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Abstract: In the past two decades, several floods have affected people and their properties in Burkina
Faso, with unprecedented flooding occurring in Ouagadougou in September 2009. So far, most
studies have focused on Ouagadougou and surrounding localities and have paid little attention
to other flood-prone regions in Burkina Faso. Consequently, there is a data and knowledge gap
regarding flood risk in the Haut-Bassins region, which in turn hinders the development of mitigation
strategies and risk reduction measures in affected communities. This study demonstrates how data
collected at the household level can be used to understand flood risk and its components at the
village level in this data-scarce region. Using an indicator-based method, we analyzed both flood
risk and flood risk perception at the village level. Moreover, we determined the factors influencing
flood risk perception at the household level using an ordered logit model. We found that 12 out
of the 14 villages in our sample group had experienced high levels of flood risk. The management
of runoff from the nearest urban areas as well as poorly designed civil engineering infrastructures,
such as roads, were highlighted by households as significant factors that increased their vulnerability.
Additionally, we found that the perceived flood risk consistently exceeds the estimated flood risk,
with an insignificant positive correlation between both risk indices. Regression results indicate that
flood risk perception is mainly influenced by informational and behavioral factors of households. The
findings of this study can provide valuable information to municipal and regional authorities involved
in disaster risk management within the study area. Moreover, our/this method is transferable to
other data-scarce regions.

Keywords: Burkina Faso; flood risk index; flood risk perception index; influence factors; indicator-based
method; ordered logistic modeling

1. Introduction

In the last two decades, floods have become increasingly frequent and intense in
West African Sahel countries. Numerous floods have affected the West African Sahel
region, making many people homeless, damaging important properties, and destroying
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farmlands [1–3]. In addition to these direct consequences, floods have led to disease
outbreaks [4] and caused food security issues [5]. In Burkina Faso, flood occurrences
have increased significantly to five flood events per year during the decade 2006–2016
compared to one event per year in the period 1986–2005 [6]. In 2017, floods that were
accompanied by strong winds caused the internal displacement of approximately 30,862
people in 12 out of 13 regions of Burkina Faso represented in this study [3]. The Haut-
Bassins region was the second most flood-affected region in Burkina Faso between 1986
and 2016. During this period, floods affected between 3493 and 6776 individuals, including
between 619 and 1300 who were left homeless and between 11 and 15 deaths [6]. In 2020,
all regions in Burkina Faso were affected by several flood events, destroying properties
and farmland in the Haut-Bassins region [7]. Human and economic losses associated with
this increased upward trend in flood frequency are expected to increase significantly with
global warming [8]. Economic damages from climate extremes have been detected in
climate-exposed sectors, such as agriculture, forestry, fisheries, energy, and tourism [9].
Individual livelihoods have been affected through, for example, income, human health, and
food security, with adverse effects on gender and social equity [9]. Against this background,
it becomes necessary to pay particular attention to adaptation options, including disaster
risk management, as despite progress, adaptation gaps exist across sectors and regions and
there is increased evidence of maladaptation in various sectors and regions [9].

In many African countries, the number of climate-related research publications au-
thored by local researchers is notably low compared to other regions around the world.
Studies conducted by external researchers may be less focused on local priorities due to
data availability, disparities in funding, and research leadership [10]. Moreover, flood
risk assessment is still a challenge in Burkina Faso as flood risk management is concen-
trated on the emergency response phase rather than on understanding flood characteristics
and associated impacts as a basis for sustainable adaptation strategies. In addition, most
studies that focused on flood hazards [6,11–13], flood vulnerability [14,15], and coping
capacity [16] have been performed in Ouagadougou city and surrounding localities, as a
direct consequence of the unprecedented flooding in 2009. Other regions have received
little attention, despite all regions of Burkina Faso, including the Haut-Bassins, being highly
vulnerable to floods [7]. Overall, flood risk assessment remains rudimentary at the national
level and authorities and communities mostly select flood adaptation measures without
a scientific basis. In contrast, according to the Sendai framework, any development and
implementation of disaster adaptation strategies should be based on the understanding of
all risk components [17].

Flood risk emerges from the interaction of hazard and vulnerability [18]. This defini-
tion of risk was also used to assess the risk of multi-hazard events, including floods and
droughts, in West Africa [19]. While there is a common understanding of the term hazard,
vulnerability is one of the most ambiguous terms used in disaster risk management. There
is currently no consensus on how to conceptualize and operationalize this term [18,20,21]
and scientists tend to define and frame the term according to their area of expertise [21].
Despite attempts to harmonize these different perspectives, diversity still persists and it
is crucial to specify the framework used in any study. In the context of this study, we
adopted the vulnerability frameworks of UNESCO-IHE (Institute of Water Education,
Delft, The Netherlands [22]) and MOVE (Methods for the Improvement of Vulnerability
Assessment in Europe [21]). Both frameworks describe vulnerability as the result of three
components, namely exposure, susceptibility, and resilience (UNESCO-IHE) or lack of
resilience (MOVE), respectively.

Fostering effective flood adaptation measures in African countries presents a set of
common challenges. Structural measures are largely absent and the existing ones are not
well maintained [23]. Non-structural measures, such as land use planning, early warning,
and flood insurance, are impaired by misinterpretations and a lack of coordination among
various stakeholders and decision-makers. These challenges hinder the governments’ and
local authorities’ ability to adequately support flood-prone communities. To ensure the
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successful implementation of flood adaptation measures, possible solutions have to be iden-
tified and accepted by all stakeholders. There are national as well as municipal governing
bodies that are dedicated to disaster prevention and management. Despite this infrastruc-
ture, they are reactive instead of proactive. This is largely due to the challenges posed by
quantifying flood risk, in particular due to limited data availability and the necessity of
expertise in flood disaster management, which makes it difficult for decision-makers to
make informed decisions. So far, only the study of [24], which focused on flood suscepti-
bility mapping at the Kou Valley level, was carried out in the study area. However, local
studies are crucial for identifying specific needs and implementing actions that consider
local conditions, rather than solely relying on regional and national studies. Local studies
provide a deeper understanding of flood risks and vulnerabilities associated with the local
context, which can inform more targeted and effective disaster risk management strategies.

