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Abstract In this article, we provide an impact evaluation

of an intervention in Peru regarding preparedness for El

Niño impacts in Picsi District of Chiclayo Province in

Peru’s northwestern coastal Lambayeque region. This

effort involved the provision of special kits that reduce the

potential damage to homes as a consequence of rainfall and

floods associated with an El Niño-Southern Oscillation

event. Information was collected in 2016 when this Fore-

cast-based Financing early action was activated by an El

Niño forecast, and after a coastal El Niño actually struck in

2017. This dual database permits us to estimate the impact

of the intervention on the damage level of homes by

comparing those homes supported by the program with

those homes not receiving pilot-program support. This

comparison is achieved by using propensity score matching

techniques, which identify the most comparable homes to

the ones that were supported by the intervention. The main

findings of the study suggest a positive impact of the

program in terms of its effectiveness in mitigating the

damage caused by the 2017 El Niño. These results suggest

a drop in the scale of house damage (less damage) by

around 63% for a home that received the modular kit

treatment. When considering other specifications of the

model, the decrease in the scale of house damage improves

up to approximately 66%.

Keywords Early warning � Early action � El Niño-

Southern Oscillation � Forecast-based

Financing � Matching propensity score � Perú � Red

Cross

1 Introduction

To take urgent action to combat climate change and its

impacts is one of the sustainable development goals (UN

2018). Climate change is affecting many aspects of our

planet and it has progressed rapidly since the Industrial

Revolution (Dukes 2011; IPCC 2014; Williston 2015;

IPCC 2018). Extreme climate events present a serious risk

to poverty reduction efforts and threaten to break down

decades of development initiatives in developing countries.

This is especially true for those populations who are living

in vulnerable areas that often have the fewest resources to

adapt or recover quickly from shocks (Abeygunawardena

et al. 2009; Aldrich and Meyer 2015; Balica et al. 2014;

Kelman et al. 2016; Kamal et al. 2018). As the effects of an

extreme climate event are worsened by climate change,

getting away from poverty becomes more difficult because

poor populations not only face dire effects, such as decline

in water quality, changes in human health, or reduction in

supply of ecosystem goods and services (Scott et al. 1990),

but also experience severe impacts on the necessities of life

such as water, energy, and buildings (Lal et al. 2011;

E-IRG 2013).

A number of changes in climate variability, such as

temperature, precipitation, sea or river level rise, and

extreme events will affect housing more frequently. For

& Julio Aguirre

aguirre_jc@up.edu.pe

1 Department of Economics, Universidad del Pacı́fico,

15072 Lima, Peru

2 Red Cross Red Crescent Climate Centre,

2502 KC The Hague, The Netherlands

3 Centro de Investigación de Riesgo, Resiliencia y Cambio
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instance, extreme rainfall may cause deterioration or

damage to the interior or exterior of homes because of

seepage, flooding, erosion, and damage to building foun-

dation (E-IRG 2013). These issues have raised climate

awareness, which has motivated the implementation of risk

reduction and damage prevention programs for housing in

many developed and developing countries (Hochrainer-

Stigler et al. 2011). These disaster risk reduction policies

and measures provide the first line of defense in adaptation

to climate change, and one important action is integrating

disaster risk and climate change impact considerations into

housing sector planning and policy (Phong and Tihn 2010).

There are studies that deal with impact and cost–benefit

analysis of prevention programs, because housing is con-

sidered one of the most valuable, but also vulnerable, areas

impacted by climate change. The majority of these studies

applies cost–benefit analysis, and the minority uses impact

evaluation tools. For instance, Tran et al. (2012) and

Hochrainer-Stigler et al. (2011), applying cost–benefit

analysis, find positive returns from preventive measures.

The former examines the costs and benefits of applying

typhoon resilient housing measures in Da Nang (Vietnam),

and the latter applies probabilistic cost–benefit analysis to

evaluate selected disaster risk reduction measures that

reduce losses to structures in hazard-prone areas in low-and

middle-income developing countries. On the other hand,

Gros et al. (2019) implemented a quasi-experiment to

measure the impact of a forecast-based provision of cash

on households in Bangladesh to reduce the flood impact

(rent a truck to move their animals temporarily to higher

ground), finding positive effects.

In particular, regardless of the absolute certainty of

whether climate change is affecting the frequency or

intensity of the El Niño-Southern Oscillation (ENSO)

impacts,1 it is clear that there are very serious repercussions

associated with ENSO both on the composition and on the

dynamics of the Peruvian coastal and marine ecosystem

(Rossi and Soares 2017), and on the population in the

northern part of the country. The ENSO occasionally

increases the temperature of the surface waters of Perú’s

north coast sea, causing abundant evaporation, which is

added to the persistent orographic effect of the Peruvian

Andes, bringing rains that in turn give rise to floods and

mudslides (Galarza and Kámiche 2012).

In the last 35 years, in 1982–1983, 1997–1998, and

2017 Peru has suffered the effects of three El Niño events,

considered of very strong intensity.2 According to the

National Information System for the Prevention and

Attention of Disasters (SINPAD) of the National Institute

of Civil Defense (INDECI), the 2017 ENSO affected more

than 1.4 million people, caused 159 deaths, and collapsed

29.8 thousand homes (INDECI 2017).

Because natural hazards are a common challenge to all

human beings, different actors (relevant governmental

agencies, nongovernmental organizations, volunteer orga-

nizations, and research institutions) should be willing to

join forces to deepen exchange and cooperation in disaster

prevention and impact reduction. Tools such as natural

hazard monitoring, early warning systems, information

sharing, emergency rescue, scientific research, technology

adoption, personnel training, and community disaster

reduction practices are crucial to saving lives and miti-

gating damage (Zhang et al. 2012; Walshe and Nunn 2012;

Jiang 2013; Rademacher 2013; Baudoin et al. 2016).

Early actions, early warning information, and clear

decision criteria are all required to develop approaches for

using meteorological forecasts of extreme events to trigger

actions that could prevent a disaster. The risk of disaster,

however, results from a combination of the probability of

the hazard or extreme event, and the exposure and vul-

nerability of the population at risk. Therefore, the use of

meteorological forecasts to trigger early action assumes

that when the extreme event occurs, the impacts are high

enough to cause a disaster. This requires the determination

of the event threshold or danger level, that is, the magni-

tude and persistence of the hydrometeorological event that

is linked to the occurrence of avoidable and unavoidable

losses and damages (Lopez et al. 2018).

