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Abstract:

Humanitarian crises are the tip of the iceberg in climate change adaptation, yet their future is rarely
quantified in human and economic terms. We use machine learning to simulate future estimates of
people in need of humanitarian aid and required funding under the middle-of-the-road scenario
(SSP2-RCP4.5) with 2,7°C warming by end of the century. Humanitarian needs rise to a baseline of
410£22 million people and USDyp4 64%8 billion annually by 2050 worldwide, increases of 127% and
130% respectively compared to 2024 (323 million people and USD 49 billion). A medium optimistic
simulation holds needs near the current, while a medium pessimistic simulation leads to 614+68
million people and USDj24 96%19 billion by 2050, increases of 190% and 196% respectively. Our
results show empirical vulnerabilities and an opportunity cost, as resources for crisis response
displace funding for adaptation and mitigation. Yet sustained investment could curb the impacts
even with climate inertia.
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1. Introduction

Understanding the effects of extreme and compound events, such as disasters and crises,
stemming from climate change have been a long-standing agenda (Dunz et al., 2023;
Hallegatte et al., 2007; Noy, 2009; Zscheischler et al., 2018). Current economic assessment
models have been instrumental in quantifying the economic and financial impacts of
climate change. Traditionally, these models provide information on metrics like labour,
productivity, and capital. Often relying on a data-rich environment, a critical gap remains in
covering non-market climate-related impacts and cascading effects on humanitarian
crises—especially when calibrating the model empirically to human cost (e.g., Lenton et al.,
2023). Climate-related impact assessment models, including widely used integrated
assessment models (IAMs) or macroeconomic models, often fall short in accounting for
these dimensions (Auffhammer, 2018; Botzen et al., 2019; IPCC, 2023a; Rising et al., 2022;
Stern et al., 2022).

The escalating number of people in need of humanitarian aid and its funding requirement,
which are direct and indirect consequences of disaster and conflict risk, are central to this
gap. They are essential to be accounted for when promoting successful climate change
adaptation strategies, particularly in a context of extreme and compound events.

Every 25th person in the world needed humanitarian assistance in 2024 according to the
United Nations Office for the Coordination of Humanitarian Affairs (UN OCHA) database®.
The totalwas 323M people in need while the coordinated funding requirement, or appeal for
support, to cover their needs was USD 49B. However, approximately only half of that appeal
was funded in the end. This problem is compounded by growing volatility in global aid
budgeting. In 2025, the US dismantled USAID (US Agency for International Development)
and, among others, its humanitarian disbursement (OECD, 2025). The previous year, it
accounted for 44% of global humanitarian aid funding towards the requirement’ and its
disappearance will weaken critical operations in several crisis-affected regions. In a world
with scarce resources, the need to respond to active disasters and conflicts can (ceteris
paribus) reduce the budget available for other climate change or welfare efforts.

Previous studies have come to varying conclusions of the humanitarian cost and possibly
have underestimated the recent rise in people in need. For example, the amount of people
in need due to climate-related disasters with a pessimistic scenario based on SSP4 was
expected to be 200M by 2050 (IFRC, 2019) while the current global people in need, including

5 https://humanitarianaction.info
7 https://fts.unocha.org
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from conflict, is 320M. McDougal and Patterson (2021) computed a near tripling (291%) of
humanitarian spending by 2034 if there would be a 2,39°C increase in temperature over pre-
industrial levels. An early report estimated a range of 16-800% increase in response costs
between 2008 and 2028 without inflation (Webster et al., 2008). Historically, the funding
requirement has risen 690% (from 7,1B to 49B) since 2008”.

Besides gross domestic production (GDP), studies on human impact of hazards often resort
to analytical variables, such as exposure to hazard or future risk of humanitarian crises, as
their outcome (Marzi et al., 2021, 2025; Stalhandske et al., 2025)—that do not necessarily
mirror the real human effect. We improve upon previous research by learning from past
impact to estimate empirical vulnerability with a modified damage function (e.g., Hsiang et
al., 2017). The improvement is based on a new proposed methodology that runs in three
phases of estimation: 1) people exposed to risk of crises due to climatic-socioeconomic
conditions; 2) people empirically in need of humanitarian aid due to crises; and 3) the
funding requirement to support the people.

This methodology aims at covering the literature gap on an empirically calibrated
quantification of the future human cost in extreme conditions. The methodology is based on
people in need as it is an actionable and simple indicator of systemic climate and extreme
event consequences that consolidates micro and macro levels, while remaining easy to
understand (Japola et al., 2024; Japdla, Van Schoubroeck, et al., 2025; Japola & Van Passel,
2025). Its assessment is coordinated by UN OCHA annually and is a normal core indicator
among others in humanitarian agencies’ needs appraisals, but to our knowledge, thisis the
firsttime itis used as the main unit of climate change impacts.

The proposed approach leverages Gaussian Process Regression (GPR), a non-parametric
Bayesian machine learning tool well suited for a complex, asymmetric, and data-sparse
space (Rasmussen & Williams, 2005). We control for 18 climatic-socioeconomic variables
in total, such as temperature, precipitation, GDP, population, extreme wet and dry days, net
migration, and wind speed. The risk exposure variables include diseases, floods, storms,
drought, and conflict among others. Our scope represents the most fragile areas of the
world, such as the Democratic Republic of the Congo, Sudan and Afghanistan—the top
three of 2024 in terms of absolute people in need according to UN OCHA’s Global
Humanitarian Overviews.

Methods are applied to a middle-of-the-road SSP2-RCP4.5 (Shared Socioeconomic
Pathway, Representative Concentration Pathway) scenario together with further
simulations of crisis severity and climate inertia.



2.Methods

2.1. Conceptual rationale

To assess the economic magnitude of humanitarian crises, we create a modified climate
damage function (e.g., Hsiang et al.,, 2017) where changes in climatic-socioeconomic
variables are related to the impact of climate change. The paper’s approach is based on the
IPCC’s latest Annual Report 6 (AR6) where the traditional model of risk—a function of hazard,
exposure, and vulnerability (Blaikie et al., 2014)—was expanded to include response as a
component (IPCC, 2023b, p. 147). See the Cross-Section Box.2, Figure 1 of IPCC AR6
synthesis report for a concise overview of our conceptual scope?®. Furthermore, we
incorporate a systemic multi-risk assessment approach. Although definitions vary, it
essentially means considering interrelationships between multiple sources of hazard,
exposure and vulnerability in a system (Higuera Roa et al., 2025; Hochrainer-Stigler et al.,
2023)—in this case the system of humanitarian aid. The rationale comprises three distinct
phases throughout the whole model and paper (Figure 1).