About three-quarters of the population of Burkina Faso lives in rural areas [25]. Previ-
ous studies have mainly focused on flood disasters in urban areas of Burkina Faso [6,11–16].
Therefore, it is crucial to conduct studies in rural areas, as they are much more vulnerable to
flood disasters due to the weakness of building structures and a lack of sufficient attention
to disaster prevention and mitigation [26]. Studies conducted in rural areas of China [26,27]
on flood risk aimed to guide the layout of rescue and relief goods. Similarly, studies carried
out in rural areas of Zimbabwe [28] and in rural communities in the Oti River Basin, West
Africa [29], addressed flood risk to help determine the level of flooding and identify the
main factors contributing to flood risk. Research has been conducted in the context of
rural flood risk to contribute to the development of a new comprehensive and systematic
methodology for assessing flood risk in Nan Province, Thailand [30].

The Protection Motivation Theory (PMT) is a widely used theory to explain the risk-
reducing behavior of people against natural disasters [31]. PMT has two main components,
namely the threat appraisal and coping appraisal, with the threat appraisal also referred to
as risk perception [31]. Risk perception can be understood as the risk a person envisages.
It depends on the individual’s subjective assessment of the risk sources [32]. It results
from how they assess the likelihood of a particular hazard occurring to them and how
concerned they are about this hazard and its impacts [33]. Risk perception is widely used
to understand community responses to disaster risk [34]. According to PMT, a higher risk
perception, when combined with a high coping appraisal, may motivate people to take
protective actions aimed at reducing their risk [31], such as by acting on flood early warn-
ings, opting for insurance, undertaking precaution, adaptation or preparedness measures,
and complying with emergency protocols [34]. However, a higher risk perception when
accompanied by a low coping appraisal, can lead people to avoid taking protective actions
against the risk, which is referred to as fatalism [31]. Many studies have been conducted in
the context of flood perception risk elsewhere in different parts of the world [16,35–42].

This study focuses on the Haut-Bassins region, 1 of the 13 regions in Burkina Faso,
with substantial potential for agricultural and livestock development. This potential is
largely attributed to the abundance of water resources and the position of the region within
the climatic zone known for the highest amount of rainfall in Burkina Faso. The plains
account for 25% of the country’s rice farms, contributing about 46% of the national rice
production [43]. In addition, the Haut-Bassins region accounts for 41% of the national cotton
production [44]. Despite this economic relevance, the Haut-Bassins is considered as the
second flood-prone region in Burkina Faso [6]. Moreover, its rural poor population, heavily
reliant on rain-fed agriculture, lacks the capacity to cope with climate variability [45]. To
close the knowledge gap about flood risk in this region, this study presents a method
that allows the assessment of flood risk from the microscale (household) to larger scales
(such as the village scale). The method is particularly beneficial for developing countries
where challenges exist due to limited data availability that is required for managing flood
risk and vulnerability. This study demonstrates how data collected at the household level
provide a comprehensive understanding of flood risk assessment at the village level. We
further investigate the relation between flood risk and perceived risk and analyze the
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factors influencing flood risk perception at the household level. This study presents a
framework that could serve as an alternative for monitoring flood vulnerability and risk
across different administrative scales in Burkina Faso and other data-scarce regions.

2. Study Area and Methods
2.1. Study Area Description

The study area (Figure 1) is located in the western part of Burkina Faso. It consists of
14 villages distributed across four municipalities in the Haut-Bassins region. In total, 83,105
residents live in these villages [25], which cover an area of 5235 km2. Its rural population
has grown rapidly since the 1970s, caused by internal migration from all regions of Burkina
Faso to settle in the Kou Valley, which was developed to boost rice production. The Kou
River is one of the tributaries of the Mouhoun River (also known as Black Volta River),
the main river in Burkina Faso. The climate has two seasons, namely the dry season from
November to April and the rainy season from May to October, with an average annual
rainfall between 900 and 1200 mm. Floods typically occur in August and September due to
heavy rainfall. The annual average temperature is about 26 ◦C and the highest temperature
values are recorded between March and April.

Figure 1. Topography and location of rivers, the Samandeni dam, and the 14 villages where the
household survey was conducted in the four municipalities (Bama, Bobo-Dioulasso, Padema, and
Satiri) of the Haut-Bassins region. Only villages were surveyed that experienced floods at least once
between 2006 and 2020.
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We selected this study area based on three considerations. Firstly, these villages have
experienced several floods [6] and have been identified as being susceptible to flooding [24].
from the International Disaster Database EM-DAT confirms the occurrence of severe floods
in the study area, affecting thousands of people and their livelihoods [46]. Secondly,
extreme rainfall, the main driver of floods in Sahelian countries, is expected to increase in
the future [47,48]. Thirdly, after the commissioning of the Samandeni dam, the third largest
hydroelectric and agricultural dam in the country, some households reported that their
farmlands were increasingly flooded. As of the date of the survey used for the basis of our
study, some communities close to the dam have not complied with the relocation process
and have continued to live in flood-prone areas. This situation places these communities in
a position of potentially severe exposure to flooding.

2.2. Identification of Flood-Prone Households and Data Collection

To identify flood-prone households in the study area, we proceeded in several steps.
We firstly selected villages that had experienced flooding between 2006 and 2020. Together
with the regional authorities of CONASUR (National Council for Emergency Relief and
Rehabilitation, national institution of Burkina Faso in charge of disaster and human crises,
http://www.conasur.gov.bf/, accessed on 27 April 2021) in the Haut-Bassins, we compiled
a list of villages in the four municipalities that had experienced floods based on available
historical data. We merged this list with the one obtained from discussion with the general
secretaries of municipalities, as not all past floods were recorded in the CONASUR database.
The resulting list was used to select villages that had been flooded at least once in the last
15 years.