‘‘Early warnings’’ of heightened risk, such as the ENSO

forecasts that indicate enhanced risk of flooding, are often

available well before the disaster strikes. This provides a

window of time to reduce potential consequences for society.

Actions such as evacuation or distribution of water purifica-

tion tablets can be taken at this time window, each one with its

own level of cost in terms of scope and preparation needs. A

mixture of such actions can increase resilience to hazards,

both prior to and during the immediate threat of a disaster.

There is evidence that avoided disaster losses can at least

double or quadruple the investment in risk reduction

(Mechler 2005). This potential benefit buffers society against

the possibility of acting ‘‘in vain’’ if the hazard does not occur

within the forecast-projected time frame, and ensures that the

long-term gains of preventative action will outweigh the costs

of false alarms (Coughlan De Perez et al. 2016).

In this article, we provide an impact evaluation of the

Forecast-based Financing (FbF) mechanism in Peru in

1 The ENSO was discovered in the 1970s, when satellite images of

the Earth were first routinely collected. Since then it has been

recognized as a major driver of the dynamics of the climate system.

Tsonis (2017) provides a discussion about the connection of the

ENSO to global warming, for example, its role in global warming and

whether there will be more El Niño events in a warmer climate.

2 During the period 2002–2015, the appearances of the ENSO were

considered to be of weak or moderate intensity.
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preparedness for El Niño impacts. The FbF allocates

resources prior to a hazard occurring based on preselected

forecasts and climate information in order to trigger

financial resources more efficiently and effectively to pre-

pare communities before the disaster shock. Since 2014,

the Red Cross has developed the FbF as an innovating

program in order to help communities prepare and respond

to shocks as well as reduce vulnerability and build lasting

resilience (Coughlan De Perez et al. 2015). Even the range

and extent of anticipatory actions could change with the

forecast’s lead time, and thus the degree of uncertainty (for

example, short-term risks such as cyclones and storms can

be forecast with relatively high skill); action based on early

warning systems (such as cyclones) has saved many lives

and prevented damage (Galindo and Batta 2013; Rogers

and Tsirkunov 2013; Harriman 2014; Gros et al. 2019).

The FbF implemented in Peru was delivered in order to

enable preparedness for El Niño 2015–2016 impacts. This

mechanism setting up a framework to elaborate interven-

tion protocols of early action that could be automatically

implemented when forecast thresholds were reached. The

trip-wire comes from different national and international

agencies (Bazo et al. 2018).

The purpose of our study is to analyze the effectiveness

of implementing the FbF intervention. The information was

collected at two different points in time. The first, once the

early warning was activated, involved the provision of

special kits to prevent damage from flooding and rain; and

the other data set was collected after the coastal El Niño

struck in 2017. We can estimate the impact of the inter-

vention on specific outcomes regarding the damage level of

homes by comparing those homes supported by the pro-

gram with those that were unsupported. Previous literature,

which performed impact evaluation of an early warning

intervention such as the FbF and involved experiments or

quasi-experiments, is scarce. An exception is Gros et al

(2019) study in which a quasi-experimental investigation

was implemented to estimate the impact of forecast-based

provision of cash to help vulnerable populations take

preparatory early actions. The goal of Gros and colleagues

was to prevent and reduce negative disaster (flood) impacts

in Bangladesh on a set of outcomes that is different than

ours. Gros et al. found that a FbF cash transfer increased

the regularity and quality of beneficiary households’ food

intake, reduced the need to take out high-interest loans, and

appears to have reduced psychosocial stress in the after-

math of the flood.

Unfortunately, in our study we do not have a baseline

that has followed a randomization process to determine

which home is or is not a beneficiary. Using matching

techniques, we identified the most unsupported comparable

homes to the households that were supported by the

intervention, in order to estimate the effect of the early

warning intervention on the damage level of homes. A

limitation exists, however, since the post-intervention data

corresponds to a period after the 2017 El Niño event. This

means that the results to be found are most likely under-

estimated, due to the fact that the actual protection pro-

vided by the kits occurred more than a year after their

installation. Nevertheless, as a methodology, it could be

helpful for future interventions to provide parameters of

interest for cost–benefit or cost effectiveness analysis of

different alternatives in preventing effects of natural haz-

ards in poorer areas. That is, with information on costs

impact estimates will be particularly useful in determining

if a specific investment is worthwhile, enabling the calcu-

lation on the net cost or benefit associated with the inter-

vention when different options are being appraised and

compared, as an option for choosing the best approach.

Such analysis does provide a very useful starting point for

researchers and policymakers to collaborate in assessing

the efficacy of the different programs and their relevance to

the particular situation (Dhaliwal et al. 2014).

Our hypothesis is that the provision of the special kits

reduces the potential damage of homes as a consequence of

the El Niño event in the study area, the district of Picsi (in

the Lambayeque region, northern Peru). The main findings

of our study suggest a positive impact of the FbF program

in terms of its effectiveness in mitigating the damage

caused by El Niño in Picsi, which is interpreted as a drop in

the scale of house damage (less damage) of around 63% for

a home that received the treatment.

The rest of the article proceeds as follows: Sect. 2 pre-

sents the study area and details of the FbF intervention in

Peru, while the following three sections present the esti-

mation strategy and methodology, variables and data, and

empirical findings. Finally, Sect. 6 is devoted to the

conclusion.

2 Forecast-Based Financing Intervention in Picsi,
Peru

The project ‘‘Forecast-based Financing’’ is a global project

undertaken by the International Federation of Red Cross

and Red Crescent Societies and financed by the German

Government. The main aim of the project is to improve the

preparedness of communities and their response to disaster

shock, based on knowledge and risk analysis, improved

early warning, and innovative financing mechanisms.