CLIMATE CHANGE DAMAGE

CLIMATIC-
SOCIOECONOMIC
CONDITIONS (CMIP6)

REAL PEOPLE
IN NEED
(UN OCHA)

PHASE 3

PHASE 1

PHASE 2

NOMINAL
PEOPLE AT RISK

FUNDING
REQUIREMENT
(UN OCHA)

PEOPLE
EXPOSED TO
HAZARDS
(INFORM)

Figure 1. Assumed relationships in the paper’s damage function.

In phase 1, we assume that aggregate people at risk are a relationship between people’s
aggregate exposure to multiple different (}EX) hazards, such as flood, epidemics or conflict
and their vulnerability stemming from global or country-level climatic-socioeconomic
conditions, such as temperature, precipitation, or Human Development Index (HDI) under

8 https://www.ipcc.ch/report/ar6/syr/figures/csb-2-figure-1
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SSP2-RCP4.5. As this figure is mostly a computational one that cannot be verified, we
denote it as nominal people at risk for sake of clarity. Writing, for example, that they are
estimated would imply that we are able to disaggregate to how many hazards a single person
is exposed, or which socioeconomic conditions are most related to certain exposures.
Hence, there is for certain double or multiple counting in the aggregate, and we should treat
it more as an intensity factor instead of real people. For example, one person can be at the
same time exposed to flood, drought, and conflict yet counted three times in the aggregate
and hence, this metric can go above population in the model.

Next, in phase 2, we assume that people in need (PIN) of humanitarian aid is a subset of
people at risk. PIN is used by humanitarian agencies for analysing how much funding will be
required for a given crisis and it serves as the multi-risk core of our framework. The rationale
being that it is more actionable than large composite of proxies or an index—as motivated
by our previous analyses (Japola et al., 2024; Japola, Van Schoubroeck, et al., 2025; Japola
& Van Passel, 2025). Contrary to nominal people at risk, we denote PIN as real people in
need as the in-situ assessment of their existence and lack of double or multi counting is
more verifiable because of the field process.

The assessment of PIN is comprehensive of different impacts as the needs cover 11
different sectors from food security to health and from logistics to education®. For example,
how many tonnes of food or how many units of medication are required and the additional
cost connectedto providingthem from storage to delivery. It does not directly cover material
losses or reconstruction, but the destruction of infrastructure causes human needs of, for
example, shelter, sanitation, logistical support, or coverage of water and food supply.

Finally, atthe phase 3, the funding requirement of humanitarian need is used to indicate the
economic climate change impact in the humanitarian system. This funding requirement is
an assessment by UN OCHA on how much support would be needed to successfully cover
all the people in need of a given crisis to save lives, alleviate suffering, and help in recovery.
Different country offices and sectors contribute to the process of assessing and drafting
humanitarian response plans (HRPs), that then together form the global estimate of people
in need and the funding requirement. They are compiled on Humanitarian Action®, a UN
OCHA service.

This study is not intended to assess how mitigation of emissions affects the future of
humanitarian aid. Therefore, no other scenario outside of SSP2-RCP4.5 is modelled.
However, it is fair to ask if the geopolitical stance of today has more bearing towards SSP3
with regional rivalries instead of the middle-of-the-road SSP2 (Marzi et al., 2025).

% https://www.unocha.org/we-coordinate
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2.2. Scope

Temporally, the model’s scope is the years 2000-2100 for which most of the climatic and
socioeconomic observations or projections exist. However, the analysis in the paper is
provided for 2025-2050 as the most actionable range and due to model’s sensitivity, that is
discussed later. (Plots until 2100 are in Supplementary Figure 8.)

Geographically the panel dataset comprises all the 26 countries that had a UN OCHA-
prepared HRP in 20237 (Figure 2). These countries either have protracted multi-year
humanitarian crises are or prone to annual major disasters and thus, their empirical data
exists primarily for 2018-2024—as detailed in the next sections. In essence, these countries
are at the worse end of the spectrum of the Notre Dame Global Adaptation Initiative (ND-
GAIN) Country Index™. Their vulnerable status aligns with the Climate-Conflict Vulnerability
Index"" and Climate Finance Vulnerability Index'2.

ND-GaIN Index (2022) I [ |

2yI0 5190 TE60 Mir WL-GAIM b for Sauth Sudan
or nceupied Palgstinian temiories

Figure 2. Geographical scope of the dataset.

The ND-GAIN Country Index (2022) scale and colouring resemble the original one so that Chad has the lowest score 27,2
and Norway would have the highest score 76,6°. Created by the authors with MS Excel. It uses Bing data for the map
itself.

10 https://gain.nd.edu/our-work/country-index/
" https://climate-conflict.org/www

12 https://clifvi.org
3 https://gain.nd.edu/our-work/country-index/
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2.3. Estimating nominal people at risk from exposure and
climatic-socioeconomic data

The full model is run in three concurrent phases, as explained previously, with estimation
regressions. With these regressions we move from hazard exposure and SSP2-RCP4.5
climatic-socioeconomic observations and projections towards nominal people at risk (3 EX),
then to people in need (PIN), and finally to the funding requirement. The annual panel data
and input for the model comprised the 26 countries (i) for years 2000-2100 (t) with varying
amounts of data coverage. In total, 18 variables were included (see Supplementary Tables
1 and 2 for descriptive statistics). In essence, it is a modified damage function where
variables of climate change are coupled to the humanitarian funding requirementvia proxies
(Figure 3).



ANALYSIS :
|
|

REGRESSION DATA

PROBLEM What is the economic magnitude of climate
impact for humanitarian crises until 2050?
RATIONALE IPCC risk framework, UN OCHA assessment
process, RCP4.5-SSP2, and multi-risk/systemic approach
SCOPE 26 countries with a humanitarian crisis

INPUT RCP4.5-SSP2
(CMIP6, 2000-2100)
temperature, precipitation,
extreme condition,
population, GDP, HDI, etc.