As a next step, we used Cohran’s formula for a finite population [49,50] to estimate a
sample size that ensures the representation of households affected by floods for a desired
confidence level. Cohran’s formula estimates the adequate sample size (n) for a given
population N as [50], as follows:

n =
(n0)

1 + (n0−1)
N

(1)

with

n0 =
Z2 pq

e2 (2)

Where Z is the Z value (e.g., Z = 1.96 for 95% confidence interval), e is the desired level
of precision, i.e., the margin of error, and p is the estimated proportion of the population
with the attribute in question. When there is no literature on p and no pilot survey has
been conducted to determine its value, p is set to 0.5, which ensures that the sample size
is representative of the characteristic of interest for which the study is carried out and
q corresponds to the opposite of p (q = 1 − p).

Then, a stratified random sampling method was used to proportionally distribute
the number of households to be interviewed to each village, according to its population
size. All households in each village were considered a homogeneous group in the stratified
random sampling process.

To facilitate data collection in the villages, we were assisted by the head of the Village
Development Council (CVD) who introduced us to households with the support of the
general secretaries of the municipalities and heads of the villages. With the agreement of
village residents, the members of the CVD are selected and operate under the supervision
of the municipal council to help prepare and implement communal development plans in
the village [51]. Members of the CVD are not part of the municipal staff and receive no
remuneration or compensation. Despite the help of CVD heads, households in sector 3 of
Soungallodaga refused to be interviewed due to their dissatisfaction with the relocation
caused by the construction of the Samandeni dam. In addition, five households were not
able to be interviewed in Bama due to time constraints that prevented the continuation
of the interview. A total of 376 valid and complete questionnaires were collected out of
381 recorded. The survey was conducted between May and June 2021. The questionnaire

http://www.conasur.gov.bf/
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was addressed to the head of the household proceeding to a face-to-face interview. The
aim of the study was explained to the respondent of the household and his or her consent
was obtained before interviewing. Respondents were at least 18 years old at the date of
the survey.

2.3. Selection of Household Flood Risk Indicators

Flood risk analysis aims to quantitatively assess the flood risk [18]. Typically, it evalu-
ates the components of risk and the capacity to reduce risk and provides risk information
to residents, municipalities, governments, and insurance companies [52].

We used a composite indicator-based method to estimate the household flood risk. This
approach is flexible, transparent, and easy to understand and use by decision-makers [53].
Furthermore, it facilities mapping and comparing vulnerability and risk across regions;
it enhances communication between the public and policymakers and it helps assess
any progress achieved [54]. It also facilitates monitoring and evaluation of flood risk, as
well as the appropriate allocation of resources for risk reduction [50]. A challenge of the
indicator-based assessment is the selection of a minimum number of proper indicators to
characterize the vulnerability of the system under study. We based our selection on earlier
studies and used indicators that were shown to be informative for assessing household
risk (Table 1). In addition, we chose the indicators in such a way that multicollinearity
was avoided [55]. Based on this deductive approach, we selected indicators for the hazard,
exposure, susceptibility, and resilience components of household flood risk.

Table 1. Indicators selected for assessing household flood risk, based on [50,55–57].

Components and
Subcomponents Description and Relevance

Hazard

Flood frequency Past flood events show that the area is flood-prone and higher
frequency of flooding implies higher risk.

Flood intensity Higher flood depth results in higher damages.

Exposure

Local exposure Elevation and proximity to the river increase the
household exposure.

Human exposure Family members injured or affected by communicable diseases by
previous flooding implies that the household is exposed.

Assets exposure
Damage to the house, loss of household goods, inundation of

agricultural land, and crops from previous floods indicates
household exposure.

Susceptibility

Socio-demographic factors
Households with female or young heads, dependent members
(children and elders), women, low literacy, or large household

size are more vulnerable to flooding.

Health conditions
Households with special needs have limited mobility in case of

emergency; longer distance to health centre
increases vulnerability.

Economic condition
Households with low or unstable income or households, which
have taken loans and do not have access to financial institutions,

are more vulnerable and recover worse from flooding.

Housing and amenities
Earthen and wood houses, elderly houses, and households

without access to drinking water, sanitary toilet, tubewell, or
electricity are more vulnerable to floods.

Land ownership

As household occupants are mostly farmers, agricultural land
supports the recovery process. Households living on rented land
have fewer options or less willingness to fortify their house, thus

increasing vulnerability.

Natural resources degradation Farmland degradation affects crop cultivation and productivity
and degradation of water quality affects human and crop health.
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Table 1. Cont.

Components and
Subcomponents Description and Relevance

Resilience

Knowledge
Better knowledge of disaster risk and understanding of flood

warnings increase the awareness and preparedness of households
in case of flooding.

Emergency preparedness
Households that have saved crops or undertaken emergency

planning are better prepared and more capable of coping
with floods.

Access to information

Households that possess phones, TV sets, radios, or
transportation means and households that received an early

warning the last time a flood occurred are more aware and better
able to receive early warning flood information and to respond

during evacuation and recovery.

Mitigation measures
Households that have taken mitigation measures after the last

flood are better aware of flooding.

Livelihood diversification

Households with members employed outside the community,
multiple-earning members, non-agriculture income, and livestock
tend to less be affected by flooding. Households that were able to

recover from the last flood using their own resources are
considered more capable to cope with flooding.

Social network

Good cooperation with neighbors; the community helps
households to scope with floods. Households living in their

community for a longer time will be aware of evacuation routes
and the geography of their locality.

Insurance Insurance increases the capacity to recover from flooding.

Land use adaptation Afforestation and increasing vegetation tend to reduce runoff.
Changes to crop types that are less vulnerable to flooding.

Attitude

Households that perceive flooding as likely and households that
believe that flooding is God’s will tend to be less prepared for
future floods. Households that tend to agree with government

policies are inclined to follow flood initiatives, increasing
their resilience.

2.4. Development of the Flood Risk Index

An indicator can be a single variable or a complex aggregate measure describing a
system or process [54]. Indicators can be formed from both quantitative and qualitative
variables. In this study, most indicators were constructed from qualitative variables ranging
from two to six classes. Data were gathered at the household level but the indicators, the
risk index, and its components were calculated at the village level (Figure 2).