2.1 Study Area

In the initial evaluation of this project, the community

selection was made according to the needs in the Picsi

District, as well as according to the experience and the
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implementation capacity of the Peruvian Red Cross bran-

ches. The selection criteria were: (1) severe heavy rainfall

and flood impact in the past; (2) high vulnerability of the

population in case of extreme rainfall, especially in the

context of access to the area, depressed socioeconomic and

health situation, as well as limited availability of drinking

water and livelihood options; (3) the absence of other aid

agencies and the scarce coverage of state services; and (4)

the existing capacities of the local Red Cross. The local

Red Cross trained volunteers were mobilized from eight

communities in the district of Picsi: El Mango, Horcón I,

Horcón II, El Faicalito, San Juan La Greda, El Pancal, Rio

Dos, and Collocsi (Fig. 1).

The district is located inland from the north coast of the

country, in the region of Lambayeque, in the province of

Chiclayo. It has an area of 56.92 km2 and an altitude of

36 m above sea level (masl), is 8.5 km away from the

capital of the region (Chiclayo City), and it borders with

the two other provinces of Lambayeque to the north (Fer-

reñafe) and to the west (Lambayeque). According to the

2007 National Census, the district had a population of 8942

people and 1916 households. Information from 2017 shows

that there is an identified population of 9090 people, of

whom 4573 are men and 4517 women (INEI 2017). It also

has 20 population centers, of which 17 are rural and three

are urban (INEI 2018a). In terms of total population, Picsi

represents 1.0% of the province of Chiclayo, which makes

it the fourth smallest district.

Regarding the socioeconomic aspect of the Picsi Dis-

trict, it is estimated that the poverty level of the population

is between 21.9 and 33.9% (INEI 2013). Following the

2007 National Census, 79.7% of households have access to

a public water network within the building, 78.7% have

access to a public drainage network, and 89.7% have

electric light from a public network (INEI 2018b). As for

the local economy, the district is mainly engaged in agri-

cultural activity, with rice and sugar cane as the most

important crops.

2.2 The Forecast-Based Financing (FbF)

Intervention

The northern coast of Peru (the departments/regions of

Tumbes, Piura, and Lambayeque) is one of the most vul-

nerable regions during El Niño events; heavy rains cause

flooding, which affects human activity and infrastructure in

a significant way. In this context, the Peruvian Red Cross

(PRC), the German Red Cross, and the Red Cross Red

Crescent Climate Centre designed a project that uses sci-

entific observations and forecasts to implement early action

Fig. 1 Beneficiary communities in the Picsi District, Chiclayo Province, Lambayeque Region. Source FbF Team
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in the most vulnerable areas, before the onset of a potential

disaster. The 2015–2016 El Niño was one of the first

applications of the FbF mechanism.

The FbF aims to improve the effectiveness and effi-

ciency of humanitarian preparedness by acting on national

and international hydrometeorological forecasts. The sys-

tem is based on calculations of regional impact levels

(thresholds) and predefined early actions. These actions are

triggered when a forecast exceeds a danger level in a

vulnerable intervention area (for example, a specified

amount, probability, or return period of rain that makes

rivers flood and damage communities). An FbF interven-

tion also makes financing available for the predefined

actions to be taken automatically, without the need for a

declaration of an emergency. Hence, actions can be taken

before the impact of the disaster and can strengthen the

resilience of both communities and institutions.

The triggering mechanism for this intervention was

available from forecasts created by different national

agencies like ENFEN (The Permanent Technical Com-

mittee for El Niño in Peru) and SENAMHI (Peruvian

Meteorological and Hydrological Service) and interna-

tional forecasting agencies, such as the European Centre

for Medium-range Weather Forecasting (ECMWF) and the

National Oceanographic and Atmospheric Administration

(NOAA). This mechanism was activated if three out of four

forecasts or observations reached the predefined thresholds,

in a given time window between November and March

(Fig. 2).

Once the triggering mechanism was activated the

Peruvian Red Cross implemented a logical sequence of

activities:

(1) Conformation of the technical team to evaluate and

supervise housing infrastructure conditions.

(2) Designing of a concrete and detailed tool to collect

the information of the affected dwellings.

(3) Training of volunteers in all processes of protection

and house strengthening.

(4) Technical monitoring of the provincial branches of

the PRC during field work.

Fig. 3 Household information card for intervention kit selection, Pisci District, Chiclayo Province, Perú. Source FbF Team
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(5) Collection of baseline information about houses

including photos and plans to obtain an approximate

standard area and house features (Fig. 3).

(6) Systematization and analysis of the collected

information.

The criteria employed by the Peruvian Red Cross to

select the beneficiaries were mainly the infrastructure

conditions of the house. Then, the intervention in the study

area consisted of the provision of a special kit (Fig. 4)

designed to protect selected households, according to

community needs and their vulnerability. Specifically, the

kit’s purpose is to improve the roofs by replacing those that

cannot withstand heavy rains with corrugated roofs and the

structure to support it. The corrugated roof is installed so

the water runs off to the street (Fig. 5). A tool kit guideline

was developed in relation to the construction of the kit, and

for its correct installation.

Figure 6 shows the timeline of the activities related to

the intervention and data collection. The early warning was

activated in November 2015, in order to enable prepared-

ness for the 2015–2016 El Niño impact. In the following

month information was obtained for 336 households in the

district of Picsi. The process of elaboration and allocation

Fig. 4 Housing kit. Note: The housing kit contains: (1) 12 corrugated

roof, polypropylene wave 100 of 3.05 m 9 1.10 m; (2) 08 4 mm

plywood plates; (3) 01 wooden sticks of 400 9 6 m; (4) 01 wooden

sticks of 400 9 4 m; (5) 02 wooden sticks of 400 9 3 m; (6) 05 wooden

sticks of 300 9 6 m; (7) 02 ‘‘Cumalá’’ wood slats 200 9 200 x 3.56 m;

(8) 05 ‘‘Cumalá’’ wood slats 200 9 200 9 3 m; (9) 04 ‘‘Cumalá’’ wood

slats 200 9 200 9 2.95 m; (10) 06 ‘‘Cumalá’’ wood slats 200 9 100 9
2.34 m; (11) 01 kg of wire # 16; (12) 02 kg of nail for wood of 600;

(13) 02 kg of nail for wood of 400; (14) 02 kg of nail for wood of 100;
and (15) 120 nails for corrugated roof. Source FbF Team

Fig. 6 Timeline of the El Niño forecast-based intervention in Pisci District, Chiclayo Province, Perú

Fig. 5 Before and after pictures of the kit provision. Note: The pictures correspond to a house in the Horcón I community, Picsi District. The

roof was reinforced in the bedroom, living room, and dining room. Source FbF Team
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of the kits began in February 2016 and it extended up to

May of the same year. The reason behind this was that the

2015–2016 ENSO had a lower intensity than expected in

this region, which allowed the Peruvian Red Cross to stay

longer. As a consequence, the delivered kits did not fulfill

their specific protective role until the 2017 ‘‘Coastal El

Niño event’’ (between January and May 2017, mainly),

which has been considered a climate event of extraordinary

intensity.

