
Humanitarian need drives multilateral disaster aid
Lisa M. Dellmutha,1

, Frida A.-M. Benderb, Aiden R. Jönssonb
, Elisabeth L. Rosvolda

, and Nina von Uexkullc

aDepartment of Economic History and International Relations, Stockholm University, 10691 Stockholm, Sweden; bDepartment of Meteorology and Bolin
Centre for Climate Research, Stockholm University, 10691 Stockholm, Sweden; and cDepartment of Peace and Conflict Research, Uppsala University, 75120
Uppsala, Sweden

Edited by Arild Underdal, University of Oslo, Oslo, Norway, and approved December 17, 2020 (received for review August 31, 2020)

As the climate changes, human livelihoods will increasingly be
threatened by extreme weather events. To provide adequate
disaster relief, states extensively rely on multilateral institutions,
in particular the United Nations (UN). However, the determinants
of this multilateral disaster aid channeled through the UN are
poorly understood. To fill this gap, we examine the determinants
of UN disaster aid using a dataset on UN aid covering almost
2,000 climate-related disasters occurring between 2006 and 2017.
We make two principal contributions. First, we add to research on
disaster impacts by linking existing disaster data from the Emer-
gency Events Database (EM-DAT) to a meteorological reanalysis.
We generate a uniquely global hazard severity measure that is
comparable across different climate-related disaster types, and as-
sess and bolster measurement validity of EM-DAT climate-related
disasters. Second, by combining these data with social data on aid
and its correlates, we contribute to the literature on aid disburse-
ments. We show that UN disaster aid is primarily shaped by hu-
manitarian considerations, rather than by strategic donor
interests. These results are supported by a series of regression
and out-of-sample prediction analyses and appear consistent with
the view that multilateral institutions are able to shield aid alloca-
tion decisions from particular state interests to ensure that aid is
motivated by need.

extreme events | disaster relief aid | multilateral institutions | natural
hazards | United Nations

Climate change and extreme weather events have been
growing concerns over the past decade (1). Future changes

in the climate are expected to lead to changes in the frequency,
intensity, and duration of extreme events such as heat waves,
heavy rain, drought and associated wildfires, and coastal flooding
(2). Both the developed and the developing world are affected,
but the burden is not shared equally. Since the 1970s, over 95%
of deaths from climate- and weather-related disasters have oc-
curred in developing countries (3). Particularly for developing
countries, it is a concern that higher frequencies of natural
hazards in a warming climate increase the risk of population
displacement, social unrest, and conflict (4, 5).
The borderless nature of climate change and the more intense

and frequent events expected in the coming decades make
addressing climate-related disasters an urgent international
policy challenge (4). Recent history has seen multilateral insti-
tutions like the United Nations (UN) acquire substantially en-
larged authority on the premise that transboundary policy
challenges require expanded international cooperation (6). In
the area of disaster relief, the UN raises and coordinates relief
aid to address immediate needs in stricken areas, providing food,
shelter, medical supplies, rescue management, and water secu-
rity. Against the background of lively debates on UN reforms to
make the institution more effective (7), the UN’s disaster relief
work has seen deep reform in the mid-2000s. Specifically, the
emergency relief funds coordinated by the UN Office for the
Coordination of Humanitarian Affairs (OCHA) have been
endowed with significantly greater financial resources and more
flexibility (8).
Multilateral institutions like the UN are built on liberal as-

sumptions to promote international cooperation and help states

to overcome collective action problems (9). This leads us to
expect that OCHA officials seek to protect aid distribution from
the influence of specific donor states’ interests to ensure that aid
is allocated on the grounds of hazard severity and humanitarian
need. However, we know little about the determinants of UN
aid. The political economy literature on foreign aid is bifurcated
in two large strands of research, one focusing on aid effectiveness
(10, 11) and one on aid disbursements; our study fits squarely in
the latter tradition. In this tradition, a sizable body of work on
multilateral development aid provides ample evidence of donor
influence on aid allocations in the Asian Development Bank (12,
13), International Monetary Fund (IMF) (14, 15), and World
Bank (16, 17). However, these studies typically do not examine
disaster aid. Moreover, a large number of studies on humani-
tarian aid show influence of strategic donor interests (18–23), but
the bulk of these studies focus on bilateral aid in the aftermath of
emergencies and not multilateral aid. Taken together, few no-
table contributions have studied multilateral disaster aid (24–26),
implying that we still know little about whether the UN is able to
shield itself from strategic donor interests and allocate aid on the
basis of humanitarian principles.
In this study, we therefore examine the determinants of UN