The first step involved processing the data to exclude incomplete questionnaires.
Subsequently, we calculated the relative frequency of the variables used as input to the
indicators at the village level. Variables were categorized into different classes, ranging from
two (for instance, binary variables such as Yes or No) to six, based on their characteristics
relating to household vulnerability to floods. We assigned unequal weights to each class of
variables, depending on their vulnerability level. A value of one was assigned to the most
vulnerable classes, while the value zero was assigned to the least vulnerable classes. For
binary responses, the weights are zero (Yes) or one (No). For variables with three classes,
the weights were assigned as 0.33, 0.67, and 1. Similarly, we assigned weights for variables
with a higher number of classes. For instance, for variables with five classes, the weights
are 0.2, 0.4, 0.6, 0.8, and 1 [58]. Then, a linear aggregation was employed to combine all
classes of variables into a single score. This linear aggregation can be expressed as follows:

V =
n

∑
j=1

wiKi (3)

where wj represents the weight assigned to class j of the variable and Kj corresponds to the
relative frequency of class j of the variable. V is the score of the variable, n is the number of
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classes for the variable, and the value score of each indicator is the arithmetic average of V
for the variables that make up the indicator. The indicator score is expressed as

X =
1
m
(V1 + V2 + · · ·+ Vm) (4)

where X represents the indicator score and m denotes the number of variables included
in the indicator. After constructing the indicators, they were normalized to a range of 0–1.
This normalization process is essential because the indicators are measured in different
units and on different scales. The normalization is expressed as

XN =
(X − min(X))

max(X)− min(X)
(5)

where X refers to the original indicator and XN is the normalized indicator. After normal-
ization, we applied the equal weighting method to assign weights to the indicators. The
equal weighting method is straightforward, easy to reproduce, and eliminates any potential
for subjective interpretation [54,59].

Figure 2. Flowchart of how the flood risk index at the village level was calculated from variables
collected at the household level.

After weighing the indicators, four composite indicators representing the hazard,
exposure, susceptibility, and resilience components were calculated using the arithmetic
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average as a linear aggregation method. Following this, the Flood Risk Index (FRI) [50,60]
and Flood Vulnerability Index (FVI) [59] were computed, as follows:

FRI =
1
4
(H + E + S + (1 − R)) (6)

and
FVI =

1
3
(E + S + (1 − R)) (7)

where H, E, S, and R denote the hazard, exposure, susceptibility, and resilience component,
respectively. The term “1 − R” indicates “lack of Resilience”. To represent the risk and the
risk components of a certain village verbally, we transformed the numeric values, which
range from 0 to 1, according to Table 2 [28].

Table 2. Transformation of numeric values of risk and its components (hazard, exposure, susceptibility,
lack of resilience, and vulnerability) to five semi-quantitative levels from ‘very low’ to ‘very high’.

Levels of Measurement

Risk and Its
Components

1–0.8 0.8–0.6 0.6–0.4 0.4–0.2 0.2–0
Very high High Moderate Low Very low

2.5. Risk Perception and Flood Risk Perception Index

Managing and communicating flood risks necessitates a strong understanding of how
people perceive risk [35]. Therefore, examining flood risk perception has become crucial
for implementing effective measures against flood disasters.

Unlike the risk index, which was estimated using the indicator-based method, risk
perception was collected directly during the survey. We asked the respondents how
they assessed the risk of flooding in their household by assigning their risk to either
“Not at all”, “very low”, “low”, “medium”, “high”, or “very high”. After processing
the data, we observed that all the households surveyed perceived their flood risk level
as either “medium”, “high”, or “very high”. To enable comparisons at the village level
between the flood risk estimated from indicators and the flood risk perception directly
rated by households, we employed the flood risk perception index [39,61]. This index was
introduced to evaluate the flood risk perception of rural households in China, using four
indicators: likelihood, fear, impact, and awareness [39,61]. Researchers [34,36] in Pakistan
have developed a flood risk perception index using more than four indicators. Hence, there
is no consensus on how flood risk perception should be represented by an index.

In this study, the flood risk perception index at the village level was constructed
directly using the single flood risk perception variable. The households rated the perception
variable. The flood risk perception index was constructed in two steps. We first transformed
the classes “medium”, “high”, and “very high” of the flood risk perception variable to 0.6,
0.8, and 1. Then, the Flood Risk Perception Index (FRPI) was calculated for each village,
as follows:

FRPI =
1
n

n

∑
i=1

Si (8)

where Si corresponds to the different flood risk perceptions (0.6, 0.8, or 1.0) of the house-
holds and n denotes the number of households being interviewed in each village.

2.6. Determinants Influencing Flood Risk Perception

Flood risk perception varies between individuals and between communities [34,62].
The contextual factors include culture, history, government policy, religion, trust in govern-
ment, and public protection measures [62].

To identify the determinants of the household flood risk perception, an ordered
logistic model was used. The model establishes a relationship between the flood risk
perception y, corresponding to one of the three states “medium”, “high”, or “very high”,
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and the influencing factors. The model parameters were estimated applying the maximum
likelihood statistic. The unobservable variable y∗ is the latent variable corresponding to the
dependent variable y, X is the set of influencing factors, β is the corresponding vector of
parameters to be estimated, and ϵ is the term error of the logistic distribution:

y∗ = βX + ϵ (9)

Considering the critical values α1 ≤ α2 ≤ α3 to be estimated, the relationship between
y∗ and y depends on whether y∗ is greater or smaller than the given critical value, that is, if
y∗ ≤ α1, risk perception is low (y = 1); if α1 ≤ y∗ ≤ α2 , risk perception is medium (y = 2);
and if y∗ > α2 , risk perception is high (y = 3). The response probability of the dependent
variable is given by [63], as follows:

P(y = 1) = P(y∗ ≤ α1) = P(βX + ϵ ≤ α1) = Φ(α1 − βX)
P(y = 2) = P(α1 < y∗ ≤ α2) = Φ(α2 − βX)− Φ(α1 − βX)

P(y = 3) = P(y∗ > α2) = 1 − Φ(α3 − βX)
(10)

To ensure a good model fit and to test whether the model is meaningful, we applied
the likelihood ratio test, which is a hypothesis test used to choose the best model out
of several nested models [64]. The multicollinearity test was also performed to avoid
a high intercorrelation amongst the covariables. Finally, the Wald test was applied to
determine the significance of individual regression coefficients [64], i.e., to access whether
an independent variable has a significant effect on flood risk perception. We assumed a
threshold of 0.1, i.e., variables with a probability lower than 0.1 are assumed to significantly
influence risk perception.