INPUT Nominal people at
risk estimate from a multi-
hazard perspective until
2050 obtained at phase 1

PHASE 1
Coupling climatic-
socioeconomic and exposure
Method: GP regression

RESPONSE INFORM Risk
(2015-2024) and INFORM

¥

v

PHASE 2
Coupling nominal people at risk
and real people in need
Method: Theil-Sen regression

Climate Change (2022,
2050, 2080) people
exposed to multiple

RESPONSE Real people in
need (PIN) from UN

INPUT Estimate of real
people in need till 2050
and the ratio of nominal at-
risk people requiring
funding

¥

INPUT The funding
requirement estimate till
2050 and the funding
required per person
currently on average

PHASE 3
Coupling real people in need
and funding requirement
Method: Theil-Sen regression

OCHA’s multi-sectoral
crisis assessment process
(2018-2024)

RESPONSE The funding
requirement to support all

\ 2

OUTCOME
One baseline and six
simulations until 2050 to
analyse economic magnitude

Figure 3. Estimation framework.

the people in need from UN
OCHA data (2018-2024)

SIMULATIONS The ratio
from people atrisk to
people in need is shocked
with optimistic and
pessimistic changes

At the phase 1, we estimate nominal people atrisk by regressing hazard exposure data from
INFORM Risk and
(representing vulnerability) variables from CMIP6 in Equation 1. (The hat notation for an

INFORM Climate Change against climatic and socioeconomic

estimate is omitted here and in the next two equations for easier readability.)

t,net migration;, + €gPOP; + f9pr;+ + €19PR_global, + £1,720mm,;, +
t1,rx5day; s + £13SFCWIND_global, + £1,SST_global, + £,stas;, + & (Equation 1)



We use climatic-socioeconomic observation or projection data based around SSP2-RCP4.5.
This is a combination of various factors that, according to the literature, would be
determinants of climatic damage (e.g., Blaikie et al., 2014). Latest studies have explored
using climatic data beyond averages as well as global data instead of only country-level
variables with the main arguments being that averages do not represent extreme shifts well
and that weather is a global system instead of a country-based one (Neal et al., 2025; van
der Wijst et al., 2023; Waidelich et al., 2024).

Climatically, we use projections from CMIP6 multi-modal ensembles for the whole time
series. These include global averages of sea surface temperature SST_global, precipitation
PR_global, surface wind speed SFCWIND_globall4 (C3S/ECMWF, 2023), and the change in
surface air temperature above pre-industrial levels GSATA_global!5 (Byers et al., 2022) in
addition to country-level average surface air temperature tas and precipitation pr. To
introduce more extreme climate indices, we added maximum number of consecutive dry
(cdd) or wet days (cdw), number of days with daily maximum temperatures above 40°C hd40,
number of days with precipitation higher than 20mm r20mm, and maximum 5-day
cumulative precipitation rx5day for all country-level'®.

Inspired by (Marzi et al., 2021, 2025), the dataset includes the following socioeconomic
variables that account for vulnerability in each country. For each we have observations for
2000-2024 from, for example the World Bank or UN Development Programme (UNDP), and
projections based on SSP2-RCP4.5 for 2025-2100.

e Net migration",

e Population POP (KC et al., 2024),

e Gross domestic product GDP adjusted for purchasing power parity (PPP)" (Crespo
Cuaresma, 2017), and

e Human Development Index HDI?® (Liu et al., 2024).

Although our initial variable analysis (Supplementary Section 4) suggested that certain
variables had weak explanatory power for distinguishing people at risk and were highly
collinear with other predictors, we kept them in the specification for controland to avoid any
omitted variable bias. Different imputation and bias corrections were used. For example,

4 https://cds.climate.copernicus.eu/

'S https://data.ece.iiasa.ac.at/ar6

'8 https://climateknowledgeportal.worldbank.org

7 https://databank.worldbank.org/ and http://www.wittgensteincentre.org/dataexplorer

'8 https://data.ece.iiasa.ac.at/ssp

9 https://www.imf.org/external/datamapper/datasets/WEO and https://data.ece.iiasa.ac.at/ssp

20 https://doi.org/10.1057/s41599-024-02941-6 and https://hdr.undp.org/data-center/human-development-
index
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missing values were imputed through interpolation or closest neighbour imputation. To
ensure that INFORM Risk and INFORM Climate Change had coherent magnitudes for
exposure, ratio-based delta shifts were applied.

The study leverages the INFORM Risk?' and INFORM Climate Change?? datasets as our
source for people exposed to hazards (European Commission. Joint Research Centre.,
2024). Shortly put, INFORM Risk covers structural baseline risk while INFORM Climate
Change includes climate change projections. Both are collaborative efforts of INFORM
partners, UN agencies, the European Commission, and various multilateral partners. They
are increasingly used in different operational authorities, such as the World Food
Programme (WFP) and the International Federation of Red Cross and Red Crescent
Societies (IFRC), to support humanitarian decision-making. INFORM Risk has observations
for 2015-2024 and INFORM Climate Change projections for 2022, 2050, and 2080 based on
SSP2-RCP4.5. They aggregate analytical exposure data from multiple hazards per country
by overlaying them with the Global Human Settlement Layer?. After data preprocessing, we
used from INFORM Risk and INFORM Climate Change the following data (references are to
the originals in the metadata):

e People exposed to dengue and malaria EX_DENMAL (Colén-Gonzalez et al., 2021;
Messina et al., 2019; WHO, 2023),

e People exposed to coastal and river floods EX_FL and EX_CFL (Dottori et al., 2016;
Vousdoukas, Mentaschi, Voukouvalas, Bianchi, et al., 2018; Vousdoukas,
Mentaschi, Voukouvalas, Verlaan, et al., 2018; Ward et al., 2020),

e People exposed to earthquakes with higher than 6 in Modified Mercalli Intensity
EX_EQ_MMG6 (Pagani et al., 2018),

e People exposed to tropical cyclone winds with higher than 1 in Saffir-Simpson
category EX_TC_SS1 (Bloemendaal et al., 2020, 2023),

e People exposed to tsunamis EX_TS (UNISDR, 2015), and

e People exposed to drought based on 12-month standardized precipitation and
evapotranspiration indices (SPI/SPEI) EX_DR (Marzi et al., 2021), and

e People exposed to conflict EX_CON (see below).

Finally, all the are summed up and then regressed against the climatic-socioeconomic data
to estimate the nominal people at risk (}EX) metric. The shares of each exposure driver can
be found in Supplementary Figure 1. INFORM Climate Change and INFORM Risk slightly

21 https://drmkec.jrc.ec.europa.eu/inform-index/INFORM-Risk
22 https://drmkec.jrc.ec.europa.eu/inform-index/INFORM-Climate-Change
2 https://human-settlement.emergency.copernicus.eu/
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differ on many occasions due to different base data, and they were rescaled based on the
overlapping year 2022 with the mentioned ratio-based delta shifts.

The authors prepared a new coherent variable for conflict exposure EX_CON. INFORM Risk
only comprises organized violence fatalities from Uppsala Conflict Data Program?* and
intensities of conflict from Heidelberg Institute for International Conflict Research?® while
INFORM Climate Change only has a conflict probability metric for the SSP2 projections
(Hegre et al., 2016). Thus, we used the new ACLED Conflict Exposure Calculator® as our
main source for people exposed. It has observations for the number of people living within
1, 2, and 5 km of each conflict incident for 2020-2024.