disaster aid, making a twofold contribution. First, we add to
research on disaster impacts by validating geocoded climate-
related disasters included in the most comprehensive disaster
database existing, Emergency Events Database (EM-DAT) (27,
28), using a meteorological reanalysis, ERA-Interim (29). By
validity we refer broadly to construct or measurement validity
(30), focusing on whether the common assumption that EM-
DAT captures the meteorological extremes of the climatic
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distribution of related meteorological variables holds. Using this
spatially and temporally coherent reconstruction of atmospheric
conditions from a forecast model assimilated with observational
data, we create hazard severity measures that are comparable
across a number of important disaster types: droughts and floods
based on precipitation, heat waves and cold waves based on
temperature, and storms based on wind speed. Previous litera-
ture uses hazard severity measures for specific disaster types
separately, such as droughts (31, 32), rainfall shocks, and
storms (33).
Second, we advance on previous aid disbursement literature.

We include these hazard severity data into a dataset for almost
2,000 disasters from 2006 to 2017 including indicators for aid,
humanitarian need, and donor state interests to examine the
determinants of UN aid via regression analysis. We consider
regression analysis to be a method suitable for investigating the
observable implications of our causal assumptions. The method
allows us to assign statistical significance at P < 0.05 to the re-
lations between aid and its potential driving factors, however, the
estimates of effect size remain imprecise. We run a large number
of robustness checks, among them a series of out-of-sample
prediction analyses, which underpin our main conclusions (Ma-
terials and Methods).

Results
We present the results in two steps, beginning with the creation
of the hazard severity measure for climate-related disasters, and
then summarizing the results from the regression analysis of
UN aid.

EM-DAT Validation. Estimating the physical and social determi-
nants of UN aid requires a measure of natural hazard severity for
several types of disasters. For this purpose, we first validate
whether the disasters reported in EM-DAT correspond to me-
teorological extremes and, as a second step, estimate their se-
verity at the yearly and country level (see SI Appendix, Text
for details).
As a first step, to match geocoded EM-DAT data to ERA-

Interim reanalysis, we rely on daily maximum and minimum
temperature for heat waves and cold waves, respectively; accu-
mulated precipitation for floods and droughts; and daily maxi-
mum sustained wind speed for storms. This gives us data for
droughts, floods, extreme temperature, storms, as well as for
disasters where one of these were co-occurring.
Fig. 1 shows distributions of temperature, precipitation, and

wind, comparing the EM-DAT–listed disasters, extracted from
the gridded reanalysis data using the reported dates and affected

geographical regions, to the global reanalysis data during the
reference period (2006–2017).
While EM-DAT disaster data have been criticized to suffer

from underreporting of damages and missing smaller disasters in
low-capacity countries (34), our results are evidence of the val-
idity of the disaster data in the sense that they on average cap-
ture a subset of more extreme meteorological events from the
total distribution of events. Comparing the means of the control
distributions and those representing EM-DAT disasters using
Welch’s t test, results suggest that the disaster event distributions
display 1) higher maximum daily wind speed for reported storms,
2) higher daily precipitation for reported floods, 3) lower 180-
d accumulated precipitation for reported droughts, 4) higher
daily maximum temperature for reported heat waves, and 5)
lower daily minimum temperature for reported cold waves.
Daily precipitation was found to better represent extreme

