

0.832, 

0.373, (0,1) 
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tertiary =1 if at least one household member educated at 

tertiary level 0 otherwise 

  

0.242, 0.428, (0, 1) 0.221, 0.415, (0, 1) 

asset total household value in 2004 Rupiah 

  

64007907.5, 126634114, 

(0, 2040814080) 

33844077, 

70301812, (0, 

1858499968) 

wealth index Household wealth index 0.427, 0.146, (0, 0.923) 0.439, 0.186, (0, 1) 

farming =1 if household engaged in farming, 0 otherwise 

  

0.233, 0.423, 

(0, 1) 

0.483, 0.499, (0, 1) 

health share monthly health spending per household member 

in 2004 prices/monthly household income in 2004 

prices 

  

0.039, 0.095, (0, 0.989) only for 2005 data: 

0.167, 0.907, (0-31.44) 

islam =1 if Muslim, 0 otherwise 0.9, 0.3, (0, 1) 1, 0, (1, 1) 

rural =1 if rural, 0 otherwise 0.361, 0.48, (0,1) 0.727, 0.445, (0, 1) 

area affected   IFLS: =1 if location is Java 0 otherwise 

STAR: =1 if Aceh or North Sumatra 0 otherwise 

0.613, 0.487, (0,1)  1, 0, (1, 1)  
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closest neighbour    IFLS: =1 if ethnicity is Sunda 0 otherwise 

STAR: =0 

0.205,0.404, (0,1)  0, 0, (0, 0)  

furthest neighbour   IFLS: =1 if ethnicity is Acehnese 0 otherwise 

STAR: =0 

0.001,  

0.034, (0, 1)  

0, 0, (0, 0)  

Notes: STAR data for 2004 have been constructed using retrospective questions regarding the relevant variables asked in the 2005 survey. All 

variables are standardised independently by dataset when used in machine learning models.  
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Table A2, Panel 1: Raw prediction metrics for health expenditure proportion (health share).  

Model mean std min 25% 50% 75% max MSE RMSE MAE MedAE 

Actual 0.039 0.057 0 0.004 0.013 0.044 0.194 n/a n/a n/a n/a 

Siamese Self-Attention 

Transformer 

0.021 0.008 0.002 0.016 0.02 0.024 0.069 0.004 0.06 0.019 0.009 

Feedforward Neural Network 0.027 0.012 0.002 0.02 0.025 0.032 0.115 0.003 0.057 0.026 0.013 

Linear Regression 0.038 0.013 -0.043 0.032 0.039 0.044 0.117 0.003 0.055 0.04 0.03 

Random Forest 0.042 0.025 0.007 0.024 0.036 0.054 0.148 0.003 0.057 0.044 0.026 

XGBoost 0.04 0.035 -0.026 0.016 0.033 0.057 0.231 0.004 0.06 0.044 0.024 

LGBoost 0.039 0.029 -0.009 0.018 0.033 0.053 0.179 0.003 0.058 0.041 0.024 

Hybrid FNN-LGBM 0.038 0.025 0.003 0.021 0.032 0.049 0.145 0.003 0.056 0.039 0.022 

TabNet 0.042 0.027 -0.533 0.036 0.041 0.047 0.425 0.004 0.063 0.048 0.036 

HybridLGBMTabNet2000 0.038 0.025 0.002 0.02 0.032 0.05 0.136 0.003 0.057 0.039 0.021 

Notes: Linear regression achieved the lowest Root Mean Squared Error (RMSE) of 0.055, in health share units, indicating superior overall error 

minimisation, while the Hybrid FNN-LGBM balanced this with stronger median accuracy (Median Absolute Errot MedAE = 0.022 vs. 0.030 for 

linear regression). Mean Squared Error (MSE) values are reported in health share² while all other metrics are in health share units. See Panel 2 

for quantile-specific performance.; missing values for 'Actual' indicate perfect alignment by definition. See Appendix Table 3 for full definitions 

and calculation methods for the performance metrics. 
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Table A2, Panel 2: Relative performance metrics and catastrophic spending detection across models.  

Model Relative 

MAE 

Relative MedAE Relative_Qloss025 Relative_Qloss075 Sensitivity 

(health 

share>10%) 

Actual 0.0000 0.0000 0.0000 0.0000 . 

Siamese Self-Attention 

Transformer 0.9171 0.4383 0.3402 0.5769 

. 