Later evaluation of the baseline data showed that at least

240 households actually satisfied the conditions to receive

a kit. This means that the sample used in this study should

have included 240 households. In November 2017, given

budget and operational constraints, information regarding

the physical state of the houses was only collected for 113

of the 240 households (treated households included), which

means that only these observations have registered values

for the dependent variable. As a result, the 113 households

make up the final sample.

3 Estimation Strategy and Methodology
for the Effect of a Forecast-Based Financing
Intervention

Estimating the effect of the FbF program in Picsi means

that one must calculate the average treatment effect on the

treated households (ATET). However, in order to obtain

unbiased estimates of the average treatment effect, the

treatment should be randomly assigned between the

observations. This is required because if individual char-

acteristics also affect the outcome of interest, the estima-

tion of the impact of the program would be biased. This is

most likely the case for the FbF program, since the allo-

cation of the kits was based on the evaluation of the con-

ditions of the houses, mainly the visible conditions of the

infrastructure.

As a consequence, an alternative tool is needed.

Propensity score matching (PSM) techniques can be used

to estimate the treatment effects. This methodology can

eliminate the selection bias by comparing treated obser-

vations with untreated observations that have similar

characteristics. The difference in outcome between the

treatment units and their corresponding comparison units

equals the ATET.

The first step of PSM is to estimate the propensity score

for each observation, in other words, the probability of a

particular home being treated (receiving the kit) condi-

tioned on a set of observable characteristics. The second

step is to restrict the sample to the observations that belong

to a common range in the distribution of the propensity

score, often called the common support. This is done

because there can exist treated observations with no

comparison with a similar score (or vice versa). This

exclusion allows us to keep only those treated and control

observations that have similar probabilities of being trea-

ted. The third step is to use the score to match the treated

observations with the control observations. The PSM

identifies one or more control units for each treated unit,

according to the matching mechanism used. The control

units with a propensity score close to the treated units score

become the counterfactual. The final step is to estimate the

ATET on the outcome of interest, that is, damage level of

home, using the matched observations.

Formally, the PSM methodology can be presented as

follows. Let Yi1 be the outcome for observation i, condi-

tional on receiving the treatment Di = 1, and Yi0 the out-

come conditioned to not receiving the treatment Di = 0.

Strictly, the ATET is:

ATET ¼ E Di ¼ 1ð Þ � E Di ¼ 1ð Þ

where the last component of the right side is not

observable, since it is not possible to see the outcome of

the treated observations if they were not treated. Since the

best approximate available for these variables are the

outcomes of the untreated observations, one could estimate

the ATET as:

ATET ¼ E Di ¼ 1ð Þ � E Di ¼ 0ð Þ

This is only possible if the treatment assignment is

random, that is, if Yi1 and Yi0 are independent of Di. If the

allocation depends on certain individual characteristics, the

ATET estimate would be biased. Controlling for the

observable characteristics through matching allows to

remove this bias, and the net effect correctly estimates

the ATET. Let Xi be the observable variables, the ATET is:

ATET ¼ E Xi;Di ¼ 1ð Þ � E Xi;Di ¼ 0ð Þ

where the last term on the right side is the counterfactual

obtained from the outcomes of the untreated observations.

In principle, given a number k of observable variables, it

would be necessary to perform k pairings to estimate the

ATET. The PSM methodology, as shown by Rosenbaum

and Rubin (1983), allows the use of the propensity score

P Xið Þ ¼ P Di ¼ 1jXið Þ instead of Xi, so that the matching is

done only in function of probability. Thus, the estimate

results in the following:

ATET ¼ E P Xið Þ;Di ¼ 1ð Þ � E PðXiÞ;Di ¼ 0ð Þ

Once the propensity scores are calculated, the ATET can

be obtained as a weighted average of the difference of the

outcomes of the treated observations and their

corresponding matches. In a general form, the estimated

ATET can be expressed as:
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dATET ¼ 1

n

X

ijD¼1

Yi1 �
X

jjD¼0

W i; jð ÞYi0

2

4

3

5

where W i; jð Þ are the weights corresponding to the coun-

terfactuals, which depend on the chosen matching method.

In this study, as it will be seen in the empirical findings

section, three matching schemes were used to estimate the

ATET. The first corresponds to a nearest neighbor match-

ing procedure, which selects the m comparison units whose

propensity scores are closest to the treated unit in question

(Dehejia and Wahba 2002). In this case we used one-to-one

matching, which selects for each treatment observation the

first control with the closest score.

The other two matching methods are radius matching

and kernel matching. In the former, each treated unit is

matched with all the control units whose propensity score

falls in a neighborhood (radius) of the propensity score of

the treated unit (Dehejia and Wahba 2002). In the latter, all

control observations are used and matched with the treated

ones, using a weighted average where the weights are

inversely proportional to the distance between the

propensity scores of the treated and control groups (De-

hejia and Wahba 2002; Baser 2006).

4 Data and Variables

The data collected from the surveys consist of information

about the physical condition of the house, its access to

water, and some socioeconomic characteristics of the

household. The data set includes 62 control and 51 treated

households. Table 1 shows how the damage level in the

houses (the dependent variable) is distributed within each

group. On the other hand, Table 2 shows the average,

standard deviation, minimum, and maximum values for all

the variables, and the difference in means between the

treatment and control group.

The significant difference between the means of the

dependent variable (outcome) of the control and treatment

group may be a first indication of the effect of the program.