conditions for floods, and 180-d accumulated precipitation was
found to better represent extreme conditions for droughts. The
distributions in Fig. 1, as well as those used for the t tests and
reported values, are the entire, global distributions (excluding
all-ocean cells and latitudes south of 60° S) from ERA-Interim
during the time period covered by the geocoded disaster data
(2006–2017); randomly sampling subsets of the entire distribu-
tion to reduce sample size for the t tests does not change the
significance of the outcomes. Taken together, this increases our
confidence in the EM-DAT database.
As a second step, we use the meteorological data to calculate

yearly measures of hazard severity (Table 1). Toward this end, an
analysis of meteorological severity is carried out using compari-
sons of distributions of values and their frequency of occurrence,
rather than using the absolute magnitudes of local extremes, as
the latter may not be accurately represented in the given record.
This method is analogous to the risk-based approach commonly
employed in the field of attribution studies, in which climato-
logical extremes in a simulated climate forced with emissions are
compared to reference simulations in order to estimate and
communicate risks of extreme weather associated with global
warming (35). Extremes are then defined and interpreted in the
context of a parameter value’s place in the overall distribution of
values of that parameter and are thus standardized and com-
parable (SI Appendix, Text). Climatological distributions of pre-
cipitation are used in identifying and studying drought conditions
through the use of the Standardized Precipitation Index (SPI)
(36), which is also suitable for studying flooding conditions (37).
Here, we use the SPI, which is the precipitation expressed in
terms of SDs, for flood and drought severity. We use an equiv-
alent approach with wind speed for storms and temperature for
heat waves and cold waves.

A B C D E

Fig. 1. Overall distributions (“All”) compared against EM-DAT–listed disaster distributions of maximum sustained wind speed at 10 m height (Umax) during
storms (A), daily precipitation (P1d) during flooding events (B), 180-d accumulated precipitation (P180d) during droughts (C), daily maximum temperature at 2-
m height (Tmax) during heat waves (D), and daily minimum temperature at 2-m height (Tmin) during cold waves (E). Results of Welch’s t tests are included
(t-statistic); *P < 0.05, **P < 0.01. Red crosses indicate mean values, notches indicate median values, and whiskers indicate quartiles.
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Determinants of UN Climate-Related Disaster Aid. Based on the
validation that corroborates our confidence in the EM-DAT
database, we match the hazard severity measure to our dataset of
UN aid. UN disaster aid is coordinated by OCHA in three dis-
tinct funding categories where donor state interests can enter the
allocation process in different ways: immediate disaster relief,
disaster reconstruction, and other bilateral and multilateral aid.
We code one dependent variable for each category.
The first dependent variable captures immediate disaster

relief provided by the Central Emergency Response Fund
(CERF). Since 2006, countries may request funding through the
UN representative in their country in the case of an emergency.
The application is assessed and approved by the Emergency
Relief Coordinator who is head of OCHA, typically within 48 h.
Eligible recipients are UN organizations (excluding OCHA) and
the International Organization for Migration. As funds are un-
earmarked (8), there is very little room for donor interests to
influence allocations. CERF assistance amounts to about 0.5
billion US dollars (USD) yearly, of which the share of climate-
related disaster aid, as our data shows, fluctuates and makes up
half of the yearly funding at the most.
Second, the UN provides disaster reconstruction aid through

different Country Based Pooled Funds (CBPF). Through the
Consolidated Appeals Process, funds are raised and pooled in a
CBPF. Decisions about fund allocations are typically made by
local committees involving nongovernmental organizations
(NGOs) and a UN Humanitarian Coordinator. An advisory
board in which donors, NGOs, and UN agencies are relatively
equally represented oversees funding decisions. Funds are un-
earmarked but target specific countries (38), leaving some room
for donor influence by way of channeling funding to select
countries. CBPFs amount to slightly less than 1 billion USD
a year in total, of which climate-related disaster aid in our
dataset amounts to about 75% of total CBPF aid a year.
The third dependent variable includes other bilateral and