We then used the INFORM Risk conflict data, that exists for 2015-2024, to impute 2015-
2019 conflict exposure with a log-linear regression and 1 000 Monte Carlo iterations based
on the ACLED Conflict Exposure Calculator. Finally, to come to an actionable future model,
EX_CON is projected to 2050 and 2080 based on INFORM Climate Change’s 2022 ratio with
the above imputed data. The assumption is that the conflict exposure follows the SSP2-
RCPA4.5 path (ceteris paribus) and returns to this equilibrium regardless of other exogenous
factors. (More detailed steps are in Supplementary Section 1.) However, the causal
connection between conflict and climate change has important literature behind it (e.g.,
Damette & Goutte, 2023; Hsiang & Burke, 2014) and is not fully resolved.

2.3.1.Gaussian Process Regression

The study’s main computational model to estimate Equation 1 comprised a Gaussian
Process Regression or GPR (Lyu et al.,, 2024; Rasmussen & Williams, 2005). GPR is a
machine learning method suitable for complex non-linear analysis. It is non-parametric and
based on Bayesian probability. It can handle small, noisy datasets whereas machine
learning often prevails in very large datasets. It models the relationship between input and
response variables by assuming that the function being learned follows a stochastic
Gaussian process (see Supplementary Section 2 for full description). Thus, itis probabilistic
and provides a measure of uncertainty for its predictions. This is particularly useful when
dealing with limited and noisy data, as it allows for a more informed assessment in an
uncertain environment, such as our dataset and context.

Initially, we had considered if traditional econometric analyses, such as vector
autoregression (VAR) or the vector error correction method (VECM), would work for the
research question. But our dataset was fundamentally data scarce with the noisy context of

24 https://ucdp.uu.se/
2 https://hiik.de/?lang=en
28 https://acleddata.com/platform/conflict-exposure-calculator
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humanitarian disasters and conflict, had short time series availability of hazard exposure
(2015-2024, 2050, 2080) as well as non-stationarity, heteroskedasticity and
multicollinearity (Supplementary Section 5). Exploring the use of a GPR to solve this gap was
much more feasible. ChatGPT o04-mini-high was used to build and validate the code (as well
as run the initial analyses in Supplementary Table 9).

GPR does not produce intercepts or coefficients in the traditional sense. However, GPR
does optimize a length scale #4for each predictor that we interpret as signalling the
variable’s predictive power (Table 1). Similarly, e means the white noise kernel that is further
described together with the GPR itself after the variables.

Table 1. Indicators of nominal people at risk per length scale.

Importance
Variable in model phase 1 mportan

l th le 24, 0,01—
(shorthand in dataset) (length scale £4

100) T
Country-level: Surface air temperature (tas) most influential 1,2
Country-level: Precipitation (pr) 2,0
Country-level: Population (POP) 4,7
Global: Change in surface air temperature relative to the 6.4
industrial period (GSATA_global) ’
Country-level: Average highest precipitation over a 10.8
consecutive 5-day period during each month (rx5day) ’
Country-level: Human Development Index (HDI) 11,6

Global:

o Seasurface temperature (SST_global)
o Surface wind speed (SFCWIND_global)
o Precipitation (PR_global)

Country-level:

Gross Domestic Production (GDP) practically irrelevant 100

Maximum of consecutive dry days (cdd)
Maximum of consecutive wet days (cdw)
Days over 40°C (hd40)

Heavy precipitation days (r20mm)

O O O O O O

Net migration (net migration)

These come from Equation 1 in phase 1 of the model. We can interpret a shorter length scale to be a more impactful driver
ofnominal people at risk and vice versa. The Gaussian Process Regression (GPR) uses hyperparameter length scales 2 4to
capture underlying patterns and complexity of the data as well as adapt to different scales in different dimensions. In the
model, the GPR s allowed to optimize them within bounds of 0,07-100 to maximise the log-marginal likelihood, an indicator
of model fit. A shorter length scale means that the values can change more rapidly, leading to a more agile function.

11



Conversely, a longer length scale results in a smoother function where the function values change more slowly. These are
onlyapplicable for the current model specification. Check against robustness tests in Supplementary Table 8 because the
length scales change depending on the hyperparameters. Check against the marginal effect plots in Supplementary Figure
7 because, for example, HDI increases people atrisk and is likely a proxy or a factor for population in the GPR core model.

The choice of covariance functions (or kernels) significantly influences the GPR model's
performance and its ability to capture the underlying patterns in the data. We chose two
commonly used components, the Radial Basis Function (RBF) kernel and the white noise
model. RBF (or squared exponential kernel or Gaussian kernel) is universal and can
approximate any continuous function. It expects the true function of the phenomenon to be
smooth, which suited our assumption that climate change and humanitarian crises on
country scales have an inertia to change incrementally on annual and decadal scales
(instead of, for example, very rapid weather patterns).

The main hyperparameter in an RBF affecting how it learns the input data and constructs the
model is length scale #q4. It indicates the distance over which the input variables have a
significant impact on the outcome variable. The RBF is specified here to be anisotropic so
that each dimension of the input data has its own #4. This allows it to automatically
determine the relevance of each input feature by learning different length scales for each
dimension.

Thus, we let the model freely solve the optimisation problem, where it tries to maximise the
probability of observing the data—or, more precisely, maximise the log marginal likelihood.
Here, we set the RBF to learn freely between 0,01 and 100,0 for each variable
(Supplementary Sections 2 and 3). These are standard and suitable bounds given the
descriptive statistics of the dataset (Supplementary Table 2), but more robustness checks
were done by altering the hyperparameters (Supplementary Table 8).

To account for the variability of climate change and humanitarian crises, a white noise
model is added to the GPR alongside the RBF. This essentially includes a Gaussian noise
term € to the diagonal of the covariance matrix. The inclusion of € makes the model more
robust to outliers and measurement errors, as it accounts for the variability that is not
explained by the input variables. The noise bounds were set similarly at 0,01 and 100. Note
that this noise accounts for the credible interval (£1 o) shown in the results. The GPR itself
would use as low of a noise as possible (to a lower bound of 0,000619) to optimise the log
marginal likelihood, but this is clearly not realistic.

We used scikit-learn?’, a standard and open-source machine learning library for Python 3.12
to execute the model (Pedregosa et al., 2011). To counter the black box tendency of
machine learning, we followed guidance from explainable artificial intelligence (XAl) to

27 https://scikit-learn.org/stable/
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ensure interpretability, transparency, and expert supervision of the model (Dramsch et al.,
2025; Hrast Essenfelder et al., 2025). Thus, we elected to have it as simple as needed to
reduce the number of choices, layers, and hyperparameters. In effect, we want the model
to be easy to understand rather than superfluously increasing model complexity.

For example, the covariance function comprises only two kernels added together although
a more complicated structure could have yielded a more fitting model, yet less interpretable
and explainable one. Although we tested and could have added regularization or parameter-
reducing functions, such as Principal Component Analysis (PCA), this would have caused
again extra layer to interpret and explain (see initial importance analyses in Supplementary
Table 9). Therefore, setting the RBF as anisotropic and allowing the machine learningto learn
and transparently show the importance of each variable itself via the length scales was an
organic way to introduce the same.