Feedforward Neural Network 0.9345 0.5057 0.3924 0.5421 0.9 

Linear Regression 1.0387 0.7786 0.5149 0.5238 0.9 

Random Forest 1.0542 0.7265 0.5461 0.5081 9.2 

XGBoost 1.0886 0.7195 0.5519 0.5367 13.8 

LGBoost 1.0505 0.7220 0.5236 0.5269 9.2 

Hybrid FNN-LGBM 1.0047 0.6731 0.4977 0.5070 5.5 

TabNet 1.1486 0.8832 0.5906 0.5580 0.0 

HybridLGBMTabNet2000 1.0182 0.6511 0.5019 0.5162 4.6 

Notes: The Siamese Self-Attention Transformer achieved the lowest relative QLoss at the 25th quantile (0.340), indicating superior accuracy for 

low-spending households, while the Hybrid FNN-LGBM showed balanced performance across quantiles (0.498–0.507). However, 

RandomForest and XGBoost showed superior sensitivity (9.2–13.8%) in detecting catastrophic spenders (health share>10%), despite higher 
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relative errors. Relative metrics (MAE/MedAE/QLoss) are unitless ratios (model error relative to baseline); sensitivity is reported as a 

percentage of correctly identified catastrophic spenders (health share > 10%). Missing values reflect model failures to predict above-threshold 

spending. All metrics derived from IFLS data. See Appendix Table 3 for full definitions and calculation methods for the performance metrics. 
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Table A3: Definitions and formulas for raw and relative model evaluation metrics for predicting health spending as a proportion of income. 

Metric Interpretation Formula/Method of calculation 

Raw Metrics     

Mean Squared Error 

(MSE) 

Average squared deviation between predicted and actual 

health spending proportions 
1/𝑛𝑛�(𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2

𝑛𝑛

𝑖𝑖=1

 

Root Mean Squared 

Error (RMSE) 

Typical prediction error in health share. For example, 

RMSE = 0.056 implies model predictions typically fall 

within ±5.6% of income. RMSE penalizes large errors 

more than MAE. 

�1/𝑛𝑛�(𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2
𝑛𝑛

𝑖𝑖=1

 

Mean Absolute Error 

(MAE) 

Average absolute prediction error. For example, MAE = 

0.039 implies predictions deviate by 3.9% of income on 

average. 

1/𝑛𝑛� |𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖|
𝑛𝑛

𝑖𝑖=1

 

Median Absolute Error 

(MedAE) 

Typical (median) prediction error. For example, MedAE = 

0.022 means half of predictions are within 2.2% of income. 

Less sensitive to outliers than MAE. 

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(|𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖|) 
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ttest of difference 

between actual and 

predicted values 

Tests whether the average prediction bias is statistically 

different from 0. H₀: mean difference = 0 
𝑡𝑡 =

𝑑̅𝑑 − 0
𝑠𝑠𝑑𝑑/√𝑛𝑛

 

Relative Metrics     

Relative MAE Average prediction error as a percent of the full possible 

health share range (0 to 0.2). 
𝑀𝑀𝑀𝑀𝑀𝑀 ∗

100
𝑚𝑚𝑚𝑚𝑚𝑚 −𝑚𝑚𝑚𝑚𝑚𝑚

 

Relative MedAE Median prediction error as a percent of full health share 

range. 
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 ∗

100
𝑚𝑚𝑚𝑚𝑚𝑚 −𝑚𝑚𝑚𝑚𝑚𝑚

 

Relative Quantile Loss 

(τ=0.25, 0.5, 0.75) 

Evaluates asymmetric error tolerance (e.g., 

underestimates vs. overestimates). At τ = 0.5, equivalent 

to MedAE. 

1
𝑛𝑛∑ 𝜌𝜌𝜏𝜏(𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)𝑛𝑛

𝑖𝑖=1
∗

100
𝑚𝑚𝑚𝑚𝑚𝑚 −𝑚𝑚𝑚𝑚𝑚𝑚

 

Where 

�
𝜏𝜏.𝑢𝑢,            𝑖𝑖𝑖𝑖 𝑢𝑢 ≥ 0
(𝜏𝜏 − 1).𝑢𝑢, 𝑖𝑖𝑖𝑖 𝑢𝑢 < 0 

Sensitivity health 

share>0.1 

Ability of the model to correctly identify individuals 

spending >10% of income on health. Sensitivity = 100 

indicates perfect detection of all high spenders. 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁

∗ 100 

Where 
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A True positive= case where 𝑦𝑦𝑖𝑖 > 0.1 and 𝑦𝑦�𝑖𝑖 >

0.1 

A False Negative=𝑦𝑦𝑖𝑖 > 0.1 but 𝑦𝑦�𝑖𝑖 ≤ 0.1 

 

Notes: 𝑦𝑦�𝑖𝑖, 𝑦𝑦𝑖𝑖 are predicted and actual values for 𝑖𝑖𝑡𝑡ℎ data point, 𝑛𝑛=sample size;  𝑑̅𝑑= prediction mean bias; 𝑠𝑠𝑑𝑑= sample  

standard deviation of difference; outcome range: health share∈[0,0.2] 
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Table A4: STAR Predictions for pre-tsunami health spending as a proportion of income 

 mean std min 25% 50% 75% max 

Actual, post-tsunami 0.0563 0.0884 0 0 0.0168 0.0655 0.3275 

Siamese Self-Attention Transformer 0.0296 0.0121 0.0003 0.0203 0.0291 0.0392 0.0852 

Feedforward Neural Network 0.0315 0.0124 0 0.0239 0.0292 0.0378 0.1457 

Linear Regression 0.0395 0.0117 -0.2204 0.0357 0.0403 0.0446 0.1285 

Random Forest 0.0525 0.0229 0.0058 0.0345 0.0492 0.0682 0.1307 

XGBoost 0.0436 0.0313 -0.0293 0.0213 0.0386 0.0612 0.2202 

LGBoost 0.0559 0.0321 -0.0123 0.0302 0.052 0.0779 0.1857 

Hybrid FNN-LGBM 0.0481 0.0263 -0.0033 0.0277 0.0448 0.0636 0.1462 

TabNet 0.0456 0.012 0.0048 0.036 0.0463 0.054 0.1201 

Hybrid LGBM-TabNet 0.0471 0.0254 -0.0009 0.0275 0.042 0.0618 0.148 
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Table A5: Impact of Tsunami Damage on Household Health Expenditure and the incidence of catastrophic spending in 2005 (full results).  

  (1) Health 

share(with aid)  

(2) Catastrophic 

(>10%) (with aid) 

(3) Catastrophic 

(>25%) (with aid) 

(4) Health share 

(no aid) 

(5) Catastrophic 

(>10%) (no aid) 

(6) Catastrophic 

(>25%) (no aid) 

Medium damage 0.01*** 0.03** 0.03*** 0.08*** 0.06*** 0.05*** 

  (0.00) (0.01) (0.01) (0.02) (0.02) (0.01) 

Heavy damage -0.01 -0.03* 0.01 0.05** 0.01 0.03 

  (0.00) (0.02) (0.01) (0.03) (0.02) (0.02) 

Pre-tsunami 

controls 

            

Wealth -0.03*** -0.13*** -0.08*** -0.03 -0.09** -0.10*** 

  (0.01) (0.04) (0.03) (0.07) (0.04) (0.04) 

Rural residence -0.01 -0.01 -0.01 0.03 0.02 0.02 

  (0.00) (0.02) (0.01) (0.02) (0.02) (0.02) 

Agricultural 

livelihood 

0.00 0.02 0.02* 0.02 0.04** 0.04** 
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  (0.00) (0.02) (0.01) (0.03) (0.02) (0.02) 

Health spending 

share 

0.45***     2.32***     

  (0.07)     (0.37)     

Catastrophic 

spending (>0.1) 

  0.06 0.03   0.10** 0.10** 

    (0.04) (0.03)   (0.04) (0.04) 

Constant 0.05***     -0.01     

  (0.01)     (0.03)     

Observations 4,645 4,645 4,645 4,577 4,645 4,645 

Notes: Columns (1) and (4) report OLS results with inverse probability weighting based on propensity scores for tsunami damage exposure. Columns (2), (3), 

(5), and (6) report probit marginal effects from inverse probability weighted probit estimations. Health share refers to out-of-pocket health spending as a share 

of total household income. Catastrophic spending indicates health expenditure exceeding 10% or 25% of income. Columns 1–3 use income including aid; 

columns 4–6 exclude aid. All models control for pre-tsunami wealth, rural residence, and farming status; columns (1) and (4) also adjust for baseline health 

share, while columns (2), (3), (5), and (6) adjust for baseline catastrophic spending (>0.1). Robust standard errors in parentheses. Significance levels: 

*p<0.10, **p<0.05, ***p<0.01. 
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