Unlike the linear regression model, the interpretation of coefficients from a logistic
regression is not straightforward because the coefficients cannot directly be used to quantify
the relative effect or impact of the covariables on the dependent variable. Instead, the
sign of the coefficients is used to evaluate whether the covariables impact negatively or
positively the dependent variable. Thus, we used the odds ratio (OR) and the elasticity
to quantify the effect of the covariables. An Odds is defined as the probability of an event
occurring divided by the probability of that event not occurring:

Odds =
P

1 − P
(11)

where P denotes the probability of an event to occur. The OR is defined as the ratio of
two Odds values. In the logistic regression, the OR of a covariable Xi can be calculated
as follows:

OR = exp(βi) (12)

Here, βi is the coefficient associated with Xi. When Xi is a categorial variable with
m categories (from Xi,1 to Xi,m), assuming all other covariables remain constant, the OR
compares the odds of an event occurring for each subsequent category (from Xi+2 to Xi+m)
relative to reference category Xi,1. A value of OR > 1 implies that the odds of the dependent
variable occurring, given a unit increase in the independent Xi, are multiplied by the value
of the OR. An OR smaller than one indicates that the odds of the dependent variable
occurring, given a unit increase in the independent variable Xi, are reduced by the value of
the OR [63].

In addition to the OR, we employed pseudo-elasticity to measure the impact of changes
in independent variables on flood risk perception. For discrete variables, pseudo-elasticity
EPnk

Xnk
is defined as [63,65,66]:

EPnk
Xnk

=
Pnk[given Xnk = 1]− P[given Xnk = 0]

P[given Xnk = 0]
(13)
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Here, the pseudo-elasticity value EPnk
Xnk

represents the percentage change in the proba-
bility Pnk of flood risk perception of the nth household for the kth independent variable,
from a vector X of independent variables. The pseudo-elasticity is computed for each
household individually. To estimate the pseudo-elasticity for all households, the average
pseudo-elasticity is calculated [65].

3. Results
3.1. Assessment of Flood Risk Components

Out of the 14 villages in the study area, 13 are characterized by high to very high
hazard of flooding (Figure 3a), apart from a village in the northern part where the flood
hazard is moderate. The villages most exposed to flooding are located in the west-central
region (Figure 3b). Lahirasso (village 11), with an exposure score of 0.56, exhibits the lowest
flood exposure due to the lowest human exposure among all villages as well as low assets
exposure. Tanwogma (village 7) and Seguere (village 10) have the highest exposure scores
(>0.8), as both residents and their assets are strongly exposed to floods. However, the local
exposure in Tanwogma is not as high as local exposure in Seguere. Food susceptibility is
moderate with values of the susceptibility indicator ranging from 0.47 to 0.58 across all
villages (Figure 3d). This small variation indicates that susceptibility to flooding is not
statistically different from one village to another. In all villages, except for Lahirasso (village
11) and Nematoulaye (village 12) in the northern area, households show a moderate lack of
resilience (Figure 3e). Lack of resilience ranges from 0.48 to 0.66, with the highest values
for Lahirasso (0.66) and Nematoulaye (0.63). In both villages, none of the residents have
subscribed to health or agricultural insurance and a small proportion of residents have
knowledge about flooding and warning systems.

Figure 3. Scores of flood risk and its components for the flood-prone villages in the study area. Red
(1–0.8), orange (0.8–0.6), yellow (0.6–0.4), light green (0.4–0.2), and green (0.2–0) colors denote very
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high, high, moderate, low, and very low, respectively. Numbers denote villages: 1: Bama,
2: Badara, 3: Banahorodougou, 4: Banakeledaga, 5: Desso, 6: Lanifiera, 7: Seguere, 8: Soungallodaga,
9: Souroukoudougou, 10: Tanwogma, 11: Lahirasso, 12: Nematoulaye, 13: Santidougou, and
14: Kadomba. The purple dot shows the location of the dam of Samandeni. The spectrum from green
to red symbolizes a range from very low to very high degrees of risk and its components. Light
green, yellow, and orange colors denote, respectively, low, moderate, and high degrees of risk and its
components. Specifically, green signifies very low scores for hazard (a), exposure (b), vulnerability
(c), susceptibility (d), lack of resilience (e), and risk (f). Conversely, red indicates very higher scores.
Additional data is available in Supplementary Materials.

Flood vulnerability, composed of exposure, susceptibility, and lack of resilience, scores
from 0.56 to 0.66 (Figure 3c) from moderately to highly vulnerable. Overall, 50% of the
villages are classified as moderately vulnerable and the other 50% are classified as highly
vulnerable to floods. Again, the variation across the villages is small. Combining the
hazard and vulnerability indicators shows that flood risk is high throughout the study
area (Figure 3f), except for Lahirasso (village 11) and Banakeledaga (village 9). These two
villages show moderate risk, mainly due to low values of hazard and susceptibility for
Lahirasso, and low values of susceptibility and lack of resilience for Banakeledaga. About
93% of the surveyed households live in the 12 villages with high flood risk. High risk
is mainly a consequence of high values of hazard and exposure, whereas susceptibility
and lack of resilience are predominately moderate throughout the study area. Overall, the
variation in the flood risk index is rather small, ranging from 0.55 to 0.68.