The positive difference suggests that, on average, an

untreated household suffered more damage than a treated

household. However, as shown, there are also differences

in the characteristics of the treated and control observa-

tions. The main differences correspond to the variables that

are related to the physical infrastructure of the home, which

are almost all statistically significant. Other characteristics

with a significant difference are whether (or not) the

household has access to a water source, the source is a

stream, the head of the household is a woman, and the

house possesses good, regular, or bad sanitation.

Taking into consideration the relevant differences in the

quality of the houses, it appears that these variations reflect

a wider difference in socioeconomic terms between both

treated and control groups. After all, it is not unreasonable

to assume that families with a higher income can afford a

house in better structural and aesthetic condition. This can

also be inferred from the fact that these households have

better sanitation conditions, since it could reflect that there

exists both the means and disposition to maintain a safe and

sound environment inside the home as much as possible.

Thus, these data show that the treated households are in

significantly ‘‘worse’’ condition than the control house-

holds. This is consistent with the assignment of the kit, but

the use of the PSM methodology is necessary to take into

account the socioeconomic and demographic characteris-

tics of the households in order to adequately estimate the

effect of the intervention.

5 Empirical Findings

In the following sections the propensity scores for each

household in the sample are estimated using a probit

model. Then, these scores are used to obtain the effect of

the Red Cross Program through different matching

techniques.

5.1 Probit Estimations of Receiving Treatment

from the Red Cross Program

Following the methodology described, the propensity score

for each household was estimated using a probit model.

The probability of receiving a kit depends on a group of

variables, which are related to the physical conditions of

the house, access to water, and the socioeconomic

Table 1 Damage to houses, by control and treatment groups, studied in Picsi, Chiclayo Province, Perú

Number of households Damage to the house (%)

Unaffected Slightly affected Seriously affected Collapsed

Control 62 20.97 51.61 25.81 1.61

Treatment 51 72.55 21.57 3.92 1.96
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characteristics of the household. Table 3 shows the results

of different specifications for the model.

First, the effect of building integrity (condition of the

roof, walls, and main door access on the probability a

household receiving the kit was estimated. Columns 1 and

2 show that a household with a roof or walls in poor

conditions is more likely to receive the kit. This is con-

sistent with the assignment rule of the FbF program, which

focused on giving higher priority to homes that can more

easily collapse as a result of an external event (in this case,

Table 2 Characteristics of treatment and control groups of houses studied in Picsi, Chiclayo Province, Perú

Variables Mean SD Min Max Mean of

treated (T)

Mean of

control (C)

Difference

(C - T)

Outcome Damage of the house 1.7522 0.7853 1 4 1.3529 2.0806 0.7277***

House conditions Roof in good conditions 0.1455 0.3542 0 1 0 0.2623 0.2623***

Roof in regular conditions 0.5 0.5023 0 1 0.3061 0.6557 0.3496***

Roof in poor conditions 0.3545 0.4806 0 1 0.6939 0.082 - 0.6119***

Walls in good conditions 0.1376 0.3461 0 1 0.0208 0.2295 0.2087***

Walls in regular conditions 0.5321 0.5013 0 1 0.3542 0.6721 0.3180***

Walls in poor conditions 0.3303 0.4725 0 1 0.625 0.0984 - 0.5266***

Main door access in good

conditions

0.375 0.4867 0 1 0.225 0.4821 0.2571***

Main door access in regular

conditions

0.4167 0.4956 0 1 0.375 0.4464 0.0714

Main door access in poor

conditions

0.2083 0.4082 0 1 0.4 0.0714 - 0.3286***

Energy in good conditions 0.593 0.4942 0 1 0.5313 0.6296 0.0984

Energy in regular conditions 0.0698 0.2562 0 1 0.0625 0.0741 0.0116

Energy in poor conditions 0.3372 0.4755 0 1 0.4063 0.2963 - 0.11

Water access and

sources

Access to water 0.5 0.5023 0 1 0.4043 0.5738 0.1695*

Water from streams 0.0273 0.1636 0 1 0.0588 0 - 0.0588*

Water from canal 0.0091 0.0953 0 1 0.0196 0 - 0.0196

Water from city or community 0.0818 0.2753 0 1 0.0784 0.0847 0.0063

Water from well 0.3909 0.4902 0 1 0.3333 0.4407 0.1073

Water form waterwheel 0.1364 0.3447 0 1 0.1765 0.1017 - 0.0748

Water from pond 0.0091 0.0953 0 1 0.0196 0 - 0.0196

Water from river 0.1818 0.3875 0 1 0.1176 0.2373 0.1196

Water from elevated water tank 0.0091 0.0953 0 1 0 0.0169 0.0169

Other/unspecified water source 0.1545 0.3631 0 1 0.1961 0.1186 - 0.0774

Household

characteristics

Female head of household 0.5752 0.4965 0 1 0.4118 0.7097 0.2979**

Diseased or handicapped head of

household

0.1607 0.3689 0 1 0.14 0.1774 0.0374

Telephone 0.354 0.4803 0 1 0.2941 0.4032 0.1091

Pregnant woman 0.0804 0.2731 0 1 0.06 0.0968 0.0368

Number of men 2.3036 1.3141 0 7 2.3725 2.2459 - 0.1266

Number of women 2.2432 1.1459 0 5 2.0784 2.3833 0.3049

Number of kids 1.6774 1.4682 0 5 1.7381 1.6275 - 0.1106

Number of adults 3.125 1.6226 1 9 3.0196 3.2131 0.1935

Age 47.566 17.2341 20 87 48.3726 46.9032 - 1.4693

Own house 0.8288 0.3784 0 1 0.8571 0.8065 - 0.0507

Good sanitation 0.3455 0.4777 0 1 0.2245 0.4426 0.2181**

Regular sanitation 0.4455 0.4993 0 1 0.3469 0.5246 0.1777*

Bad sanitation 0.2091 0.4085 0 1 0.4286 0.0328 - 0.3958***

***p\ 0.01, **p\ 0.05, *p\ 0.1
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El Niño). Access to the household only has a statistically

significant effect on the specification of column 3, where

the variable ‘‘energy in good condition’’ is also included.