multilateral aid coordinated by OCHA. According to the records
in OCHA’s Financial Tracking Service, this type of aid is typi-
cally earmarked and more diversified, implying that donors
might pursue a broader set of different objectives with these
funds than with CERF and CBPF assistance. Our data reveal
that yearly disbursements of these funds strongly fluctuate be-
tween about 0.5 and 5 billion USD.
These three dependent variables are examined in terms of

whether they are associated with a range of needs-related and
strategic factors, as well as a number of controls, in a Tobit re-
gression analysis. As the dependent variables are log trans-
formed, the coefficients can be interpreted in terms of a
percentage change until an about 20% increase or decrease
(Materials and Methods).

The key finding is that hazard severity and humanitarian need
matter for aid allocations, while there is mixed evidence for
strategic donor interests. Hazard severity is found to be positively
associated with aid in models 2 and 3, implying that hazard se-
verity is taken into account for longer-term but not for short-
term CERF aid allocations. This may be understood against the
background of the timing of funding: CBPF and other forms of
aid are decided upon in a longer process than CERF aid, and

Table 1. Meteorological variables used in the calculation of yearly hazard severity

Disaster type Meteorological variable/index Yearly hazard severity

Flood SPI1d One-day SPI (from dailyaccumulated precipitation) 1
m ·

Pn

i¼1
½SPI1dðiÞ> þ 2.0�

Drought SPI6m Six-month SPI (from 180-daccumulated precipitation) 1
m ·

Pn

i¼1
½SPI6mðiÞ< � 2.0�

Storm Umax Daily maximum sustainedwind speed at 10 m 1
m ·

Pn

i¼1
½ΔUmaxðiÞ> þ 2σ�

Heat wave Tmax Daily maximumtemperature at 2 m 1
m ·

Pn

i¼1
½ΔTmaxðiÞ> þ 2σ�

Cold wave Tmin Daily minimumtemperature at 2 m 1
m ·

Pn

i¼1
½ΔTminðiÞ< � 2σ�

For each disaster, the hazard severity measure is calculated as the number of daily events (on day i) per year
(with n days) that meet the condition (notated with Iverson brackets; i.e., [P] = 1 if the condition P is true,
otherwise, [P] = 0). Δ represents the variable’s deviation from its climatological mean; all deviations and means
are calculated for each grid cell’s distribution of values, as climate is specific to locality. All values are normalized
by the number of data points (ERA-Interim grid cells) m for comparability.

A

B

Fig. 2. Hazard severity (A) and total UN aid per affected person (B), aver-
ages for 2013–2017. Total UN aid includes aid including immediate disaster
relief (CERF aid), disaster reconstruction aid (CBPF aid), and other bilateral
and multilateral aid raised by the UN.
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decision-makers may therefore be able to consider a broader
knowledge basis, including hazard severity. We illustrate this
finding by providing a geographical overview of the hazard se-
verity measure and total UN aid (Fig. 2). The maps illustrate that
high hazard severity often, but not always, coincides with UN
climate-related disaster aid, such as in the case of Congo,
Indonesia, Russia, and Zambia. They also suggest that UN di-
saster aid mostly flows to Latin America and Subsaharan and
eastern Africa.
Moreover, the results suggest that both CERF and CBPF aid

are positively associated with the number of affected persons,
respectively, but other bilateral and multilateral funding is not.
More fragile states appear to receive greater UN aid in all three
spending categories. These results are robust across a large number
of alternative model specifications (Materials and Methods).
Regarding strategic factors, only emergency official develop-