3.2. Flood Risk Perception, Flood Risk Perception Index, and Link with Flood Risk Index
3.2.1. Perception of Flood Risk by Households

Unlike flood risk assessed using the indicator-based method, the head of household
was asked directly about their perception of flood risk. In total, 14.4%, 26.6%, and 59% of
households perceived flood risk as medium, high, and very high, respectively (Figure 4).
The highest are found for Kadomba (village 14), where 85% of the households perceived
the risk of flooding as very high.

Figure 4. Households’ perception of flood risk in their respective villages.
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3.2.2. Link between the Flood Risk Perception Index and the Estimated Flood Risk Index

The flood risk perception index at the village level, directly calculated from the risk
perception of the households, consistently exceeds the risk index derived from various
indicators (Figure 5). FRPI ranges from 0.81 to 0.97, while FRI does not reach 0.8 in any
village. An explanation for the much higher values of FRPI is that the households believed
that they would receive assistance from government and non-governmental organizations
when they rated the flood risk as high. During the survey interview, some households
inquired about the likelihood of receiving support from national authorities. FRI and
FRPI are correlated (Pearson correlation coefficient: 0.38), although this correlation is
not statistically significant (p-value = 0.18). The R-squared value, which indicates the
proportion of the variance of FRI that is explained by FRPI is low, with a value of 0.14.

Figure 5. Relationship between the flood risk index (FRI) and the flood risk perception index (FRPI) for
the 14 villages. Numbers denote villages: 1: Bama, 2: Badara, 3: Banahorodougou, 4: Banakeledaga,
5: Desso, 6: Lanifiera, 7: Seguere, 8: Soungallodaga, 9: Souroukoudougou, 10: Tanwogma,
11: Lahirasso, 12: Nematoulaye, 13: Santidougou, and 14: Kadomba.

3.3. Analyzing Factors Influencing Household Flood Risk Perception

We used the ordered logistic model to determine the influence of various factors on
the households’ perception of flood risk.

The results of the regression revealed that being female as the head of the household
positively influences the household’s perception of flood risk (OR = 1.98, pseudo-elasticity
= 12.6%). It implies that a female household head is approximately twice as likely to
perceive a very high flood risk compared to a male household head. Elasticity analysis
indicates that when the household head changes from a man to a woman, the probability
of perceiving flood risk as very high increases by 12.6% on average.

We found that households that perceived themselves as being located in a flood-
prone area had a higher perception of flood risk (OR = 1.88). Households in flood-prone
areas were approximatively twice as likely to perceive a very high flood risk compared to
those living outside flood-prone areas. The elasticity analysis also showed that living in a
flood-prone area or moving from a safe location to a flood-prone location, influenced their
perception of risk, increasing the probability of perceiving flood risk as very high by 12.4%
on average. For instance, some of the households in Soungallodaga (village 8, Figure 3)
reported in the interview that they were relocated to a flood-prone area compared to their
original location because there was no drainage system for runoff in the village. Similarly,
some households in Bama (village 1, Figure 3) reported that the drainage system was not
maintained, so their residences became flood-prone.

Conversely, being informed by the media about self-protection against flooding re-
duced the household flood risk perception (OR = 0.44 and pseudo-elasticity = −16.1%).
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This suggests that households informed by the media may learn how to implement pre-
paredness measures, thus reducing their concern about flood impacts. Having applied
self-protection measures against flooding decreases the probability of households perceiv-
ing flood risk as very high (OR = 0.24 and pseudo elasticity = −24.2%). This indicates that
these households tend to believe in the efficacy of these measures.

Believing that self-protection can diminish flood impacts reduced flood risk perception.
Households that believed in self-protection as an efficient measure against floods perceived
lower flood risk (OR = 0.61). Similarly, the elasticity analysis revealed that believing in
self-protection reduced the probability of perceiving flood risk as very high by 10.6% on
average. These results indicate that households may believe in the efficacy of self-protection
measures, which is an important factor in motivating people to adopt protective behaviors.

The intention to migrate to less flood-prone areas due to anticipated increases in flood
risk is negatively correlated to household flood risk perception (OR = 0.54). The elasticity
analysis also reveals that households intending to migrate were associated with a lower
likelihood of perceiving flood risk as very high by 12.6% on average. From these results,
we conclude that, even though households fully understand the level of flood risk they
face, it is hard for them to accept a decision to move as a self-protection option. However,
despite the expectation of increasing flood risk, about 65.2% of the households did not
show interest in migrating. This may be explained by a lack of knowledge about suitable
places to move to. Additionally, they might have heard negative reports about the relocated
villages prior to the construction of the Samandeni dam, leading them to avoid situations
similar to those experienced by the relocated households. Moreover, a decision to migrate
could significantly affect the traditions and culture of communities, which are a heritage
passed down from generation to generation that some households are not prepared to lose.

Households expressed a need to increase their capacity for self-protection measures.
The effectiveness of the training diminished as the frequency of these sessions reduced.
Households receiving monthly training showed a higher perception of flood risk, compared
to those who received training bi-annually (OR = 1.89). Similarly, households who received
monthly training experienced a 12.6% increase in the likelihood of perceiving flood risk
as very high, compared to those with bi-annual training. This indicates that households
receiving bi-annual training in self-protection measures tend to underestimate flood risk
compared to those receiving monthly training.

Households that preferred flood barriers as self-protection measures had a lower
likelihood of perceiving flood risk as very high, compared to those who preferred dikes
(OR = 0.54 and elasticity = −12.5%). Additionally, households that preferred adapting
land use in flood-prone areas, adopting better self-protection measures, and receiving early
warnings from authorities had a lower (OR = 0.36 and elasticity = −19.5%) likelihood to
perceive flood risk as very high, compared to those who preferred dikes.