Our main diagnostics of the GPR performance included the standard goodness-of-fit tests,
such as root mean squared error (RMSE, 3,15), mean absolute error (MAE, 2,14), coefficient
of determination (R2, 0,997), and log marginal likelihood (LML, 207.66) as well as 5-fold
cross-validation (CV) and nested CV. The relative RMSE, divided by the mean of the actual
observations of YEX, is 7.9% and in robustness checks it ranges between 2,7%-15%
(Supplementary Table 8). Relative MAE is 5,4% and ranges between 1,9%-8,9% and LML
ranges from -73,14 to 329,87. R?is close to 1in all cases and indicates overfitting. However,
with a domain expert visual analysis of the country graphs and considering the robustness
tests, we found the model to be stable for our purposes of exploratory simulation. The CV
results drop in accuracy in fold 5 for years 2050 and 2080 and goodness-of-fit is weak in all
folds of the nested CV, indicating the model generalization is poor out of sample.
(Supplementary Tables 5-7.) The robustness checks indicate that the results are firm until
2050 with a maximum difference of 12M for nominal people at risk when varying
hyperparameters. In 2075 and 2100, the differences in nominal people at risk can be over
500 million to the paper’s baseline (Supplementary Section 3.)

This was the expectation in a model spanning to the end of the century on very limited
training data andis acceptable for simulation purposes, but we emphasise thatit should not
be taken as a predictive or inferential study. To account for the model’s limitation, we used
further simulations beyond the baseline to cover other plausible futures as detailed later.
2.4. Estimating real people in need and their funding requirement
from nominal people at risk

Our target variables in the future are funding requirement and people in need PIN in phases
2 and 3. These are projected until 2100 in Equation 2 and 3 with the above nominal people
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at risk (3 EX), comprising hazard exposure and the SSP2-RCP4.5 climatic-socioeconomic
conditions.

PIN;; = a; YEX;, (Equation 2)
funding requirement;, = B; PIN;; (Equation 3)

The empirical observations are gathered annually per country from UN OCHA for years
2018-2024, the maximum that the Humanitarian Action database® offers. Contrary to
nominal people at risk, we denote PIN as real people in need as their existence is more
verifiable through teams on the ground in given humanitarian crises. This UN OCHA-
coordinated process® involves country teams from other UN agencies, such as the WFP, UN
High Commissioner for Refugees (UNHCR), and World Health Organization (WHO) as well
as Save the Children and IFRC in addition to tens of non-governmental organizations (NGOs)
in the field(called the cluster approach).

It is important to note that the funding requirement is more formally an appeal for support
by UN OCHA. The actual funding provided by governments of the world, multilateral
organizations (themselves funded by member states), NGOs and private organizations is
less and, for example, in 2024 the global provided funding was 51% of the requirement (USD
25B out of USD 49B). Humanitarian funding can be monitored on the Financial Tracking
Service’ and it is a form of official development assistance (ODA) followed by OECD
(Organisation for Economic Co-operation and Development). In 2024, humanitarian
assistance was 11% of total ODA (USD 222B) that encompasses long-term development
assistance®. All monetary information, such as GDP, was setto 2024 prices where possible.

Because it is a vast outlier, we have taken out those PIN and funding requirement data that
specifically referred to COVID-19 response in the UN OCHA source. Likewise, joint or
regional plans covering multiple countries have been attributed to the country where the
crisis originated from—such as the Syrians displaced outside of Syria in Turkiye, Lebanon,
Jordan, Iraq and Egypt (Syria 3RP, 2025). This can lead to the PIN being higher than nominal
people at risk that is attributed to a single country (see example in results). In some cases,
the 26 countries that had an HRP in 2023 did not have people in need or funding data for all
years. Rationally, in some years they did not have a need for humanitarian assistance. This
data was not imputed.

For both equations, we use a zero intercept Theil-Sen regressor. As we are only interested in
the empirical ratio a; of nominal people at risk Y;EX; , turning into real people in need PIN;,
there is no need for an intercept term. Similarly, we are only interested in the empirical ratio

28 https://www.oecd.org/en/data/dashboards/official-development-assistance-at-a-glance.html
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B; of how much the whole PIN;, creates as a funding requirement;; (see results on country
profiles).

The Theil-Sen is more robust than an ordinary least square (OLS) regression as it is
insensitive to outliers and performs well in case of heteroskedasticity (Sen, 1968; Theil,
1950). Thus, in the noisy, data-scarce, and rapidly changing environment of humanitarian
crises, we obtain a more conservative estimate of the true baseline by minimizing the effect
of outliers and spikes. For example, when a country’s situation escalated into a civil war or
itencountered a once-in-100-years disaster during the observed period for PIN (2018-2024).
The estimations of a; and 3; utilise 10 000 bootstraps and Monte Carlo iterations to further
account for the uncertainty.

No discounting or inflation-adjustment is added in the base model and thus, prices are at
2024 level continuously. We argue that this is the cleanest solution because the study is not
a cost-benefit analysis, it is a simulation of how much humanitarian aid the global
community would have to provide at any given time from today’s context. Analytically, these
adjustments can create arbitrarily large sensitivities that are prone to debate. Both positivist
and ethicist approachesto discounting arrive at feasibility issues and itis more complicated
when considering that this funding affects lives of people (Weisbach & Sunstein, 2009).

One could argue that the 15 regressors as well as the 3 response variables have
simultaneous and multicollinear relationships. For example, that GDP and HDI would not
only contribute to how many people are exposed, but how many people will be in need due
to GDP and HDI affecting vulnerability. Likewise, there are possibilities of reverse causality.
For example, that the funding provided to a country decreases the risk in it. However, as
mentioned, our objective is not inference or prediction in the sense of showing what will
occur, but simulations of possible alternatives. Therefore, we relax these assumptions to
provide actionable insight based on a simple model. Similarly, as explained in the next
section, we can transparently simulate different optimistic and pessimistic futures by
keeping only one parameter in both Equation 2 and Equation 3 instead of a more inferential
or predictive regression.

2.5. Simulations

We run six different simulations that are either pessimistic or optimistic relative to the
baseline symmetrically. Their severities are labelled as most, medium or lightly pessimistic
or optimistic. They were meant to represent exogenous factors both outside of the control
of policy choice, but to signal what additional efforts and positive action could mean in
contrast to declining funding.
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The simulations modify the ratio a; of nominal people at risk Y} EX becoming real people in
need PIN in Equation 2 with stochastic multiplications that are either short or long-term.
Concurrently this spills over to funding requirement in Equation 3. All the simulations were
built by the authors with ChatGPT o4-mini-high and executed in the same Python 3.12 script
as the rest of the model.