ment aid (ODA), which includes all government development
aid for emergencies, corroborates the donor states’ strategic in-
terest argument across the board. This indicates that UN
decision-makers partially mimic emergency ODA allocations
(“bandwagoning effect”) rather than tending to allocate lower
funding to areas receiving larger amounts of emergency ODA
partially through bilateral sources (“crowding out effect”). Trade
openness and status as a former colony of one of the permanent
five members of the UN Security Council (UNSC) (“P5”) do not
appear to matter. The coefficient of oil endowment is negative
and significant in model 1, which runs against the expectation of
donor influence; rather, this might indicate that oil exporters are
less likely to apply for immediate disaster aid, but this effect is
not consistent across model specifications (Materials and Meth-
ods). Similarly, the results for UN General Assembly (UNGA)
voting are mixed: They suggest that countries voting in line with
the United States (US) in the UNGA tend to receive more
CBPF and other bilateral or multilateral aid (models 2 and 3),
while the negative effect of UNGA voting on CERF aid is not in
line with the strategic influence argument (model 1), and not
robust (Materials and Methods).
With regard to the control variables, the results suggest that

UN aid especially targets droughts, extreme temperature, and
co-occurring disasters, and that CERF aid particularly targets
storm-related disasters. Ongoing armed conflict in the disaster-
struck country does not appear to matter for aid disbursement.
Taken together, the evidence underlines the needs-based ar-

gument. Additional out-of-sample cross-validations give further
support to the regression results by suggesting that the group of
needs-related factors are better predictors of UN aid than the
group of strategic factors (SI Appendix, Table S20).

Discussion
This study speaks to both aid and disaster impact research. It has
examined whether humanitarian need or donor states’ interests
determine UN disaster aid. Evidence from a series of regression
and out-of-sample prediction analyses endorse that needs are
more important than strategic interests in determining UN-
coordinated disaster aid allocations. This finding aligns with
previous studies recognizing the autonomous influence of the
bureaucracies of multilateral institutions disbursing humanitar-
ian aid (24–26, 39). It also underpins the insight that US com-
mercial or political interests do not tend to shape US
humanitarian aid (19). However, given that the bulk of human-
itarian aid (19–23) and multilateral development aid research
(12–17) has argued that strategic political alliances or donor
states crucially shape aid flows, this study provides a more nu-
anced view of multilateral aid disbursement.
Indeed, we find only one strategic factor to be consistently

related to UN aid. UN aid appears to partly mimic emergency
ODA, which mirrors previous findings in the context of hu-
manitarian aid (19, 25). Similarly, NGOs have been shown to

mimic state behavior in broader ODA allocations (40, 41). Po-
litical economy theories of transaction costs (42) lead us to ex-
pect that in light of information asymmetries in disaster aid,
donors to some extent use information about existing aid flows as
a proxy for the usefulness of aid. This suggests that donors cru-
cially depend on the information exchanged in multilateral in-
stitutions such as the UN.
Moreover, countries that tend to vote in line with the United

States in the UNGA do not appear to receive more CERF aid,
and the evidence for an effect of CBPF and other bilateral and
multilateral disaster aid is mixed. This corroborates previous
studies that have not found a consistent effect of UNGA voting
on humanitarian aid (39) and suggests that UNGA voting mat-
ters rather in the context of IMF loans (43). Related, we do not
find that countries that rotate onto the UN Security Council
receive preferential CERF and CBPF treatment, in contrast to
previous works on IMF lending (15), World Bank development
aid (44), and UNICEF development aid (45). Together, the re-
sults support previous theories attributing legitimate authority to
multilateral institutions because they ensure political neutrality,
integrity, and protection of the most vulnerable (46).
The second contribution lies in the thorough investigation into

the validity of the disaster data on the basis of which the results
on climate-related disaster aid are generated. EM-DAT is the
most comprehensive dataset on disaster occurrence to exist, but
it is known to suffer from biases in disaster severity measure-
ments (47). The results from our validation using reanalysis
suggest that EM-DAT disasters indeed represent extreme values
in the distributions of corresponding meteorological variables in
the ERA-Interim dataset. That we find EM-DAT disasters to
capture extreme weather events substantiates the validity of the
EM-DAT disaster data.
Moreover, we propose a hazard severity measure that allows

for comparing disasters across disaster types, in contrast to
previous disaster literature that typically operates with hazard
measures for specific types, such as droughts (31, 32) and ex-
treme rainfall (33). Including the hazard severity measure in the
regression analysis of UN aid offers an alternative to existing
endogenous severity measures often used in disaster research. At
the same time, by including only events that we know were di-
sasters (i.e., recorded in EM-DAT), we avoid measuring extreme
weather that did not actually impact people. Finally, our pro-
posed hazard severity measure, whose robust effects on UN aid
we demonstrated in this article, could enable comparative anal-
yses of the causes and impacts of climate-related disasters across
countries, disasters types, and over time.