Several households did not disclose information regarding

the energy system, however, which explains the reduction

in the number of observations. In addition, no energy

variable was significantly relevant under different tested

models, which led to its exclusion for the rest of the

specifications.3

Columns 4 to 11 introduce water access variables and

their different sources. Columns 5 to 9 show that having

access to a water source does not have an effect on the

probability of being treated with a kit. There is also no

specific effect of the main types of water sources (city or

community, river, wheel, and well). Column 4 shows that

obtaining water from an unspecified source increases the

probability of receiving a treatment kit. Taking into

account that there were nine water source options in the

survey, this variable may reflect a limited or even nonex-

istent source. This restriction on access to water may have

influenced the allocation of kits by the program. This result

holds when controlling for access to water (column 10),

which is now significant and with a negative sign, and for

access through a well (column 11), which is the most fre-

quent water source.

Finally, columns 12 to 16 assess whether there is an

effect of the socioeconomic characteristics of the house-

hold and its members on the probability of receiving a

treatment kit. Only the bad sanitation variable has a sig-

nificant effect if added separately. A household with worse

hygiene is more likely to be treated (column 12). This is

also consistent with the significant difference of the means

of this variable between the control and treatment group in

Table 2. In contrast, the effect of having members who are

likely to be more vulnerable—such as a female head of

household, a sick person, a pregnant woman, and numerous

children (column 13)—is not statistically significant. In the

same way, there is no effect of the number of adults and

children (column 14) and of women and men (column 15)

on the probability of receiving the kit. In column 16, the

effect of the most vulnerable members was estimated

again, adding the rest of the variables of the category,

finding no effect also on the probability of a household

being treated.

Thus, almost none of the previously proposed variables

had a significant effect on the likelihood of being part of

the Red Cross program. Only column 16 shows a signifi-

cant result: a home with a telephone is less likely to receive

a treatment kit. Despite this exception, the results of all the

estimates suggest that the physical aspects of households

determine whether the kit is received or not. The variable

about roof condition remains statistically significant in all

specifications, while the variable regarding the condition of

the walls does in almost all of them. The same applies to

the access to water, unspecified source, and bad sanitation

variables. This suggests that the program allocation was

primarily focused on physical aspects, and possibly those

easy to observe at first glance. On the other hand, it seems

that there was no focus on other characteristics of the

household or its members.4

5.2 Average Treatment Effect on the Treated

(ATET) Houses in Picsi, Perú

The ATET is calculated from the difference in the outcome

variable between the matched control and treatment

observations. This calculation is made on the observations

that are within the common support, in such a way that one

works with the treatment and control units with similar

propensity scores. The expected result is a negative impact

of the FbF program on the household’s level of damage. In

other words, as a result of the intervention, those house-

holds that received a kit experienced less damage than

those that did not.

As described in the previous section, the FbF interven-

tion was initiated as a response to an early warning about

probable El Niño events in 2015–2016; yet the kits’ pro-

tective role was not fulfilled until the 2017 Coastal El Niño

event, since the anticipated natural hazards of the previous

year were almost absent. This represents a limitation for

the present study, because the estimated ATET could be

biased by unknown factors present in the lapse of time

between the installation of the kits and the actual protection

they delivered.

Nevertheless, the data showed that treated households

were socioeconomically worse off than the control ones,

which related to their inability to improve the physical

3 The exclusion of the energy variables can be reinforced by the fact

that, among the variables that relate to the physical condition of

households, only these lack a significant difference in means between

the control and treatment group.

4 In order to check for heteroscedasticity, the probit models were also

estimated using robust standard errors. The results were almost

identical to those of Table 3 in terms of the coefficients of the

covariates and their statistical significance. The most relevant change

identified corresponds to the model of column 16, in which all the

household characteristics variables became significant. This is an

unexpected result, because it would imply that a household with an ill

member or pregnant women was less likely to receive a kit. While this

could reveal that the program allocation took into account other

aspects besides the physical condition of the houses, it seems highly

unlikely that the Red Cross would punish the vulnerabilities of the

family members. Because of this, no more focus was given to this

matter. The key issue resulting from this new estimation is that the

results remained equal for the models corresponding to columns 1, 4,

10, and 12, which will be used to estimate the ATET in the following

section.
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condition of their homes. It is plausible to assume that,

during the time the kits remained in these houses, no sig-

nificant physical improvements were made, which is the

principal issue that could bias the result. As a consequence,

the most probable ‘‘noise’’ that might alter the estimations

would be a decline in the physical conditions of the kit,

most likely due to wear and tear. Under this assumption,

the results of this study would be underestimated, because

they would reflect less than 100% of the ‘‘protectiveness’’

that a kit in pristine condition could deliver. In other words,

the estimated ATET is a lower bound of the real effect of

the intervention.

Having made this clarification, Table 4 shows the esti-

mated ATET using three different matching techniques:

one to one matching, kernel matching, and radius match-

ing. The first column for each method—columns (a), (e),

and (i)—estimates the ATET for the first estimated probit

model, which includes the conditions of the roof, walls, and

access. Despite being the most basic specification, the

pseudo R-squared and log-likehood values of this model

shown in Table 3 reflect that these variables have consid-

erable explanatory power. This gives confidence in the fact

that the variables that can be more correlated to the out-

come are being taken into account, and hence the possible

bias in the ATET is eliminated.

The estimated ATET is statistically significant and has a

negative sign in the three cases. It also fluctuates between a

reduction of 0.695 and 0.835. This translates into a positive

impact of the Red Cross program in terms of its effec-

tiveness in mitigating the damage caused by El Niño.

These results can be interpreted as a drop in the scale of

house damage (less damage) for a home that received the

kit treatment.

If the statistical model used for the matching process

was misspecified, then imbalances of the characteristics

between the treatment and control group could still prevail,

which in turn would subtract validity from the ATET

findings. In order to check for balance in the matched

samples, Fig. 7 presents the kernel density for the

propensity score distribution before (upper graphic) and

after (lower graphic) matching using the three techniques.

Possible imbalances should reflect a visible difference in

the distribution of the propensity scores of both groups

even after matching. Nevertheless, the distribution is visi-

bly better after pairing in the three cases, with kernel and

radius matching being slightly ‘‘better’’ than one to one

matching. This is consistent with the application of the

PSM methodology, as it shows that the matching reduces

the differences between the control and treated units, and

reinforces the inclusion of the conditions of the roof, walls,

and access variables.