Two types of specific modifications are introduced. First, temporary shocks that are
momentary and transitory but intense (shock factor). They dissipate in a matter of a few
years and mimic the non-linear and asymmetric nature of disaster and conflict. Two
variations are used in each simulation with a smaller shock occurring more frequently and
persisting only for a year or two and a larger, less frequent shock that decays in a few years.

The intensity of these shocks is grounded by historical data. In the dataset, the PIN of the
25" percentile rose by 142% and the 75" percentile by 295%. For example, significant rises
are evidentin Afghanistan (from 5,5M to 37M), Myanmar (from 2,1M to 20M) and Sudan (from
7,0M to 13M). Likewise, the number of disasters globally hovers around 400 per year since
the year 2000 according to the disaster database EM-DAT? and conflict events have almost
doubled in the last five years from over 100 000 to nearly 200 000 in the ACLED Conflict
Index®, see the Uppsala Conflict Data Program?.

Table 2. Descriptions of the simulations.

All shocks and breaks start occurring in 2025 simultaneously
TEMPORARY SHOCKS STRUCTURAL BREAK
. . Probability of Shock factor Half-Life of Drift factor to Cgverage of
Simulation shock . shock effect . drift among
toratioa ratio a .
(event/year) (years) countries
Most 1/8 1,30 (+0,25) 2,0 (x0,25)

2( 75% (£9,4%
pessimistic | 1/20 2,10 (£0,25) 6,0 +0,25) 0,02 (+0,0005) | 75% (+9,4%)
Medium 1/10 1,25 (%) 1,0 () N o (#
pessimistic | 1/25 2,00 () 5,0 (%) 0,01() 75% (")
Lightly 1/15 1,10 (%) 0,5 (%) “ o (#
pessimistic | 1/30 1,75 (%) 2,5(4) 0,005 (%) 75% (")
Baseline - - - - -

Lightly 1/15 0,91 () 0,5 (“) ,

e . -0, “ 7 O/ 4
optimistic 1/30 0,57 () 2,5(9) 0,005(") 5% (")
Medium 1/10 0,80 () 1,0 (%) « o (7
optimistic | 1/25 0,50 (%) 5,0 () 0,01 (%) 75% (")

2 https://www.emdat.be
30 https://acleddata.com/conflict-index/

16



https://www.emdat.be/
https://acleddata.com/conflict-index/

Most 1/8 0,77 () 2,0 ()

- [ o “
optimistic | 1/20 0,48 (%) 6,0 () 0,02 (%) 75% (“)

Alltemporary shocks and structural breaks start in 2025. They modify the ratio athat determines how many people at risk
turn into people in need (Equation 2). All simulations are run 10 000 times with Monte Carlo iterations, and the shock
factors are run additionally 10 000 times within this loop. The shock factors have chances of two different types occurring
in each simulation. 1) More severe yet less probable; and 2) less severe but more probable. Author-chosen standard
deviations around each Monte Carlo are in parentheses. The probability of a temporary shock comes annually from a
Poisson distribution with Bernoulli trials and is specific for each country. All others are log-normal distributions except the
drift factor (normal distribution) and the coverage (beta distribution). The drift factor is multiplicative and sampled again
every year for each country affected. However, the country coverage is chosen one time at the start and thus, the drift
remains consistently in an affected country.

However, we emphasise that these are choices by the authors that display a plausible way
momentary shocks could progress. The shocks are modelled with standard statistical tools
that fit the nature of disasters and conflict. For their probability of occurring, we follow
Poisson functions with Bernoulli trials (e.g., Barro, 2006). For their severity and persistence,
the simulations use fat tailed log-normal distributions (e.g., Weitzman, 2011).

Second, we added a structural break (e.g., Bai & Perron, 1998) where the steady-state of the
baseline’s ratio a; exponentially starts to shift up or downward in 2025 (drift factor). This
represents inertia in the level of investment and effort towards disaster prevention, climate
change adaptation and conflict mediation as well as technological and innovative
improvements (such as more effective relief delivery), and the uncertainty in our
understanding of how much climate change will compound disasters and conflicts. A
standard drift factor that multiplicatively modifies factor a; every year for a random
selection of the countries is used to model.it.

The nominal people at risk and the projected population are used as upper boundaries of
the simulations. The most pessimistic simulation of people in need surpasses nominal
people at risk around 2090 and thus, it seems implausible to occur. However, it is an
appropriate stress test to mimic so-called endgame or catastrophic simulations (Kemp et
al., 2022; Wescombe et al., 2025).

2.6. Additional limitations

In addition to the main limitations in the discussion section, the GPR here does not
exhaustively consider temporal and spatial correlation in the dataset. Each country has an
annual series, so temporal structure is implicit in the panel. The autocorrelation analysis
(Supplementary Figure 3) confirmed strong persistence in many variables, and GPR’s
anisotropic RBF kernel can capture smooth temporal changes. However, there is ho explicit
autoregressive structure in the steady-state baseline. The model learns from the predictors
but does not use lagged values. These are accounted forin the post hoc simulations but are
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not organically included in the regression. Cross-validation includes folds over time, but the
large drop in out-of-sample accuracy for far-future folds shows temporal extrapolation is
still challenging. In essence, the core model is not generalizable. Then again, the literature
indicates that many climate models are not (Morris et al., 2025; Myhre et al., 2025a; Newell
et al., 2021; Tol, 2024).

The dataset had multicollinearity, autocorrelation, heteroskedasticity, and non-stationarity
(see assessments in Supplementary Section 5). This was expected considering the
complexity of the underlying phenomena and drove us to utilise GPR instead of, for example,
VECM. Thevisual residual check (Supplementary Figure 1) shows that the GPR fits the mean
trend well but has some remaining issues. The histogram and quantile—quantile (Q-Q) plot
are close to normal in the middle but with clear fatter tails. The +1 standard deviation (o)
bands will have over or underestimation in the tails and extreme misses are more frequent.
The residual versus fitted figure shows a slight funnel shape where variance grows with level.
Thus, there is heteroskedasticity consistent with the scale of PIN or ZEX increasing overtime
and size. The white noise kernel doesn’t fully capture all noise. The ACF (autocorrelation
function) of residuals show small positive autocorrelation at short lags (e.g., lag 1-2). Thus,
errors have temporal memory and the GPR’s smooth mapping of covariates didn’t
completely remove the persistence. These are offset with the use of simulations rather than
relying only on the steady-state baseline.