Materials and Methods
EM-DAT Validation. ERA-Interim (29) is a global gridded reanalysis, i.e., a
spatially and temporally coherent reconstruction of atmospheric conditions,
from a forecast model assimilated with observational data. Based on me-
teorological variables in the reanalysis, a variety of disaster types can be
identified and characterized: droughts and floods based on precipitation,
heat waves and cold waves based on temperature, and storms based on
wind speed. We overcome challenges related to the limited spatial resolu-
tion of the reanalysis by using the frequency of events with a magnitude
beyond a specific threshold of deviations from the mean to quantify hazard
severity at annual resolution. The choice of thresholds and time scales, as
well as their limitations, are discussed in detail in SI Appendix, Text. Using
shapefiles of the first-order administrative units provided by the Database of
Global Administrative Areas (48), the relevant meteorological data are extracted
from the reanalysis. The distribution of meteorological conditions during
reported disasters in the administrative unit is then compared to the overall
distribution of the same variable over the same time period to test the differ-
ence between the EM-DAT–defined disaster cases and the reference state.

Materials for UN Aid Regression. The dataset is coded at the level of disasters,
which are clustered in disaster types, countries, and years. For the regression
analysis, we code a number of different proxies for need and donor interests.
We include those that do not raise any multicollinearity concerns in the main
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analysis in Table 2 and use the other measures for robustness checks (see
below). All variables that are described in detail in SI Appendix, Text and
Tables S1–S3 provide sources, descriptive statistics, and correlations between
the variables.

In the selection of variables, we are guided by the commonly applied
disaster risk framework in which risk is seen as the product of hazard, ex-
posure, and vulnerability (1, 39, 49). Our measures used to operationalize the
needs argument capture these factors to varying degrees. At the level of
disasters, we create a hazard severity measure for each disaster as the sum of
daily events in a specific disaster category occurring within a given country
and year exceeding two SDs from its climatological mean, normalized by the
number of grid cells from which the reanalysis data were taken (Table 1).
Humanitarian need is captured by the number of affected people, loga-
rithmized in order to avoid that outliers skew the results, derived from EM-
DAT for each disaster (21). At the country level, we account for state fragility
as a measure of vulnerability (50).

Tomeasure strategic interests, we include common country-level factors in
aid research: the number of preferential trade agreements presigned by
recipient state in a given year, as exports to donor countries might incen-
tivize more aid to stabilize the exporting country (22); a dummy variable
indicating former colony status of the P5 in the UNSC (=1) (39); a variable
capturing the part of emergency ODA left unexplained by the variables in-
cluded in our model, thereby avoiding multicollinearity and endogeneity
(refs. 21 and 40; see SI Appendix, Text); and an index of voting similarity
between a recipient country and the United States in the UNGA in a given
year, as the United States is the main OCHA donor (51).

Moreover, we control for intrastate conflict, which enables us to capture
the presence of internal challengers and, thus, recipient governments’ mo-
tivations to apply for or reject offered aid. Governments facing internal
challengers could have incentives to refuse international aid in order not to
appear weak vis-à-vis internal challengers. An example of this dynamic is the
refusal of the government of Myanmar to accept foreign aid following the
cyclone Nargis in 2008 (52, 53). We measure the involvement of the gov-
ernment in armed conflict at the country level as a dummy variable indi-
cating 1 if a country experiences at least one ongoing intrastate armed
conflict involving the government and resulting in 25 battle-related deaths,
and 0 otherwise (54).

Finally, we control for disaster type using a number of dummy coded
variables that equal 1 for a specific type of disaster and 0 otherwise (25).

