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Outline

Understanding displacement durations

Understanding the role of housing damage

What’s coming up next?

Introduction and key context
Paul, Nicole, Carmine Galasso, and Jack Baker. 2024. “Household Displacement 
and Return in Disasters: A Review.” Natural Hazards Review 25 (1): 03123006. 
https://doi.org/10.1061/NHREFO.NHENG-1930 

Paul, Nicole, Carmine Galasso, Vitor Silva, and Jack Baker. 2024. “Population 
Displacement after Earthquakes: Benchmarking Predictions Based on Housing 
Damage.” Seismica 3 (2). https://doi.org/10.26443/seismica.v3i2.1374. 

Paul, Nicole, Carmine Galasso, Jack Baker, and Vitor Silva. 2025. “A predictive model 
for household displacement duration after disasters.” Risk Analysis. 
https://onlinelibrary.wiley.com/doi/10.1111/risa.17710 

All papers are open access and are linked on my website: nicolepaul.io 

https://doi.org/10.1061/NHREFO.NHENG-1930
https://doi.org/10.26443/seismica.v3i2.1374
https://onlinelibrary.wiley.com/doi/10.1111/risa.17710
https://nicolepaul.io/
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A primer on disaster risk modeling

Hazard Exposure

Damage Loss
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Introduction
Paul, Nicole, Carmine Galasso, and Jack Baker. 2024. “Household Displacement 
and Return in Disasters: A Review.” Natural Hazards Review 25 (1): 03123006. 
https://doi.org/10.1061/NHREFO.NHENG-1930 

https://doi.org/10.1061/NHREFO.NHENG-1930
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In 2020 alone, at least 30 million were displaced due to natural hazards. By the 

end of the year, at least 7 million were still displaced (IDMC 2021)

The scale of human impact

The annual number displaced from disasters is expected to increase, driven by 

population growth in hazard-prone areas and exacerbated by climate change

Increasing risk under current trends

Existing disaster risk assessments tend to focus on economic loss, a metric that 

often highlights the wealthiest as the most at-risk

A more equitable risk metric

Why study population displacement?
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Scope and definitions
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The importance of duration
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Consequences of protracted displacement

Loss of 
livelihood

Disrupted 
education

Reduced 
supports

Psychosocial 
issues

Worsened 
housing

Protracted displacement is associated with negative consequences for 
households and the community
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Household decisions to return

Household demographics

Socioeconomic status (e.g., income)

Housing and land tenure

Race/ethnicity/caste

Age

Physical damage

Habitability of housing (damage, weather, utilities)

Housing type

Community damage

Reconstruction progress

Pre- and post-disaster policies

Pre-existing housing conditions (e.g., vacancies)

Housing reconstruction approaches

Other disaster assistance policies

Psychological & social phenomena

Acceleration of ongoing trends

Attachment to place

Social capital (networks, family/friends)

Perceived risk
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The role of 
housing damage
Paul, Nicole, Carmine Galasso, Vitor Silva, and Jack Baker. 2024. “Population 
Displacement after Earthquakes: Benchmarking Predictions Based on Housing 
Damage.” Seismica 3 (2). https://doi.org/10.26443/seismica.v3i2.1374. 

https://doi.org/10.26443/seismica.v3i2.1374
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What is the standard practice?

Despite the range of factors that influence household return identified in 
the literature review, standard practice is to consider just housing damage

Destroyed homes Average household size Displaced population

× =
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Selecting past earthquake scenarios

The exposure models used for the scenario analysis are representative of 

the year 2021 and would not be representative for older events

Recency of the earthquake event 

Locations were chosen to cover different tectonic regions, standard 

construction practices, and levels of data availability

Diverse geographic coverage

Most estimates assume housing destruction as the primary driver, 

whereas mobile location estimates do not rely on this assumption

Availability of mobile location data-based estimates
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Selecting past earthquake scenarios