The INFORM Risk/Climate Change indicators combine disparate hazard exposure metrics
some of which have different baselines, detection methods, and update frequencies (Marzi
et al., 2021). For example, flood EX_FL is probabilistic and calculated based on expected
annual exposed population while drought EX_DR and epidemics EX DENMAL are not
probabilistic—partly explaining why in Supplementary Figure 1 their share is higher.
Similarly, the different climate hazard measures, such as extreme heat days (hd40), wind
speed (SFCWIND_global), etc. have different modelling sources and resolutions, adding
cross-variable noise. Conflict variables are especially volatile.

Finally, our dataset build-up relied on necessary harmonisation, rescaling, correction and
imputation phases that can smooth variance and hide structural changes. Likewise, the
INFORM Climate Change anchors are based on CMIP5 while the country-level and global
climate drivers are from CMIP6 leaving the analysis open to cross-framework bias.
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3. Results

3.1. Simulations of future needs and costs until 2050

The main outcome of the study is one baseline and six simulations of humanitarian need
and its funding requirement until 2050 under the SSP2-RCP4 scenario—towards which we
are now heading (Bevacqua et al., 2025; Cannon, 2025; Climate Action Tracker, 2025; IPCC,
2023a). The baseline provides a conservative estimate of the effects of climate change with
the scenario’s warming of 2,7 (range 2,1-3,5) °C warming by 2081-2100 above pre-industrial.
The simulations are based on a historical context. They add either beneficial or detrimental
temporary shocks and long-term structural changes to the baseline with stochastic
elements in concurrent steps starting from 2025.

Examples of temporary shocks that we modelled are combinations of major disasters or
wars that dissipate over a handful of years in most cases while the long-term structural
change introduces a slow creep of climate change’s amplifying effect on the crises—or
subduingin case of sustained disaster prevention and adaptation. These six simulations are
labelled from the most pessimistic to the most optimistic with light and medium versions of
both in between. Each level increases or decreases the probabilities, magnitudes and
persistence of the effects to the baseline; they cause the jaggedness of the paths instead of
smooth lines. The pessimistic simulations in general follow these conditions although there
are further conditions of randomness, persistence and coverage in the model (see Table 2):

e Most pessimistic: 5-13% annual chance of 130-210% more severe shocks; 2,0%
annual creep of worsening disaster and conflict conditions due to climate inertia.

e Medium pessimistic: 4-10% annual chance of 125-200% more severe shocks; 1,0%
annual creep.

e Lightly pessimistic: 3-7% annual chance of 110-175% more severe shocks; 0,5%
annual creep.

Whereas the optimistic ones perform as follows:

o Lightly optimistic: 3-7% annual chance of 58-91% less severe shocks; 0,5% annual
improvement of disaster and conflict conditions due to better risk reduction and
adaptation.

e Medium optimistic: 4-10% annual chance of 50-80% less severe shocks; 1,0%
annual improvement.

e Most optimistic: 5-13% annual chance of 48-77% less severe shocks; 2,0% annual
improvement.
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Figure 4 shows in summary how the future of humanitarian crises until 2050 in the 26
countries are simulated from the climatic-socioeconomic background data and calibrated
with the risk datasets as well as empirical UN OCHA field analysis of humanitarian need.
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Figure 4. Simulations of people in need of humanitarian assistance and their funding requirement
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a, b, The annual values (i.e., flow) here are an aggregate of all 26 countries in the dataset for the middle-of-the-road
climate change scenario SSP2-RCP4.5 with optimistic and pessimistic simulations of the future. The simulations (with 10
000 Monte Carlo iterations each) start from 2025 while data before that is historical. The steady-state baseline is in the
middle while beneficial and detrimental shocks in both short-term and in long-term structural breaks are added
symmetrically around it. The spike of 2020 is COVID-19 and was removed from the training dataset as a huge outlier but
shown here for transparency. Shaded areas represent +1 global standard deviation (o), a 68% credible interval.

a, Both population and nominal people at risk are shown as physical and analytical upper boundaries of the simulations.
Nominal people at risk shoots higher than the population between 2020 and 2040, but this is due to it containing double
counting and being treated more as an intensity factor here. Due to the multiplicative and aleatory nature of the
simulations, standard deviations increase significantly in the pessimistic ones and decrease concurrently in the
optimistic ones. This could imply that more severe and spiralling simulations are likewise more uncertain whereas
optimistic simulations—where we reduce disaster risk and limit damage to the people in need early on—will be a more
certain and controlled road.

b, The data is in 2024 prices to show how much would optimally need to be budgeted from today’s viewpoint. No inflation
ordiscount factoris added. The current humanitarian funding level excluding United States (US) funding after 2024 is
shown as a reference (although the food security sector amount of USD 4.64B is kept and thus, USD 6.43B is removed

from the current funding here after 2024). In addition, the past and future climate finance goal is shown as a upper
boundary reference. This includes the New Collective Quantified Goal (NCQG) of USD 300 by 2035 as agreed at COP29.

The historical humanitarian funding level, excluding the contribution by the United States
after 2024, is shown as a reference in addition to the past and future climate finance goal
that should be provided to developing countries to curb climate damage. This includes the
New Collective Quantified Goal (NCQG) of USD 300B annually by 2030 as agreed at COP29.
There is no discounting in any of the results to keep them intergenerationally fair. Therefore,
future funding is not altered to be less valuable for the current generation. Table 3 shows a
shapshot of the data in 2050 from Figure 4.

Table 3. Snapshot of humanitarian needs in 2050

PEOPLE IN NEED FUNDING REQUIREMENT
Simulation In 2050, 10, Compared to In 2050, 10, Compared to
million 2024 billion USDaoz4 2024
Most pessimistic 7724107 239% 137+28 280%
Medium 614+68 190% 9619 196%
peSSlmlSth
Lightl
enty 449+44 139% 70412 143%
pessimistic
Baseline 410422 127% 6448 130%
Lightly optimistic 380+28 118% 5918 120%
Medium 311425 96% 48+7 98%
OptlmlSth
Most optimistic 272423 84% 3916 80%

Same data as in Figure 4. See Table 3 for detailed descriptions of the simulations. 1 standard deviation (o) represents a
68% credible interval.
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Nominal people at risk shoots higher than the population between 2020 and 2040, but this
is due to it containing double counting and being treated more as an intensity factor here.
For example, one person can be at the same time exposed to multiple disasters at the same
time yet counted multiple times in the aggregate here and thus, nominal people at risk is
more an analytical metric than a real one (see below Syria example).

3.2. Severity profiles of the countries

To complement the forward-looking analysis, we examine the 26 countries’ empirical
vulnerability. This is measured as the average ratio from people at risk to people in need
during 2018-2024 (Figure 5).

Overall, more than half of the people at risk were people in need in six countries in average
over 2018-2024 highlighting countries which are on the extreme edge of vulnerability. In
addition to Syria, these were Afghanistan (61+28%), occupied Palestinian territory (79+£13%),
South Sudan (91+£7%), Ukraine (62+28%), and Yemen (90+£5%)).