Methods. As about 90% of all disasters during the observed time period did
not receive any UN aid and, thus, score zero, the regression analysis uses the
Tobit estimator that is appropriate for censored data. Thus, we estimate a
cross-sectional model (39). The reason is that disaster year-level aid flows
are rather volatile from 1 year to the other (SI Appendix, Fig. S1). In contrast,
independent variables at the country-year level are slow moving, a known
issue in aid research (55). Thus, our main models in Table 2 are based on the
assumption that the independent variables are able to explain mean dif-
ferences in UN funding between disasters, which is why we prefer to use a
cross-sectional Tobit estimator with fixed effects for disaster types over
a time-series cross-section model. Our analyses use inflation-adjusted

Table 2. Regression analysis of UN aid

Immediate short-run disaster aid
through CERF (log)

Long-run disaster reconstruction
aid through CBPF (log)

Other bilateral and multilateral funds
coordinated by the UN (log)

Needs-related factors
Hazard severity 0.001 0.012*** 0.002**

(0.175) (0.001) (0.003)
Total affected persons (log) 0.003** 0.033* −0.000

(0.002) (0.017) (0.835)
State fragility index 0.002*** 0.029*** 0.006**

(0.000) (0.000) (0.003)
Strategic factors

PTAs signed −0.002 −0.105 −0.014
(0.776) (0.392) (0.678)

Former P5 colony −0.010 −0.130 0.035
(0.318) (0.423) (0.350)

Oil endowment −0.009* −0.092 −0.012
(0.029) (0.199) (0.417)

Emergency ODA (residuals) 0.006* 0.144*** 0.018***
(0.020) (0.000) (0.000)

UNGA voting with the United
States

−0.072* 2.610*** 0.450*

(0.037) (0.001) (0.027)
Controls:

Conflict 0.017 −0.040 0.061
(0.310) (0.894) (0.244)

Drought 0.090*** 1.070*** 0.197**
(0.000) (0.001) (0.003)

Extreme temperature and co-
occurring disasters

0.088*** 1.050** 0.196**

(0.000) (0.004) (0.004)
Flood 0.006 −0.248 −0.013

(0.797) (0.292) (0.725)
Storm 0.037** 0.224 0.035

(0.006) (0.281) (0.525)
No. of observations 1,731 1,731 1,731
Bayesian Information
Criterion

62.026 1,161.896 304.797

Log likelihood 24.910 −525.025 −96.475

Constant included but not reported. P values in parentheses, estimated on the basis of heteroscedasticity-robust (Huber–White) SEs, clustered at the level
of years. *P < 0.05, **P < 0.01, ***P < 0.001. Estimates from a Tobit regression model. See Materials and Methods for model specification. Preferential trade
agreements abbreviated as PTA.
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measures of UN aid as dependent variables, as we do not include year
fixed effects.

The model takes the following generic form: yi =max0, xi β +ei,where ei | xi
Normal (0,σ2). yi denotes UN aid for each disaster i, x refers to a vector of
independent variables, and e refers to a normally distributed error term,
clustered at the level of countries. As the Tobit model has two dependent
variables (the censored and the uncensored part), the coefficients do not
represent the first-order partial derivative of the covariate, but the marginal
effect of the covariates on the latent dependent variable E(yi | xi), calculated
at the mean of the covariates. A test for potential multicollinearity (mean
variance inflation factor≈2), and Pearson correlation coefficients indicate no
such concern (SI Appendix, Table S3).

Robustness Checks. The results are robust across a large number of model
specifications. First, we control for country-level indicators of government
capacity, such as gross domestic product (GDP) (ref. 26, SI Appendix, Table
S4), export orientation in terms of trade in percent of GDP (ref. 2, SI Ap-
pendix, Table S5), infant mortality (ref. 39, SI Appendix, Table S6), and
corruption (ref. 22, SI Appendix, Table S7). We also control for logarithmized
disaster-level population density (refs. 21 and 26; SI Appendix, Table S8). Due
to multicollinearity, these specifications are less efficient, but our results
remain robust except that oil endowment and UNGA voting aligning with
the United States become insignificant in model 1 when controlling for GDP
and corruption. The additional variables themselves show no effects except
for GDP and corruption in model 1, suggesting that CERF aid flows to poorer
and less corrupt countries.