Haiti
2021 MW7.2 Nippes

Japan
2016 MW7.0 Kumamoto

Nepal
2015 MW7.8 Gorkha
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Benchmarking displaced estimates

The scenario model estimates were largely consistent with the official reports, 
albeit with a broad range of uncertainty.
The mobile location data estimates were closer to the distribution tails

Scenario model best estimate

Officially reported estimate

Mobile location data estimate

Haiti
2021 MW7.2 Nippes

Japan
2016 MW7.0 Kumamoto

Nepal
2015 MW7.8 Gorkha
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Benchmarking displaced estimates over time

Japan
2016 MW7.0 Kumamoto

Estimating displacement using only 
housing damage seems to estimate 
potential long-term housing needs 
realistically

However, this approach offers no view 
on displacement duration or return
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Understanding the role of damage

The models using damage as a displacement driver were consistent with official 

reports and long-term mobile location estimates, but have large uncertainty

Scenario model estimates based on housing damage show some promise

Official reports lack information on displacement over time, and the model 

estimates using housing damage similarly lack a time component

Quantification of displacement duration remains a challenge

Mobile location data could fill the data gap on duration, but further investigation 

on the displacement criterion & sample representativeness is needed

Mobile location data-based estimates require further benchmarking
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The duration
of displacement
Paul, Nicole, Carmine Galasso, Jack Baker, and Vitor Silva. 2025. “A predictive model 
for household displacement duration after disasters.” Risk Analysis. 
https://onlinelibrary.wiley.com/doi/10.1111/risa.17710 

https://onlinelibrary.wiley.com/doi/10.1111/risa.17710
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Household displacement in US disasters

Since 2021, 1.1% of households have 
been displaced by disasters in the US

Proportion of households that were displaced
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Household displacement in US disasters

Since 2021, 1.1% of households have 
been displaced by disasters in the US

Most households returned quickly

• Within a week: 43%

• Within a month: 23%

Others faced protracted displacement

• One to six months: 12%

• Over six months: 8%

• Not returned: 14%

Proportion of displaced households that took >1mo to return
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Household displacement in US disasters

Since 2021, 1.1% of households have 
been displaced by disasters in the US

Most households returned quickly

• Within a week: 43%

• Within a month: 23%

Others faced protracted displacement

• One to six months: 12%

• Over six months: 8%

• Not returned: 14%

Proportion of displaced households that have not returned
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Exploring trends and fitting predictive models

hps.nicolepaul.io

The availability of microdata allows us 
to explore trends various factors have 
with displacement durations:

• Property damage

• Lifeline disruption

• Household demographics

• Area-based attributes

We can also fit predictive models for 
household displacement durations 
and evaluate their performance

https://hps.nicolepaul.io/
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Predicting household return after disasters

Displacement duration

1. Emergency phase 
(return in less than 1 month)

2. Recovery phase 
(return after 1 month)

3. Not returned

Output variable Input variables

Socioeconomic factors

- Household demographics 
(e.g., income level, tenure, 
race/ethnicity, age, size)

- Area-based statistics (e.g., 
vacancy rates, number of 
disaster declarations, 
unemployment rate)

Physical factors

- Property damage

- Lifeline disruption 
(electricity loss, water 
shortage, unsanitary 
conditions, food shortage)

- Dwelling type

- Hazard type
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Classification tree | Simple model for risk analysis

Classification trees allow straightforward implementation within disaster risk 
analyses, allowing us to restrict the number of predictors
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Random forest | Adding complexity

Random forest models can incorporate all considered factors and improve 
predictions relative to individual trees

Source: https://www.spotfire.com/glossary/what-is-a-random-forest 

https://www.spotfire.com/glossary/what-is-a-random-forest
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Random forest | Explaining complexity
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Recent advances in explainable AI have aimed to 
improve the interpretability of machine learning models

Shapley Additive exPlanations (SHAP) have been 
proposed to quantify the marginal contribution of 
individual features on model predictions. 
SHAP can also account for interaction effects.