In 18 of the 26 countries, the funding requirement exceeds USD 100 per person and the
average over all countries is 150 USD per person. In Mozambique (USD 206+13), Myanmar
(USD 295+162), the occupied Palestinian territory (USD 227+96), Somalia (USD 254+31),
South Sudan (USD 234413), and Syria (USD 505+20), itis over USD 200 per person. The most
severe crises here are human-driven conflict that will be amplified by human-created
climate change (Supplementary Figure 1). This analysis corroborates 10 years of INFORM
data (European Commission. Joint Research Centre., 2024).
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Figure 5. Heatmap of empirical vulnerability.

These are directly from Equations 2 and 3 of phases 2 and 3 in the model with +1 standard deviation (o) representing 68%
credible interval. In essence, a on x-axis tells how many from nominal people at risk turn into real people in need based
on empirical UN OCHA data (average over 2018-2024). Then, B on y-axis shows how much USD funding is required per
person. The steady-state baseline assumes these ratios continue middle-of-the-road until 2050 while the simulations
modify ato be either more or less severe. The heatmap is capped at South Sudan’s level (a X b = 214) while the Syrian

Arab Republic’s product is 1007. The script used a Theil-Sen regressor to estimate them and then ran 10 000 Monte Carlo
iterations for both ratios and thus, the results here are their mean. The Theil-Sen estimator is robust to outliers and the

results here conservative showing a core tendency of each country. Sizes of each country marker are based on their
absolute people in need (average over 2018-2024).

The data and method indicate that in Syria there were two times (1994+8%) more people in
need than there were nominal people at risk—which seems faulty at first. However, the
scope of both people in need and funding requirement included displaced population
outside of the country that are caused by the crises. 6.4 million Syrians were in need in
Turkiye, Lebanon, Jordan, Iraqg and Egyptin 2024, 27% of the total people in need attributable
to Syria itself (Syria 3RP, 2025). They are beyond the analytical exposure data that overlays
hazard over population and thus not included in the nominal people at risk.
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4.Discussion

4.1. Future and policy implications

The results show how much the humanitarian situation under climate change will potentially
reduce funding available (ceteris paribus) for emission mitigation and adaptation. For
example, any simulation between medium pessimistic and medium optimistic will mean
that the humanitarian funding requirement constitutes 17-23% of the new climate finance
goal of USD 300B annually to developing countries in 2035 when it is meant to be reached.
In a sense, response funding to humanitarian crises would possibly crowd out other
beneficial and sustainable investment.

This increases the potential that more countries spiral into a vicious loop whereby there are
more crises due to less investment in mitigation and adaptation, such as disaster risk
reduction. Hence, even less will be available to preventive and reductive efforts if every year
humanitarian crises become worse with the creep and inertia of climate change as well as
spill over and ripple to other countries and sectors in second-order effects. Then this
feedback loop compounds. Hence, there would be more protracted crises in countries such
as Democratic Republic of the Congo, Sudan and Afghanistan where there are extremely
vulnerable conditions that persist, breakdowns in local governance, and unsustainable
livelihood and food security systems (e.g., Kemp et al., 2022; Wescombe et al., 2025).

Nonetheless, the data indicates that the short-term fluctuation—such as transitory shocks
from big or small disasters, wars, or momentary good conditions—will not be the most
impactful factors for humanitarian crises in a future locked to the middle-of-the-road SSP2-
RCP4.5 scenario. It will be the inertia of climate change because temperature and
precipitation will continue to change even if all greenhouse gas emissions would stop
immediately. In each simulation, the long-term creep will yield more cumulated damage
than the short-term shocks (Supplementary Figure 9).

This requires determined and sustained investment in minimizing damage in advance of
future impacts of climate change. Long-term alignment with the SSP2 or the even more
sustainable SSP1 scenario would free opportunity costs to be used elsewhere. What
simulation occurs depends on our policy and investment choices. We should not be
constrained into the pessimistic ones (path dependency) and should strive to connect
responses to immediate threats with achieving the Sustainable Development Goals (SDGs).

Tying decisions in the humanitarian-development-peace nexus obligatorily together could
support in avoiding the ‘tyranny of the present’—a human tendency to focus on immediate
effects—and in integrating long-term adaptation with short-term response and peace
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building. For example, that humanitarian funding decisions would be legally joined with a
concurrent investment into adaptation of the cause of the humanitarian need, such as into
an early warning system, nature-based solution or conflict mediation programme in the
donor workflow and the project implementation. In some cases—such as when the crisis
country has more self-resilience—anticipatory action or pre-arranged financing with a
condition for the country to implement, for example, a climate resilience plan would have
the same effect. Therefore, an integrated approach would become organic and alleviate
siloed decision-making.

The deep uncertainty of the future simulations advocates to avoid unnecessarily gathering
substantially more data, but to robustly act with what we have. This indicates that using low
regret options—investments that we know will work regardless of the future scenario—
could likewise be beneficial for decision-making and limit analysis paralysis.

4.2. Main limitations

The data available for humanitarian and hazard projection analysis itself is either sparse,
noisy, or asymmetric—or all of them at the same time. To keep the simulation model—that
is used for the first time in this kind of a task—explainable and interpretable, our
specification was deliberately simple and has important limitations. To make the model
inference or prediction-based, a more complex kernel structure with different covariance
functions for space and time would be needed. Likewise, the residual analysis is consistent
with our use case of simulation under deep uncertainty but might benefit from added
componentsin future studies.

The future holds unknowable unknowns, and it is virtually impossible to eliminate the
chance that the model might not reflect causal relationships, such as between climate
change and conflict. Human-based or second order effects are not modelled. The dataset
excludes adaptation and disaster risk reduction investment as a variable, changes in
humanitarian efficiency, or socio-political shifts. They are all assumed constant or
proportional in the baseline but are however mimicked in the simulations to a qualitative
degree. For example, the change of regime in Syria during the turn of 2024-2025 could alter
the country’s future risk and humanitarian need tremendously. Likewise, knock-on effects
from disasters and conflict to a country’s industrial sector or trade would influence its GDP.
While a quantification of humanitarian cost serves a purpose, it may obscure culturally
specific needs or non-material dimensions. Likewise, emphasis on foreign aid, climatic
variables and GDP growth may also overlook local agency, informal resilience or indigenous
coping or underplay the political and historical drivers of vulnerability.

25



However, the results are mathematically robust—within its assumptions—until 2050 in all
performed sensitivity checks with a maximum difference of 12M for nominal people at risk.
(Supplementary Section 3.) Still, these results serve more as stress tests and we should be
cautious with forward-looking analyses of climatic damage that can have widely varying and
brittle outcomes (Morris et al., 2025; Newell et al., 2021; Tol, 2024).
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