Second, we suspect that the total number of affected people might be
more strongly associated with UN aid at higher levels of hazard severity,
which we operationalize by a product term between affected people and
hazard severity (SI Appendix, Table S9). However, we find no evidence for an
interaction.

Third, we test the robustness of the strategic variables. For the sake of a
more conservative test, we enter all strategic variables separately in the
models. The results remain robust (SI Appendix, Tables S10–S12). Moreover,
we tested a number of additional strategic variables common in aid research
(15, 22, 40): temporary UNSC membership (SI Appendix, Table S13), being a
recipient of IMF assistance (SI Appendix, Table S14), and a dummy variable
indicating if a recipient country was subject to US sanctions in a given year
(=1) (SI Appendix, Table S15). We find no effects, and the results are robust.

Fourth, we model time in different ways. To do so, we test if a potential
trend in aid flows might bias the results (SI Appendix, Fig. S1). Including a
count variable coded as a consecutive number increasing each year over the
time period covered yields no consistent evidence for an effect of a trend,
but again, the UNGA voting variable turns insignificant in model 1 (SI Ap-
pendix, Table S16). We also reran the models as logistic models with binary
dependent variables (=1 if a country received UN aid). We run these models
both as cross-sectional logit regression (SI Appendix, Table S17) and time-
series cross-sectional logit regression with country-fixed effects (SI Appendix,
Table S18). The results corroborate the preferred Tobit model specification,
as they leave our main conclusions unchanged. In fact, the coefficient of
hazard severity turns significant in model 1 (SI Appendix, Tables S17 and

S18), and the coefficient of UNGA voting becomes insignificant (SI Appendix,
Table S18), which further corroborates our main conclusion.

Fifth, we address potential endogeneity issues arising from joint deter-
mination of the dependent and one or several independent variables (si-
multaneity). While omitted variable bias is generally not a problem in foreign
aid research, endogeneity due to simultaneity often is. For example, aid and
disaster reporting may be simultaneously a function of state capacity. Given
the general absence of aid effects on institutions and short-term economic
outcomes, these are negligible concerns. We rule out instrumenting as an
appropriate option, which typically yields less precise estimations (55), and
prefer to test if endogeneity might compromise the results in the two
following ways.

The first way is to lag country-level indicators by 1 y, which yields con-
sistent results (SI Appendix, Table S19). The second is to conduct an
out-of-sample cross-validation that estimates the contribution of the dif-
ferent groups of explanatory factors. It ascertains whether the group of
needs-based variables or the group of strategic variables, or both combined,
fare better at predicting UN aid out of sample. Similar to regression mod-
eling, this prediction approach serves to test observable implications of
relevant theories (56). Endogeneity concerns do not arise as the focus is on
the predictive power of groups of variables. We find that across dependent
variables, the “needs model” predicts better out of sample than the “stra-
tegic model.” While the combined model including all variables performs
best, the improvement over the more parsimonious model only including
needs-based variables is small, indicating that adding strategic factors leads
only to slight improvements for predicting UN aid (SI Appendix, Table S20).

Finally, given that the coefficients of UNGA voting are not robust in the
model specifications above, we use an alternative indicator for ideological
closeness to the United States in the UNGA. We enter it separately, as it is
highly correlated with UNGA voting (r = −0.627; n = 1,791). The results are
mixed, indicating that countries with greater ideological distance to the
United States receive less other bilateral and multilateral aid, but there is no
association with CERF and CBPF aid (SI Appendix, Table S21).

Data Availability. Quantitative data have been deposited in Harvard Data-
verse (https://doi.org/10.7910/DVN/VWQ5AY) (57).
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