We calculate SHAP values for each variable, such that
Final prediction = Baseline prediction + Σ(SHAP values)

https://doi.org/10.1038/s42256-019-0138-9
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Explaining individual return predictions

Emergency phase
(return within 1 month)

Recovery phase
(return after 1 month)

Not returned

Baseline probability 33% 33% 33%

Property damage = Some +20% -12% -8%

Income per HH member = $50-100k +3% -- -3%

Tenure status = Owner +1% +1% -2%

Dwelling type = Single-family +1% -- -1%

Food shortage = Not at all +2% -- -2%

Hazard type = Hurricane +2% -- -2%

All other factors +1% +3% -3%

Final probability 63% 25% 12%

Household #202 
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Emergency phase
(return within 1 month)

Recovery phase
(return after 1 month)

Not returned

Baseline probability 33% 33% 33%

Property damage = A lot -19% +11% +8%

Food shortage = A lot -3% -- +3%

Hazard type = Multiple -3% +2% +1%

Tenure status = Owner +1% +2% -3%

Homeowner vacancy rate = 1.3% +2% +1% -3%

Income per HH member = $50-100k +1% +2% -3%

All other factors +11% +3% -13%

Final probability 23% 54% 23%

Explaining individual return predictions

Household #12 
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Emergency phase
(return within 1 month)

Recovery phase
(return after 1 month)

Not returned

Baseline probability 33% 33% 33%

Property damage = A lot -16% +4% +12%

Physical mobility = A lot of difficulty -2% -4% +6%

Race = Other/mixed -1% -3% +4%

Disaster declarations = 27 -3% -1% +4%

Tenure status = Renter -1% -1% +2%

Dwelling type = Single-family +1% +1% -2%

All other factors -- -7% +8%

Final probability 11% 22% 67%

Explaining individual return predictions

Household #34 
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Explaining aggregate return predictions
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Understanding displacement durations

Consistent with disaster literature, property damage is the number one predictor 

of displacement duration and return outcomes

Property damage is a primary driver of displacement outcomes

However, some socioeconomic factors require consideration to understand the 

duration of household displacement, particularly tenure status and income level

Socioeconomic factors become more important in the recovery phase

Aggregate findings can obscure significant differentials at the margins

Some factors (e.g., physical immobility, large household sizes) are associated with 

negative outcomes, even if they are not top factors at the aggregate level
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What’s coming 
up next?
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2018 Central Sulawesi earthquake and tsunami

Collaborators

- Tayo Opabola (UC Berkeley)

- Sukiman Nurdin (Tadulako University)

- Dicky Pelupessy (University of Indonesia)

- Aulia, Reval, Shafitri, Sifa (field researchers)

Case study topics

- Drivers of relocation decisions

- Displacement duration, severity, distance

- Consequences of protracted displacement across 
dimensions of:

- Standard of living
- Livelihood
- Wellbeing
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2018 Central Sulawesi earthquake and tsunami

Survey features

- Retrospective longitudinal

- ~250 households, half of which 
rebuilt in-situ & half of which 
permanently relocated

Survey components

- Baseline characteristics

- Immediate impacts (first week)

- Transitional period (each 
relocation until today)

- Policy and assistance
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Preliminary findings

Households with moderate damage or less usually found permanent housing 

within a month, while households with heavy or complete damage took 2+ years

Property damage is still a primary driver of displacement outcomes

Several households that have since found permanent housing still perceive that 

they are only half-recovered or less, such as those who faced income decline

Housing recovery is not the same as household recovery

The drivers of household relocation decisions vary over time

Concerns about disaster risks drove initial moves, but today these concerns are 

tertiary compared to a much broader range of influencing factors
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Nicole Paul
PhD Candidate, UCL RDR

nicole.paul.22@ucl.ac.uk

nicolepaul.io 

Thank you!

Consider submitting to our special issue in IJDRR!

mailto:nicole.paul.22@ucl.ac.uk
https://nicolepaul.io/
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