Our data showed a positive correlation (OR = 1.88 and elasticity = 13%) between the
preference for subscribing to health or agriculture insurance and flood risk perception.
However, this influence is small and not statistically significant. Moreover, having experi-
enced floods more than once is positively correlated with flood risk perception (OR = 1.14,
elasticity = 2.8%) but this correlation is not statistically significant. Figure 6 summarizes the
impact of the factors influencing household flood risk perception.
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Figure 6. Odds ratio (blue) and pseudo elasticity (red) of the factors influencing household flood
risk perception. Social factor includes gender, while geographical factor includes residence in a
flood-prone area. Informational factors encompass being informed by media about self-protection
and having applied self-protection measures. Contextual factors include believing in self-protection
measures. Behavioral factors include intention to migrate, flood training frequency, preference for
flood barriers, adapting land use, better self-protection, and early warnings. Cognitive factors include
insurance and having experienced a flood.

4. Discussion

This study evaluated the flood risk faced by the rural households in flood-prone
villages within four municipalities in the Haut-Bassins region, Burkina Faso. Results
indicate a spatial variation in household flood risk within the study area, with levels ranging
from moderate to high levels. Furthermore, the study analyzed the factors influencing food
risk perception using an ordered logit model.

4.1. Household Flood Risk Assessment

The level of flood hazard is uniform (high) across the villages, with the exception
of the two villages Lahirasso (village 11, medium) and Kadomba (village 14, very high).
This uniformity is attributed to the fact that the villages are rather close to each other
and located within the same valley. Households in Lahirasso reported that flooding
primarily occurred around the periphery of the village and occasionally reached residential
areas. Residents of Kadomba and Santidougou (village 13) reported that the flood hazard
increased significantly after asphalting the national road through the village linking Bobo-
Dioulasso and Dédougou cities. They attributed this increase to the narrow bridge spanning
the river, which they believe directs runoff water from heavy rainfall toward the village,
possibly causing inundation. Many households mentioned that their properties were
located at a lower elevation than the newly asphalted road. The elevated road disrupts the
natural runoff system, leading to water stagnation, which in turn exacerbates the risk of
flooding within the village.
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Flood exposure is high in 11 villages, very high in two villages (Seguere, village 7;
Tanwogma, village 10), and medium in Bama (village 1). Distance to the river is one of
the commonly used determinants in assessing flood exposure and risk [67,68]. However,
there is not a distinct distance from which exposure to floods is low [69]. We observed that
there was not a single factor that dominated the level of household exposure, given the
different indicators (local, human, and assets exposure) that contribute to flood exposure.
The Government of Burkina Faso has listed Seguere as one of the villages scheduled
for relocation, due to the expansion of agricultural development, particularly for rice
cultivation, facilitated by the construction of the Samandeni dam.

Flood susceptibility is medium across the entire study area. Housing amenities and
natural resource degradation were particularly important in affecting susceptibility. Key
indicators, which included residences, their farmland, and the quality of their water
resources, significantly influenced flood susceptibility, accounting for roughly 47% of the
total indicators. As old houses built from mud bricks are more susceptible to flooding [55],
it becomes evident that housing conditions and access to basic amenities significantly
influence flood susceptibility. In particular, households without access to clean water and
sanitary facilities were more susceptible to floods. Specific instances were highlighted in
Banahorodougou, Desso, and Souroukoudou (villages 3, 5, and 9), located near the city of
Bobo Dioulasso. These villages have experienced frequent floods over the years, leading
to the erosion of sediment from city areas onto farmlands. This process has rendered
several hundred hectares unsuitable for agriculture. Furthermore, households that rely
on wells for their drinking water reported a decrease in water quality following floods.
This deterioration escalates the risk of communicable diseases, posing a serious public
health concern.

Most villages showed a moderate lack of resilience, apart from Lahirasso and Ne-
matoulaye (villages 11 and 12), with a high lack of resilience. Nematoulaye, located in a
rice-growing lowland area, is particularly vulnerable to flooding. The head of the village
communicated that the community had agreed to move to less flood-prone areas with
government support once the survey was completed. However, the ability of households
to cope with floods can be diminished by a lack of disaster knowledge, emergency pre-
paredness, and/or low insurance coverage. Particular attention should be paid to these
aspects to improve the ability of households to cope with floods.

Flood vulnerability is medium in 50% of villages and high in the other 50%. The
most vulnerable households are typically located in rice-growing lowlands where flood
hazards are expected to be high. However, households in Banahorodougou, Banakeledaga,
Desso, and Souroukoudougou (villages 3, 4, 5, and 9; Figure 3) have indicated that in recent
years, floods in their villages were primarily caused by the management of runoff from
the urban area of Bobo-Dioulasso. Furthermore, households in these villages reported
that hundreds of hectares of farmland have become unsuitable for agriculture due to the
sedimentation caused by runoff from the drainage systems of Bobo-Dioulasso. Therefore,
the vulnerability assessment of these villages depends on the management of the urban
areas of Bobo-Dioulasso. These findings align with another study [70], which proposed a
theoretical and conceptual framework that considers urban–rural linkages in rural vulner-
ability assessments. This conceptual framework suggests that the flood vulnerability of
rural areas should not be assessed independently but should be connected with the nearest
urban areas, which is key to reducing the vulnerability of these villages [70]. Further-
more, poorly designed civil engineering infrastructures, such as roads, were highlighted
by households as a significant factor increasing the vulnerability of households in Santi-
dougou and Kadomba (villages 13 and 14, Figure 3) traversed by a national road connecting
Bobo-Dioulasso and Dédougou.

Most of the villages experienced high levels of flood risk, except for Banakeledaga
and Lahirasso (villages 4, 11) with moderate flood risk. Flood hazard and exposure were
key components contributing to high risk levels. The lower scores for susceptibility and
lack of resilience that we find in our study area suggest that households have increasingly
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adapted to floods. The degree of flood risk was considered moderate due to the elevated
location of the village.

We found a positive, but insignificant correlation (p = 0.38) between the flood risk
index and the flood risk perception index. The study of [56] found a significant positive
correlation for urban communities. More studies are needed to understand whether these
different results are linked to the different environments (urban versus rural area).