Estimating the ATET with other specifications of the

probit model produces similar results.5 The other three

columns of Table 4 correspond to the models in column 4,

10, and 12 of Table 3, which include the access to water,

unspecified source of water, and bad sanitation variables.

The ATET estimated in eight of the nine cases is statisti-

cally significant and negative. If we consider the most

significant results, we observe that the estimated effect of

the intervention varies between - 0.6628 and - 0.9266.6

Finally, a robustness test of the damage of the house as

the dependent variable was performed using ordinary least

squares (OLS). The results are presented at the bottom of

Table 4. The first column—column (m)—has no controls,

and the other three have the same controls that were used

for the ATET estimations. The results indicate that the kit

treatment is always significant with a negative sign, and the

coefficients are similar to the results of the matching

estimations.

6 Conclusion

We provided an impact evaluation of an early warning

intervention in Peru using propensity score matching

techniques, which occurred in Picsi, a region in which

Forecast-based Financing was implemented in order to

allocate resources before an extreme climate event struck.

Special kits were provided prior to a hazard occurrence—

namely, the ENSO event—based on preselected forecasts

and climate information. The effectiveness of the FbF

program in mitigating the negative impacts of El Niño on

housing infrastructure in Picsi is supported by the findings

of the study. Our findings support the notion that treated

homes did better—with a noticeable drop in the scale of

house damage—than untreated ones.

Our results are at some point similar to the most recent

published study by Gros et al. (2019) in terms of a positive

5 A balance check using the kernel density of the propensity scores

was also made for these specifications, resulting in graphics similar to

Fig. 7. The one to one matching balancing improved as more

covariates were included. The results are available by request.
6 Additionally, the ATET was estimated using a logit model for the

propensity score. This only represents a re-escalation in terms of the

scores used for the matching process, as a logarithmic distribution

function is now applied. The effect of the Red Cross program varied

between a reduction of 0.6313 and 1.2163 in the scale of the house

damage. Because these numbers represent a slightly wider range of

the effect of the program than the ones from the probit model, the

latter were chosen as the main results in order to maintain a more

‘‘conservative’’ approach involving the purpose of this study. For the

binary treatment case—our case—in which we estimate the proba-

bility of participation versus nonparticipation, logit and probit models

usually yield similar results. As Caliendo and Kopeinig (2008)

explain, the choice is not too critical, even though the logit

distribution has more density mass in the bounds. However, when

leaving the binary treatment case, the choice of the model becomes

more important.
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impact of an early warning intervention. Nevertheless, we

only measure the effect on one outcome variable (scale of

house damage) while those authors—applying the same

PSM techniques as ours—were able to quantify the impact

on more outcomes: quality of beneficiary households’ food

intake, psychosocial stress, destitution sales of valuable

assets, and financial loans taken. As far as we know there is

a ‘‘climate awareness’’ or ‘‘prevention programs on hous-

ing assessment’’ literature gap, giving an opportunity for

further research on early warning interventions using

impact evaluation tools.

An important limitation in our study is the presence of a

lapse of time between the implementation of the kits and

the actual protection they delivered. This situation has been

addressed under the plausible assumption that no signifi-

cant physical improvement was made to the treated

households, which implies that the results found in this

paper would represent a lower boundary of the real miti-

gation effect of the kits. Further research should take into

account the possibility of periods when hazards do not

occur and integrate them in the process of data collection

and monitoring of the intervention, in order to gain preci-

sion and reduce uncertainty in subsequent estimations.

In summary, this study offers favorable evidence of an

intervention that reduces the effects of a natural hazard-

induced disaster. Interventions of this kind possess the

advantage of having a window of time to reduce the

potential consequences of disasters for society. Further

research is needed to provide more parameters of interest

for cost–benefit analysis, which is crucial to evaluate and

compare the alternatives that could reduce disaster risks,

such as in Tran et al. (2012) and Hochrainer-Stigler et al.

(2011). In this sense, the results of this study indicate a

physical impact of the FbF program, a magnitude that

could be used as a reference value for economic calcula-

tions in terms not only of measuring economic losses in

housing infrastructure, but also for contributing to better

estimations of the needed investments by developing

Table 4 Average treatment effect on the treated (ATET) houses in Picsi, Chiclayo Province, Perú

Average treatment effect on the treated (ATET) houses

(a) (b) (c) (d)

One to one - 0.7931*** - 0.7826*** - 0.8148*** - 0.7895***

(0.1782) (0.2027) (0.1902) (0.2354)

Treatment observations 29 23 27 19

Control observations 55 53 33 32

(e) (f) (g) (h)

Kernel - 0.835*** - 0.9266*** - 0.4068 - 0.6049*

(0.2574) (0.2595) (0.3422) (0.3238)

Treatment observations 29 22 22 17

Control observations 55 53 33 32

(i) (j) (k) (l)

Radius - 0.6953*** - 0.7030*** - 0.7273*** - 0.6628***

(0.1262) (0.1306) (0.1147) (0.1431)

Treatment observations 29 23 27 19

Control observations 55 53 33 32

OLS

(m) (n) (o) (p) (q)

Kit (= 1) - 0.728*** - 0.806*** - 0.858*** - 0.785*** - 0.863***

(0.132) (0.226) (0.234) (0.243) (0.249)

Observations 113 94 92 90 89

R-squared 0.215 0.205 0.210 0.224 0.243

The first column, which includes (a), (e), (i), and (n) controls for roof in poor conditions, walls in poor conditions, and access in poor conditions.

The second column, which includes (b), (f), (j), and (o) additionally controls for access to water from an unspecified source. The third column,

which includes (c), (g), (k), and (p), additionally controls for access to water and access to water from an unspecified source. The fourth column,

which includes (d), (h), (l), and (q), additionally controls for access to water, access to water from an unspecified source, and bad sanitation.

Column (m) excludes all the covariates

Standard errors in parentheses

***p\ 0.01, **p\ 0.05, *p\ 0.1
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Fig. 7 Kernel distribution of propensity scores from the probit model controlling for physical conditions of households, before and after

matching, in Picsi, Chiclayo Province, Perú
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countries—facing vulnerability to natural hazards—that

make their infrastructure more resilient and more eco-

nomically robust (Hallegatte et al. 2019).