4.2. Factors Influencing Households’ Flood Risk Perception

Our results show that the flood experiences of households and their implementation
of self-protection measures played a significant role in reducing the perception of flood risk.
Their flood experience amplified their perception of flood risk. To mitigate this risk, they
took measures to reduce flood risk. Learning self-protection practices from the media can
effectively decrease household flood risk.

Many households believed that self-protection measures could minimize flood risk.
With a growing skepticism toward national disaster risk management, households increas-
ingly turned to self-management of flood events. As the rainy season drew near, residents
began to organize and clean the drainage system of the community. Self-protection mea-
sures had proven to be the most effective mitigation strategy up to the 100-year return
period [71]. Beyond this point, its effectiveness declines significantly [72]. These findings
suggest that coordinating self-protection efforts by authorities could substantially improve
flood risk mitigation.

Households perceived relocation as an effective flood mitigation measure. However,
the implementation of relocation measures should be carefully considered, as several
African countries have encountered many difficulties in its implementation [72]. For
instance, after the unprecedented floods of 2009 in Ouagadougou, the relocation program
of the government turned into a challenge for the government and not into a solution.
Renters, who were a portion of the victims, were excluded from a resettlement site at
Yagma, located about 20 kilometers from Ouagadougou [73]. This site, chosen without
considering amenities and livelihood opportunities, lacked essential services such as water
and electricity; health clinics and secondary schools were too far, transportation was scarce,
and economic opportunities were limited [73]. Thus, any relocation program must carefully
ensure that it does not become a source of injustice. This is in line with a study in Africa
and Asia [72] reporting that relocation typically generates winners and losers. The new site
could offer opportunities for some new settlers, whereas others could lose their customers,
businesses, or employment. It also argued that governments and aid agencies should be
better informed about flooding, its characteristics and impacts, and the degree of people
resisting shocks before proceeding to any flood relocation.

We found that women perceived a higher flood risk compared to men. Our finding
agrees with [74], which also stated that women perceived higher levels of flood risk. Gen-
der inequality is higher in countries where both legal and cultural differences between
genders are strong [75], as is the case in Burkina Faso. In Burkina Faso, gender inequality is
mainly attributed to the socio-cultural weights of tradition rather than to legal factors [76].
Men and women have the same rights in both the private and public sectors. However, it
remains challenging for women to be leaders in their communities, especially in their roles
as guardians of tradition and lands. Before performing regression analysis, we conducted a
correlation analysis of each factor with flood risk perception. The results showed no signifi-
cant link between socio-economic factors, including household head schooling (p = 0.58),
household occupation (p = 0.33), household income (p = 0.88), and flood risk perception.
Therefore, we concluded that these factors should not be considered in the ordered logit
regression. Other studies also found only insignificant effects of socioeconomic factors,
including education, occupation, and income, on flood risk perception [35,41,74,77].
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5. Limitations

This study acknowledges its limitations. While the indicator-based approach is simple
and effective for monitoring flood risks, it fails to estimate flood losses and lacks insight
into vulnerability dynamics. Specifically, it cannot provide estimates of building and
contents losses nor address future human–flood interactions, including potential changes
in vulnerability. Furthermore, the analysis of factors influencing the perception of flood
risk could be improved. The concepts of threat appraisal, referred to as risk perception,
and coping appraisal are two factors of the Protection Motivation Theory, but this research
does not consider coping appraisal. Given the relationship between flood risk perception
and flood coping appraisal [31], understanding how households might respond based on
their coping appraisal in relation to their flood risk perception is essential. Therefore, the
Structural Equation Modeling framework is a suitable choice, as it is particularly useful
for testing complex relationships simultaneously in a single model, rather than employing
multiple models [78–80].

6. Conclusions

To our knowledge, this work is the first study in the Hauts-Bassins region to provide
detailed insights into actual and perceived flood risk using household-level data. The
national disaster risk management agency lacks data about the risk of flooding. Therefore,
our approach to household surveys is considered a viable option to fill this knowledge gap.

Our study provided essential knowledge about the flood risks faced by households at
the village level and determined the factors that influenced household flood risk perception.
Our findings revealed that the drainage system in certain areas of Bobo-Dioulasso city
directly impacted the flood risk levels in nearby villages and the vulnerability of their
inhabitants. Additionally, the construction of road infrastructures, particularly during the
asphalting phase of the road connecting Bobo-Dioulasso and Dédougou, was identified as
a potential driver that may have contributed to increased flooding in some villages. We
found a positive but weak correlation between the estimated flood risk and the perceived
flood risk. Our results suggest that households may overestimate flood risk compared to
the more objective approach of using an indicator-based method. Informational factors,
such as being informed by media about self-protection and having applied self-protection
measures, along with behavioral factors like the intention to migrate, flood training fre-
quency, preference for flood barriers, adapting land use, better self-protection, and early
warnings, have been found to strongly influence perceptions of household flood risk.

Very little research on natural hazards has been conducted in Burkina Faso and
even less has been conducted in our study area. Our findings can serve as a starting
point for developing effective risk reduction and climate adaptation strategies. Future
work should consider exploring multi-variable flood loss models for residential buildings
and contents [81,82], as well as paying attention to how floods interact with and affect
vulnerability using the socio-hydrological modeling approach [83]. This may help to
overcome the reactive approach of the national disaster risk management agency in Burkina
Faso and foster a more proactive flood risk management.

Supplementary Materials: The following supporting information can be downloaded at
https://www.mdpi.com/article/10.3390/cli12060080/s1: Table S1. The scores of variables and
indicators are calculated and used to estimate risk and its components. Numbers denote villages: 1:
Bama, 2: Badara, 3: Banahorodougou, 4: Banakeledaga, 5: Desso, 6: Lanifiera, 7: Seguere, 8: Soungal-
lodaga, 9: Souroukoudougou, 10: Tanwogma, 11: Lahirasso, 12: Nematoulaye, 13: Santidougou, 14:
Kadomba. Table S2. Each class of variables is assigned an unequal weight. These weights are then
multiplied by the corresponding relative frequencies of the variable classes. Finally, the average of the
scores of the classes of the same variable determines the contribution to the indicator’s construction.
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