We strongly suggest that relief agencies develop and

implement procedures to collect complete economic data

before and after their interventions, so a full economic

benefit analysis could be conducted. This kind of study will

provide the information that donors require to increase the

value of their resources when used for relief prevention

responses.
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H.O. Pörtner, D. Roberts, J. Skea, P.R. Shukla, A. Pirani, W.

Moufouma-Okia, et al. Geneva: World Meteorological

Organization.

Jiang, L. 2013. Implementation of disaster reduction measure and

enhancement of integrated risk governance in China. Interna-

tional Journal of Disaster Risk Science 4(2): 101–104.

Kamal, A.S.M.M., M. Shamsudduha, B. Ahmed, S.M.K. Hassan, Md.

S. Islam, I. Kelman, and M. Fordham. 2018. Resilience to flash

floods in wetland communities of northeastern Bangladesh.

International Journal of Disaster Risk Reduction 31: 478–488.

Kelman, I., J.C. Gaillard, J. Lewis, and J. Mercer. 2016. Learning

from the history of disaster vulnerability and resilience research

and practice for climate change. Natural Hazards 82(S1):

129–143.

Lal, P., J. Alavalapati, and D. Mercer. 2011. Socioeconomic impacts

of climate change on rural communities in the United States. In

Effects of climate change on natural resource and communities:

A compendium of briefing papers, ed. R.J. Alig, and E. Mercer,

73–118. Portland, OR: U.S. Department of Agriculture, Forest

Service, Pacific Northwest Research Station.

Lopez, A., E. Coughlan De Perez, J. Bazo, P. Suarez, B. van Den

Hurk, and M. van Aalst. 2018. Bridging forecast verification and

humanitarian decisions: A valuation approach for setting up

action-oriented early warnings. Weather and Climate Extremes.

https://doi.org/10.1016/j.wace.2018.03.006.

Mechler, R. 2005. Cost-benefit analysis of natural disaster risk

management in developing countries: Manual. Sector project

‘‘Disaster risk management in development cooperation’’.

Eschborn, Germany: GTZ (Deutsche Gesellschaft für Technis-

che Zusammenarbeit/German Agency for Technical

Cooperation).

Phong, T., and B.D. Tihn. 2010. Housing Sector considerations in

disaster risk reduction and climate change adaptation. In Climate

change adaptation and disaster risk reduction: Issues and

challenges, ed. R. Shaw, J. Pulhin, and J.J. Pereira, 291–302.

Bingley: Emerald Group Publishing.

Rademacher, Y. 2013. Community disaster management assets: A

case study of the farm community in Sussex County, Delaware.

International Journal of Disaster Risk Science 4(1): 33–47.

Rogers, D.P., and V.V. Tsirkunov. 2013. Weather and climate

resilience: Effective preparedness through national meteorolog-

ical and hydrological services. Washington, DC: World Bank.

Rosenbaum, P., and D. Rubin. 1983. The central role of the

propensity score in observational studies for causal effects.

Biometrika 70(1): 41–55.

Rossi, S., and M. Soares. 2017. Effects of El Niño on the coastal

ecosystems and their related services. Mercator, Fortaleza 16:

Article e16030.

Scott, M., N. Rosenberg, J. Edmonds, R. Cushman, R. Darwin, G.

Yohe, A. Liebetrau, et al. 1990. Consequences of climatic

change for the human environment. Climate Research 1: 63–79.

Tran, T.A., P. Tran, and T.H. Tuan. 2012. Review of housing

vulnerabililty: Implications for climate resilient houses. Discus-

sion paper series. Boulder: Institute for Social and Environmen-

tal Transition-International.

Tsonis, A. 2017. The little boy. El Niño and Natural Climate Change.

Global Warming Policy Foundation (GWPF) Report 26. London:

GWPF.

UN (United Nations). 2018. The sustainable development goals

report 2018. New York: UN.

Walshe, R., and P. Nunn. 2012. Integration of indigenous knowledge

and disaster risk reduction: A case study from Baie Martelli,

Pentecost Island, Vanuatu. International Journal of Disaster

Risk Science 3(4): 185–194.

Williston, B. 2015. The Anthropocene Project. Virtue in the age of

climate change. Oxford: Oxford University Press.

Zhang, H., T. Zhuang, and W. Zeng. 2012. Impact of household

endowments on response capacity of farming households to

natural disasters. International Journal of Disaster Risk Science

3(4): 218–226.

123

510 Aguirre et al. Early Action Mechanisms in Peru Regarding Preparedness for El Niño

https://www.inei.gob.pe/media/MenuRecursivo/publicaciones_digitales/Est/Lib1261/Libro.pdf
https://www.inei.gob.pe/media/MenuRecursivo/publicaciones_digitales/Est/Lib1261/Libro.pdf
http://www.keneamazon.net/Documents/INEI/Lambayeque.pdf
http://www.keneamazon.net/Documents/INEI/Lambayeque.pdf
https://www.inei.gob.pe/media/MenuRecursivo/publicaciones_digitales/Est/Lib1261/Libro.pdf
https://www.inei.gob.pe/media/MenuRecursivo/publicaciones_digitales/Est/Lib1261/Libro.pdf
https://www.inei.gob.pe/media/MenuRecursivo/publicaciones_digitales/Est/Lib1538/Libro.pdf
https://www.inei.gob.pe/media/MenuRecursivo/publicaciones_digitales/Est/Lib1538/Libro.pdf
https://doi.org/10.1016/j.wace.2018.03.006

	Evaluation of Early Action Mechanisms in Peru Regarding Preparedness for El Niño
	Abstract
	Introduction
	Forecast-Based Financing Intervention in Picsi, Peru
	Study Area
	The Forecast-Based Financing (FbF) Intervention

	Estimation Strategy and Methodology for the Effect of a Forecast-Based Financing Intervention
	Data and Variables
	Empirical Findings
	Probit Estimations of Receiving Treatment from the Red Cross Program
	Average Treatment Effect on the Treated (ATET) Houses in Picsi, Perú

	Conclusion
	Acknowledgements
	References




